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ACP-ESM2: Enhancing Anticancer Peptide
Prediction With Pre-Trained Protein

Language Models
Shun Gao, Yan Xia, Xingfeng Li , Feifei Cui , Qingchen Zhang , Quan Zou , and Zilong Zhang

Abstract—Anticancer peptide (ACP) are short peptides with
anti-cancer properties that have generated increasing attention in
recent years due to their low toxicity, minimal side effects, and
their ability to precisely target and kill cancer cells. Traditionally,
identifying ACP has relied on experimental methods, which are
time-consuming and labor-intensive. While deep learning-based
prediction methods have made significant progress, there is still
room for improvement in achieving optimal performance. In this
study, we present ACP-ESM2, a deep learning framework based
on the Evolutionary Scale Modeling 2 (ESM2) pre-trained model,
which captures rich evolutionary information from protein se-
quences. By combining ESM2 with convolutional neural network
(CNN) that excels at detecting local patterns, ACP-ESM2 offers
a highly accurate tool for ACP prediction. The experimental re-
sults indicate that ACP-ESM2 shows significant improvements
over best-existing recognition techniques on the Test1 set, with
enhancements of 2.3% , 7.2% , 12.6% , and 5% in ACC, SN, SP, and
MCC, respectively. Notably, on the Test2 set, ACP-ESM2 achieves
an accuracy of 97.6% , showcasing its exceptional robustness. This
establishes ACP-ESM2 as an efficient and precise tool for predicting
anticancer peptides.

Index Terms—Anticancer peptide, ESM2, CNN-attention, ACP
predictor.

I. INTRODUCTION

CANCER is a disease caused by pathological changes in
cell division and has become a leading cause of death

worldwide [1], [2], [3], [4]. It not only poses a severe threat to
human health but also greatly diminishes patients’ quality of life.
Conventional treatment methods mainly employ methods such
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as chemotherapy and radiotherapy, in which the spread of cancer
cells is inhibited by the use of chemical drugs, or local treatment
is carried out using radiation. However, although these methods
can play a therapeutic role to a certain extent, they also bring
serious side effects to patients and are expensive to treat [5], [6].
In recent years, Anticancer peptide (ACP) have attracted much
attention due to their highly selective killing effect on cancer
cells while causing less damage to normal cells [7]. ACP are able
to precisely target cancer cells, thus improving the therapeutic
effect and reducing the adverse effects on patients in the process
of treatment, which provides new ideas and methods for cancer
treatment [8], [9].

ACP are proteins with anticancer properties, usually short
peptides containing 5–50 amino acids. ACP exerts its main
effects by interacting with cell membranes and inducing their
cleavage or permeation [10]. In addition, some ACP exhibit a
variety of other mechanisms of action, including inhibition of
angiogenesis, induction of apoptosis in tumor cells, targeting of
essential cell proteins, and recruitment of immune cells [11].
Traditionally, identifying ACP has relied on experimental meth-
ods, which are time-consuming and labor-intensive. With the
rapid development of machine learning techniques, numerous
prediction tools have been developed to accelerate research in
this field [12].

Most of these methods use manual feature extraction, such
as ACPred which utilizes the manual sequence-based feature
combination combined with a support vector machine (SVM) to
predict ACP [13]. Similarly, Vinothini Boopathi et al. developed
mACPred, which uses sequence composition information and
physicochemical properties as feature sets, leveraging SVM and
Random Forest (RF) algorithms for predictive analysis [14]. In
addition, Huang et al. developed a method for detecting ACP
by analyzing sequence features and physicochemical properties,
again using SVM as the underlying algorithm [15]. MLACP 2.0
constructs a meta-model by combining multiple encoding meth-
ods and various machine learning classifiers to predict anticancer
peptides [4]. mACPpred 2.0 employs a stacked deep learning
strategy, integrating 1D convolutional neural network modules
and hybrid features to enhance the accuracy of anticancer peptide
prediction [16]. ACPredStackL utilizes a stacking ensemble
strategy, combining SVM Naive Bayes, LightGBM, and KNN
to optimize the performance and stability of anticancer peptide
recognition [17].
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TABLE I
THE TRAINING SET AND TEST SET FOR ACP

In recent years, with the improvement of computational
performance, deep learning methods have been developed,
which do not require tedious manual fetching and extraction
of features to represent the input data as compared to machine
learning methods [18], [19], [20]. With its good scalability and
adaptability, deep learning has been developed to solve problems
related to biological sequences [21], [22]. For example, ACP-
MHCNN uses a multi-head deep convolutional neural network
to effectively capture and combine discriminative features from
diverse data inputs in an interactive manner for ACP recognition
[23]. Han et al. proposed a deep learning-based ACPred-BMF
predictor for ACP prediction based on a peptide sequence rep-
resentation and a bidirectional LSTM neural network frame-
work [24]. Furthermore, ACP-2DCNN utilizes the Dipeptide
Deviation from Expected Mean (DDE) method to extract key
features, followed by a two- dimensional convolutional neu-
ral network (2DCNN) technique for ACP classification [25].
Recently, Yang et al. proposed a Comparative ACP Predictor
(CACPP) approach, which is an innovative method that utilizes
CNN and employs the principle of comparative learning for
predicting ACP [26]. Wang et al. developed iACP-DFSRA, an
anticancer peptide recognition model based on a dual-channel
fusion strategy combining ResCNN and Attention mechanisms
[27].

Although existing machine-learning methods have made
some progress in ACP prediction, there is still room for im-
provement. Most approaches rely on manually extracted fea-
tures, which require extensive domain knowledge and are time-
consuming, as selecting the best features for a specific problem
can be challenging. Additionally, handcrafted features often fail
to capture the full complexity of the data, limiting their applica-
bility and accuracy. While deep learning techniques have shown
promise in automating feature extraction and handling complex
data, current research mainly focuses on traditional methods and
has yet to leverage the potential of the latest pre-trained models
fully. Therefore, we propose a novel approach: the ACP-ESM2
architecture, which is based on the pre-trained ESM2 model
[28] with CNN to more accurately differentiate between ACPs
and non-ACPs. First, we utilized ESM2 to process ACP se-
quences, extracting key sequence features rather than relying on
traditional manual feature selection. This approach enables us
to gain a more comprehensive understanding of the important
information in ACP sequences, laying a solid foundation for
subsequent prediction tasks. Secondly, we introduced these ex-
tracted features into CNN for further deep learning, effectively
capturing local patterns and improving the accuracy of ACP

prediction. In addition, we incorporated an attention mechanism,
allowing the model to focus on features most relevant to the
prediction task. This method of integrating the ESM2 model
with the CNN network maximizes their respective advantages,
achieving accurate predictions of ACP. Empirical evidence has
demonstrated that our approach yields good results in ACP
prediction.

II. METHODS AND MATERIALS

A. Datasets

To assess the performance of our model against state-of-the-
art methods, we utilized the dataset compiled by Bian et al.,
which consists of a training set, test set one, and test set two
[29]. The training set and test set one were sourced from Can-
cerPPD [30], APD3 [31], and SATPdb [32]. Next, the Seqkit
tool was used to extract sequences ranging from 5 to 50 in
length, retaining only those sequences that could access the
PSSM matrix through the PSI-BLAST[33] tool, and CD-Hit [34]
was employed to eliminate sequences with over 90% homology.
In order to test the generalization ability of the model, the test
set constructed by Agrawal et al. was used as Test Set Two, as
done by Bian et al., and it was similarly processed as described
above [35]. Table I summarizes the training and test sets used
for ACP prediction.

B. The Architecture of the Proposed Method ACP-ESM2

Fig. 1 illustrates the comprehensive framework of our pro-
posed model, which is divided into four main modules: The
ESM2 module, the CNN with self-attention module [36], the
classification module, and the web server module. Firstly, the
ESM2 module receives the original amino acid sequenceas
input and encodes and extracts features from it. With the ESM2
module, we can efficiently extract critical feature details from
the sequence, and this step lays the foundation for subsequent
processing. Next, after connecting the CNN to the ESM2 mod-
ule, local information and patterns in the features are further
extracted, thus enhancing the model’s ability to represent the
data. Next, a self-attention mechanism is used to capture global
dependencies in the sequence and dynamically adjust the feature
representation according to the importance of different locations.
This approach enhances the model’s ability to discern sequence
correlation information. Finally, the feature vectors are fed into
a fully connected layer to perform the final classification task.
Through this column process, we can make better use of se-
quence features for classification, thus providing strong support
for the prediction of ACP.

C. ESM2 Module

ESM2 is a protein sequence pre-training model based on
the Transformer [37] architecture, which is pre-trained on the
UniProt dataset through the Masked Language Model Learn-
ing pre-training task [38], where the model learns to capture
complex models and representations from protein sequences
during the pre-training phase. ESM2 aims to leverage large-scale
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Fig. 1. The model architecture of ACP-ESM2 contains four main modules. (a) ESM2 module. (b) CNN-self-attention module. (c) Classification module. (d)
Web Server module.

sequence data and evolutionary information to enhance the un-
derstanding of proteins and their functions and structures, which
in turn provides more accurate and comprehensive insights into
proteins. After pre-training, ESM2 models can be fine-tuned for
specific protein-related tasks, and the fine-tuning enables the
model to prioritize these tasks and make accurate predictions.

Theoretically, larger models typically achieve better per-
formance due to their ability to capture more complex
features and patterns. However, larger models also require
more computational resources. During the adjustment pro-
cess of ACP-ESM2, we sequentially utilized four pre-trained
ESM-2 models of varying versions: ESM2_t6_8 M_UR50D,

ESM2_t12_35 M_UR50D, ESM2_t30_150 M_UR50D, and
ESM2_t33_650 M_UR50D. As shown in Table II, after eval-
uating the performance of all versions, we selected the
ESM2_t33_650M_UR50D version. Its superior ability to cap-
ture complex features and comprehend biological information
made it the most suitable choice for our research. Initially, we
employed ESM2 for encoding, treating each peptide sequence
as a text sentence and each amino acid as a word in the input.
Next, these encoded peptide sequences were inputted into a
pre-trained ESM2 model. Specifically, these peptide sequences
were turned into a labeled input consisting of the “cls” character
(indicating the start of the sequence), all amino acid characters
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TABLE II
THE PERFORMANCE OF DIFFERENT VERSIONS OF ESM2 ON THE TRAINING SET

in the amino acid sequence, and the “eos” character (indicating
the end of the sequence), where the ESM2 generated word
embedding and position embedding, which enables the model to
understand the relationships between the different amino acids
in the sequence. Finally, an encoder is utilized to process these
embedding vectors.

The encoder layer enhances the embedding vectors of input
sequences by utilizing a multi-head self-attention mechanism
and feed-forward neural network sublayers, resulting in more
comprehensive feature representations. The multi-head self-
attention mechanism enables the model to compute attention
across all positions of each input sequence, capturing associa-
tions between positions and allowing simultaneous considera-
tion of different parts of the sequence. The formula is as follows:

⎧⎪⎪⎨
⎪⎪⎩

MultiHead (Q,K, V)= Concat (head1,. . ., head h)W
O

headi = Attention
(
QWQ

i ,KWK
i , V WV

i

)
Attention (Q,K, V ) = softmax

(
QKT√

dk

)
V

(1)
WhereQ,K and V denote the Query, Key and Value matrices

computed from different linear transformations of the input
sequence. respectively, WQ

i , WK
i and WV

i denote the weight
matrices. dk denotes the dimensionality of the key vectors for
each attention header in the Key matrix.

Feedforward neural network sublayer which performs a non-
linear transformation of the contextual representation of each
position. This sublayer usually consists of an activation function
and two linear transformations, which are computed as follows
[39]:

output (x) = max (0, xW1 + b1)W2 + b2 (2)

where W1 and W2 are the weight parameters, b1 and b2 are the
bias terms, respectively, and x is the representation obtained
after processing of the multi-head self-attention sublayer.

Each amino acid character in the Encoder layer is represented
as a 1280-dimensional hidden vector, which is rich in informa-
tion that reflects the features at each position in the sequence.
In our study, we chose the output of the last layer as the feature
we used because this layer usually contains more abstract and
advanced feature representations that help us in further analysis
and processing.

D. CNN-Self-Attention Module

CNN as a deep learning model, plays a critical role in the
analysis of protein sequences [40]. Its unique local sensing
and feature learning capabilities make it a powerful tool for
processing sequence data. Through the filtering operations of
the convolutional layers, CNN can capture local features at
different positions, enabling the extraction of key information
from protein sequences. This local awareness allows CNN to
efficiently identify patterns and structures in protein sequences,
laying a solid foundation for further analysis and prediction.
In addition, CNN possesses multi-level feature abstraction ca-
pabilities, enabling it to automatically learn and extract ab-
stract features from sequence data, thereby gaining a better
understanding of the overall structure and properties of the
sequences. This comprehensive feature learning ability gives
CNN a wide range of applications in protein sequence analysis,
providing robust tools and methods for research in the field of
bioinformatics.

We chose CNN as a part of our model primarily due to
its superior ability to capture local features and its multi-level
feature representation advantages. Compared to other models,
CNN demonstrates higher computational efficiency and fea-
ture extraction capabilities when handling sequence data, while
maintaining a relatively simple and easy-to-implement structure.
However, CNN also has certain limitations, such as its limited
ability to model the relationships between features, making it un-
able to directly capture the interactions between distant residues
in a sequence. To address these limitations, we developed a
framework that integrates CNN with attention mechanisms.
The attention mechanisms adaptively assign weights to flexibly
capture global dependencies, enabling a more comprehensive
understanding of the complex structures in protein sequences.
By incorporating attention mechanisms, we aim to enhance
the model’s ability to capture global features, improve feature
extraction, and strengthen its expressive power.

To further optimize the model and reduce the risk of over-
fitting, we employed the dropout technique [41], which ran-
domly sets the output of certain neurons to zero during training.
Following this, we applied three one-dimensional convolutional
layers to process the extracted features, leveraging convolutional
operations to learn relevant patterns. To ensure stability and effi-
ciency, we also incorporated Batch Normalization [42] after each
convolutional layer to accelerate the training process. Given an
input x, with the convolution kernel of the i-th layer represented
by Wi and the bias be bi, the convolution operation is defined
as:

Convolutioni = x ∗Wi + bi (3)

To obtain more accurate results, it is important to use pooling
layers to reduce the dimensionality of the final convolutional
layer output. The pooling layer usually contains an average
pooling layer and a maximum pooling layer. After three convolu-
tional layers, we apply average pooling to the obtained features
so that we have a lower dimensional representation with the
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following formula:

Pooling =
1

m

m∑
i = 1

yi (4)

Where Y = {y1, y2, . . . , ym} are the samples in a pooled
region. m is the number of samples in the pooled region. The
final output is the average of all the values in the pooled region.

In the Self-Attention process, sequence features are trans-
formed into three key representations: query vectors, key vec-
tors, and value vectors. The attention weights are computed by
measuring the similarity between the query vectors and the key
vectors at each position, followed by normalization using the
softmax function. These attention weights are then applied to the
value vectors through weighted summation, resulting in a fea-
ture representation that highlights the most important sequence
elements. Mathematically, Self-Attention can be expressed as
follows:⎧⎨

⎩
Q = XWQ

K = XWK

V = XWV
(5)

Self −Attention (Q,K, V ) = softmax

(
QKT

√
dk

)
V (6)

where x is the output after pooling, WQ,WQ,WV are the
weight matrices that map X to Q, K, V respectively.

E. Classification Module

After processing in the self-attention module, the generated
feature vector will be passed to a fully connected classification
module for subsequent processing. In this classification module,
the feature vectors will be transformed through two fully con-
nected layers [43]. The result is then mapped to a range between
0 and 1 by applying a sigmoid function to perform the final binary
classification task. For samples with an output probability lower
than 0.5, they will be classified as non-ACP, while for samples
with an output probability equal to or greater than 0.5, they will
be classified as ACP.⎧⎨
⎩
Z = Self −Attention (Pooling (( Conv (x))))

output = FC (Z)
y = sigmoid (output)

(7)

where the fully connected (FC) function is defined as:

qi = qi−1Wi + bi (8)

Where qi−1 is the input data of layer i, and qi is the output data
of that layer.wi is the weight matrix of this layer and bi is the bias
of this layer. This function serves to pass the input real values
through a mapping so that they fall within the interval (0, 1).
It is usually used in the output layer of a binary classification
problem. In the FC layer, the sigmoid function processes the
result of the linear transformation (multiplying the inputs by
the weights and adding a bias) and the output value will range
between 0 and 1, representing the level of activation for each
output unit.

F. Web Server Module

To facilitate the research community, we have established
a user-friendly ACP-ESM2 web server accessible at http://
www.bioai-lab.com/ACP-ESM2. This platform welcomes user-
submitted FASTA format sequence data and is purposefully
crafted to analyze whether a provided peptide sequence demon-
strates potential anticancer properties. The primary focus of this
tool is to assist in the prediction and identification of peptides
that could potentially combat cancer, aiding researchers in their
exploration of novel therapeutic avenues against this disease.

G. Measures To Prevent Overfitting

To cope with the risk of overfitting, we adopt several methods.
First, we introduce the dropout mechanism into the architecture
of the neural network. By randomly switching off some neurons
during the training process, dropout helps to reduce the depen-
dence on specific neurons, thus preventing model overfitting and
facilitating the network to develop more robust features [44].

Secondly, we use L2 regularization, implemented through
weight decay in the optimizer [45]. Specifically, L2 regular-
ization is introduced by adding a term to the loss function that
penalizes large model weights, limiting the model’s complexity
and preventing overfitting. The loss(LCE) function used is the
cross-entropy loss, defined as:

LCE = − 1

N

N∑
i = 1

[yi log (ŷi) + (1− yi) log (1− ŷi)] (9)

where N is the number of samples, yi is the true label of the i-th
sample (either 0 or 1), and ŷi is the predicted probability for the
i-th sample (the probability of being class 1). The cross-entropy
loss measures the difference between the predicted probability
distribution and the true labels.

To incorporate L2 regularization, we add a penalty term
proportional to the squared values of the model weights to the
loss function, resulting in the following total loss function:

Ltotal = LCE + λ

M∑
j = 1

w2
j (10)

where λ is the regularization hyperparameter, and wj is the j-th
model weight. This penalty term helps to prevent the model
from overly relying on specific features, limits the growth of the
weights, and mitigates overfitting.

In the implementation, we use the weight decay parameter
in the optimizer to apply L2 regularization directly during the
training process. This method penalizes large weights by adding
a term proportional to the weight magnitude during each param-
eter update, helping to prevent overfitting by controlling the size
of the model weights.

Finally, we use a validation set to assess the performance of the
model during the training process. By regularly evaluating the
model’s performance on the validation set and halting training if
performance starts to decline, we effectively control the model’s
generalization ability, ensuring its accuracy and stability in real-
world applications [46].
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TABLE III
COMPARISON OF EXISTING METHODS ON TEST1

H. Evaluation Metrics

In this study, we used four commonly used evaluation metrics
to evaluate the performance of our model and other existing
models [47], [48], [49]: ACC (accuracy), SN (sensitivity), SP
(specificity), and MCC (Matthews correlation coefficient). The
formulae for these indicators are given below:

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

ACC = TP+TN
TP+FN+TN+FP

SN = TP
TP+FN

SP = TN
TN+FP

MCC = TP×TN−FP×FN√
(TP+FP )(TP+FN)(TN+FP )(TN+FN)

(11)

TP (True Positive), FN (False Negative), TN (True Negative),
and FP (False Positive) denote the number of times the model
correctly identifies an ACP as an ACP, incorrectly identifies an
ACP as a non-ACP, correctly identifies a non-ACP as a non-ACP,
and incorrectly identifies a non-ACP as an ACP, respectively.
The ACC measures the model’s predicted overall accuracy. The
MCC evaluates the performance of binary classification models
by considering true positives, false positives, and false negatives.
It quantifies the quality of classification results on a scale from
−1 to +1, where 1 means that the predicted value is in perfect
agreement with the actual value, 0 means no better than random,
and −1 means no agreement at all. SN (True Positive Rate)
measures the ability of the model to correctly identify actual
positive samples, and the ability of the model to detect positive
classes. SP (true negative rate) measures the ability of the model
to correctly identify actual negative samples, and the ability of
the model to detect negative classes. Typically, the higher these
metrics are, the better the predictive performance of the model.

III. RESULTS

A. Comparison With Existing Methods on the Test Sets

To evaluate the performance of our proposed deep learning
model for ACP recognition, we conducted an extensive compar-
ative study using two independent test datasets and compared
them with current leading predictors. We considered metrics
such as ACC, SN, SP, and MCC to evaluate the overall perfor-
mance of the model.

As shown in Table III and Fig. 2, by comparing with existing
ACP prediction models ACP-ML [29], MACPpred [14], ACPred

Fig. 2. The performances of ACP-ESM2 and existing methods on the Test1
set.

TABLE IV
COMPARISON OF EXISTING METHODS ON TEST2

[13], ACP-MHCNN [23], ACPred-BMF [24]. ACP-ESM2 ex-
hibits a significant advantage in all the metrics. For example,
in terms of SP, the ACP-ESM2 model outperforms the current
best method by about 12.6%. In terms of ACC, our model also
shows excellent performance, with a minimal gap of only about
2.3% compared to other models. In addition, the ACP-ESM2
model improves the performance over the ACP-ML model by
about 5.5%, as assessed by the MCC. Combining these results,
our study demonstrates that the proposed deep learning model
ACP-ESM2 has a clear competitive advantage in ACP predic-
tion, providing important support and insights for the progress
of the ACP research field.

We further validated the constructed ACP-ESM2 model by us-
ing the Test2 set for testing. As shown in Table IV and Fig. 3, the
results show that ACP-ESM2 exhibits a very satisfactory gener-
alization ability on the Test2 set with outstanding performance.
Specifically, in terms of SP, our ACP-ESM2 model outperforms
the other four methods, with a performance improvement rang-
ing from about 7.2% to 35.5%. In addition, in terms of ACC and
MCC, ACP-ESM2 also performs more superiorly, significantly
outperforming the other predictors. These results further validate
the robustness of our proposed ACP-ESM2 model on different
datasets, providing strong support for its reliability in practical
applications.
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Fig. 3. The performances of ACP-ESM2 and existing methods on the Test2
set.

B. UMAP Visualization and Motif Analysis of Model Attention

To visualize the feature learning capability of our model, we
chose UMAP (Uniform Manifold Approximation and Projec-
tion) [50] as the dimensionality reduction technique to visualize
the distribution of features extracted by our model on the Test1
set and Test2 set. UMAP is a dimensionality reduction technique
used to transform high-dimensional data into a more manageable
and interpretable format for visualization and analysis. In our
visualization graph, each point represents a peptide sequence,
while different colored points indicate different ACP and non-
ACP categories. As shown in Fig. 4(a)–(b), on the Test1 set,
before the model was applied, the data points were entangled
and overlapping, making it difficult to differentiate between ACP
and non-ACP. However, after model inference, our ACP-ESM2
model successfully partitions the data into two distinguishable
clusters, indicating that the model has a strong feature learning
ability and can effectively differentiate between ACP and non-
ACP sequences. Fig. 4(c)–(d) shows similar results on the Test2
set, further validating the model’s generalization ability.

Moreover, to further explore the model’s capability in learn-
ing sequence features, we conducted an in-depth analysis of
the motifs in peptide sequences. Specifically, we extracted the
attention features of individual peptide sequences through the
self-attention mechanism and visualized them as heatmaps, as
shown in Fig. 5 (left). In the heatmap, the intensity of the
colors represents the model’s focus on different amino acid
positions, with darker colors indicating higher importance for the
classification task. Simultaneously, we used the traditional tool
STREME [51] to perform motif analysis on the same sequences
and generated corresponding motif diagrams, as shown in Fig. 5
(right). In the motif diagram, the size of the letters reflects the
frequency of specific amino acids at each position, with larger
letters indicating higher conservation of that amino acid at the
position. By comparing the attention heatmaps generated by the
model with the motifs identified by STREME, we observed a
high degree of consistency in specific key regions, demonstrating
that the model can not only capture critical sequence features

Fig. 4. UMAP visualization of the feature space distribution of our model on
the Training set. (a) Input data before inference on Test1 set by ACP-ESM2. (b)
Data after inference on Test1 set by ACP-ESM2. (c) Input data before inference
on Test2 set by ACP-ESM2. (d) Data after inference on Test2 set by ACP-ESM2.
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Fig. 5. Attention maps and motifs of the peptide sequences.

Fig. 6. The performance of model ablation on the Training set.

but also uncover significant regions identified by traditional
motif recognition tools. The attention mechanism plays an in-
dispensable role in this process, as it adaptively focuses on the
most important parts of the sequence for prediction, thereby
enhancing the ability to identify critical regions.

In summary, the combined use of UMAP and motif analysis
not only demonstrates the model’s ability to effectively learn
high-dimensional features but also further validates its capability
to capture and interpret key sequence characteristics. UMAP
visualization clearly illustrates the model’s discriminative per-
formance in classification tasks, while motif analysis reveals
biologically meaningful regions at a finer scale. This multi-level
analytical approach provides strong support for validating the
model’s performance and interpretability, laying a solid founda-
tion for future research in related fields.

C. Ablation Experiments for ACP-ESM2

In this section, we conducted a series of ablation experiments
to analyze the independent contributions of each component
of the ACP-ESM2 model to its predictive performance. To
comprehensively evaluate the performance of different models,
we applied five-fold cross-validation on the training set. During
the experiments, we recorded and analyzed the performance of
each model across various evaluation metrics, with the detailed
results presented in Table V and Fig. 6. The evaluation included
four model variants: removing the ESM module, removing the
CNN structure, removing the self-attention mechanism, and the

TABLE V
THE PERFORMANCE OF MODEL ABLATION ON THE TRAINING SET

TABLE VI
THE PERFORMANCE COMPARISON OF DIFFERENT KERNEL SIZES ON THE

TRAINING SET

complete ACP-ESM2 model, which integrates ESM2, CNN, and
the self-attention mechanism.

The results show that removing the ESM module leads to
a significant performance decline, with ACC dropping to 0.865
and MCC decreasing to 0.653. This indicates that the ESM mod-
ule, as a pre-trained model, effectively captures deep semantic
information and global features of the sequences. It serves as the
core component for feature extraction, and its absence results
in lower-quality input features, severely impacting the model’s
predictive accuracy.

When the CNN structure is removed, the model still achieves
relatively good performance, with an ACC of 0.930 and MCC of
0.796, but there is a noticeable drop compared to the complete
model. This suggests that CNN plays a critical role in capturing
local patterns and spatial dependencies within the sequences. By
applying convolution operations, CNN extracts local contextual
relationships, complementing the ESM module by enhancing
fine-grained feature representations.

Removing the self-attention mechanism results in a slight
performance decline, with ACC of 0.938 and MCC of 0.820,
highlighting the importance of self-attention in modeling global
dependencies and long-range interactions. Unlike CNN, which
focuses on local feature extraction, the self-attention mecha-
nism captures relationships between different positions in the
sequence, enabling the model to learn broader contextual infor-
mation and improve its handling of complex sequences.

By comparison, the complete ACP-ESM2 model achieves the
best performance, with an ACC of 0.942 and MCC of 0.832.
This demonstrates the complementary and synergistic effects of
the ESM module, CNN structure, and self-attention mechanism.
The ESM module provides high-quality initial features, CNN
enhances the learning of local features, and the self-attention
mechanism strengthens global feature modeling. Together, these
components improve the predictive performance of the model.
These ablation experiments provide deeper insights into the
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unique roles of each component and offer important theoretical
support and practical guidance for further model optimization.

D. Model Parameter Optimization

In order to investigate the effect of different CNN layers on
the performance of our model, we have conducted a comparative
analysis of the model with three different convolutional kernel
sizes, and the specific results can be seen in Table VI. As can be
seen from the table, the model performs optimally in terms of
ACC and MCC when the convolutional kernel size is 5. Although
there is a slight decrease in SN and SP relative to the models with
convolutional kernel size 7 and convolutional kernel size 3, the
difference is very small. Therefore, considering all the metrics,
we chose to use a convolutional kernel size of 5 in the CNN
structure, a choice that maximizes the model’s performance and
makes it ideal in different aspects.

IV. DISCUSSION AND LIMITATIONS

Although our ACP predictor performs well in predicting
ACPs, we must acknowledge several limitations and areas for
improvement in this study. First, our work does not yet incorpo-
rate more detailed structural information, which could be crucial
for ACP functionality. For example, the precise arrangement of
amino acid residues or the structure of fusion proteins might pro-
vide valuable insights into ACP function and activity. Including
such structural data could significantly enhance the accuracy and
predictive power of the model.

In addressing the data imbalance problem, we attempted to
use the focal loss function, a commonly used approach for
handling class imbalance. However, despite extensive trials and
adjustments, we were unable to find a suitable hyperparameter
configuration that substantially improved the classification per-
formance. While focal loss is generally effective for highly im-
balanced datasets, it did not significantly enhance performance
in our case. This suggests that we may need to explore alternative
strategies to better address the data imbalance issue. Potential
approaches could include resampling, data augmentation, or
adopting other weighted loss functions tailored to our specific
dataset and model structure.

Our experimental results also highlight the importance of the
different components of the ACP-ESM2 model. Specifically,
removing the ESM module, CNN structure, or self-attention
mechanism significantly degrades the model’s performance. The
ESM module, which captures deep semantic information and
global features of the sequence, plays a crucial role in main-
taining high accuracy. The CNN structure, on the other hand,
helps the model learn local patterns and capture short-range
interactions critical for ACP identification. Although the model
still performs reasonably well without these components, the
complete model consistently outperforms alternatives, demon-
strating the importance of the synergy between these modules.

Future work will focus on improving the handling of data
imbalance. In addition to fine-tuning the hyperparameters of
focal loss, we plan to explore other strategies such as custom
loss functions or combining different types of weighted loss
functions. Furthermore, we aim to integrate more structural

information, such as sequence-specific structural data or protein-
protein interaction information, to further enhance the model’s
predictive power and generalizability.

V. CONCLUSION

Neural network technology plays a crucial role in accurately
identifying ACP, providing valuable support for disease treat-
ment and intervention. However, current ACP prediction meth-
ods still face several challenges, including limited feature ex-
traction capabilities, insufficient handling of complex sequence
data, and a lack of effective strategies for capturing both local
and global dependencies. These limitations present significant
opportunities for future improvement and innovation.

In this study, we propose a novel deep learning model, ACP-
ESM2, which integrates the ESM2 module, CNN structure, and
self-attention mechanism to address the aforementioned chal-
lenges. Compared to traditional ACP prediction methods, ACP-
ESM2 offers significant advantages in feature extraction. The
ESM2 module, by utilizing pre-trained embeddings, effectively
captures semantic and structural information from sequence
data, providing a solid foundation for feature extraction. The
CNN structure further enhances the model by learning local
patterns and spatial dependencies within the sequences, enabling
it to focus on crucial short-range interactions. Meanwhile, the
self-attention mechanism helps the model capture long-range
dependencies by dynamically adjusting weights, allowing it to
better understand the overall sequence structure.

Compared to existing models, ACP-ESM2 demonstrates clear
advantages in multiple aspects. Through comprehensive experi-
mental evaluations, we found that ACP-ESM2 consistently out-
performs other models in terms of ACC and MCC. In particular,
during ablation studies, the complete ACP-ESM2 model, with
all its key components intact, achieved the best performance,
reaching an ACC of 0.942 and an MCC of 0.832. This result
is significantly better than any model that lacks one of its com-
ponents, highlighting the importance of the synergistic effect
of the ESM2 module, CNN, and self-attention mechanism in
improving ACP prediction performance.

This study not only advances the field of ACP prediction but
also provides valuable insights for bioinformatics, particularly
in cancer research. The successful application of ACP-ESM2
demonstrates the potential of deep learning in handling complex
biological sequence data, particularly in its ability to extract both
local and global features effectively. Future work will focus on
further optimizing the ACP-ESM2 model, incorporating more
sequence-specific structural information, and exploring other
cutting-edge techniques to enhance its accuracy and generaliz-
ability. We believe that ACP-ESM2 will not only provide more
accurate support for ACP prediction but also serve as a powerful
theoretical and technical foundation for the development of
ACP-based cancer therapies.

VI. AVAILABILITY AND IMPLEMENTATION

The data and methods are available at https://github.com/
birdsmart/ACP-ESM2. For the convenience of the research
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community, a web server has been established at http://www.
bioai-lab.com/ACP-ESM2.
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