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Abstract

Cancer remains a major global health challenge, as conventional chemotherapy often causes extensive damage to healthy
cells and leads to severe side effects. Anticancer peptides (ACPs) have emerged as a promising therapeutic alternative,
capable of selectively targeting and eliminating cancer cells while improving patient quality of life and treatment outcomes.
Nevertheless, identifying ACPs through traditional biological experiments is both labor-intensive and time-consuming. To
address this limitation, we developed ACP-EPC, a deep learning framework which predicts ACPs directly from protein
sequences. ACP-EPC integrates contextual representations from Evolutionary Scale Modeling 2 (ESM-2) with handcrafted
physicochemical descriptors and employs a Cross-Attention mechanism for multimodal feature fusion. The model was
rigorously evaluated using tenfold cross-validation and two test sets, ACP135 and ACP99, achieving accuracy of 0.935
and 0.984, respectively. These results substantially outperform existing models, underscoring the advantages of combining
diverse feature representations. To promote accessibility, we have also deployed ACP-EPC as a publicly available web server

at http://www.bioai-lab.com/ACP-EPC.
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Introduction

Cancer remains a formidable challenge in modern medicine,
with its numerous types and high propensity for metastasis
rendering it a malignant disease that humanity has yet to
fully conquer [1]. Despite significant progress, a universal,
effective, and well-tolerated cancer therapy remains elusive.
Current treatment modalities—including chemotherapy,

P4 Zilong Zhang
zhangzilong @hainanu.edu.cn

School of Computer Science and Technology, Hainan
University, Haikou 570228, China

School of Computer Science and Technology, Wuhan
University of Science and Technology, Wuhan 430081,
Hubei, China

School of Computer Science and Artificial Intelligence,
Wuhan Textile University, Wuhan 430200, Hubei, China

Centre for Artificial Intelligence Driven Drug Discovery,
Faculty of Applied Science, Macao Polytechnic University,
Macao SAR, China

Published online: 13 September 2025

radiotherapy, surgery and targeted therapy—each have inher-
ent limitations [2]. Chemotherapy and radiotherapy impose
substantial burdens on the body and are often accompanied
by severe side effects such as alopecia and nausea. Surgi-
cal interventions typically fail to eliminate cancer cells that
have metastasized to distant sites; although the primary
tumor can be excised, residual solitary cells in surround-
ing tissues may remain undetected. Furthermore, targeted
therapies are expensive and only effective against specific
types of cancer. In recent years, ACPs have attracted con-
siderable attention from researchers. ACPs are widely dis-
tributed across in mammals, amphibians, insects, plants, and
microorganisms and can also be synthetically produced [3].
They interact with the phospholipid bilayer of cancer cell
membranes, altering membrane permeability, which leads
to cellular content leakage and ultimately cell death [4].
ACPs offer several advantages as anticancer agents, includ-
ing low molecular weight, simple structures, high antican-
cer activity, and strong selectivity. Moreover, they produce
fewer side effects, can be administered via multiple routes,
and are less likely to induce multidrug resistance. However,
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identifying ACPs from large peptide libraries typically relies
on conventional approaches such as in vitro cell assays or
animal experiments [5]. These methods are time-consum-
ing, require meticulously designed experimental protocols,
appropriate control group selection, and substantial financial
support [6]. Additionally, animal experiments are increas-
ingly regarded as ethically problematic due to concerns
about cruelty. Consequently, there is an urgent need for rapid
and accurate methods to identify ACPs. Such approaches
would enable researchers to efficiently exclude non-ACP
candidates, thereby reducing experimental scale, time, and
financial cost.

The rapid advancement of protein sequencing technology
now allows researchers to obtain high-precision sequence
data swiftly [7-11]. Simultaneously, developments in
machine learning and deep learning have provided robust
support for creating ACP prediction models [12, 13]. To
date, numerous models for ACP prediction have been pro-
posed [14]. For instance, in 2018, Wei et al. [15] introduced
the ACPred-FL model, which relied on sequence feature
descriptors and a two-step feature selection method to
extract a five-dimensional feature vector rich in information,
using a support vector machine (SVM) for ACP sequence
prediction. In 2019, Schaduangrat et al. [16] developed a
model combining sequence composition information with
physicochemical properties, employing SVM and random
forest (RF) classifiers and analyzing the effects of different
feature combinations on predictive performance. In the same
year, Boopathi et al. [17] proposed the mACPpred model,
which extracted features based on seven types of sequence
composition and physicochemical properties, applied a two-
step feature selection to reduce dimensionality and used
SVM for prediction; their results demonstrated that feature
sets refined through two-step feature selection outperformed
single features in predictive performance. Additionally, Wei
et al. [18] developed the PEPred-Suite model, combining
commonly used features with mRMR [19] feature selection
and sequential forward search, selecting the highest-scoring
features for input and using RF as the base classifier to pre-
dict eight different peptide types. Yi et al. [20] were the first
to apply deep learning to ACP prediction, using two manu-
ally extracted, high-efficiency features to achieve strong
results. In 2020, Ge et al. [21] integrated multiple feature
types, trained them using LightGBM on various feature sets
and employed SVM for the final predictions, resulting in the
EnACP model. This approach, combining ensemble learning
classifiers with traditional methods, significantly improved
prediction accuracy. In 2021, Agrawal et al. [22] proposed
the AntiCP 2.0 method, integrating SVM, artificial neural
networks (ANN), RF, and Extra-Tree (ET) classifiers; their
findings indicated that ET-based ensemble learning achieved
the best performance in ACP prediction. Chen et al. [23]
introduced the ACP-DA model, which combined ACP-DL’s
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feature extraction techniques with AAindex features, used a
multilayer perceptron (MLP) for prediction, and employed
data augmentation techniques to address the challenge of
limited training samples. That same year, Huang et al. [24]
developed the iDACP model, exploring differences in the
physicochemical properties of ACPs and proposing a two-
step approach: identifying ACPs in the first step and clas-
sifying subtypes in the second, providing a foundation for
studying ACP mechanisms. Ahmed et al. [25] proposed the
ACP-MHCNN model, integrating features from multiple
sources into a convolutional neural network (CNN), achiev-
ing strong generalization capabilities on independent test
datasets. In 2022, Han et al. [26] developed the ACPred-
BMF model, encoding peptide sequences using amino-acid
one-dimensional encodings and physicochemical properties,
employing bidirectional long short-term memory (BiLSTM)
with an attention mechanism for prediction and using SHap-
ley Additive exPlanations (SHAP) [27] analysis to inter-
pret feature importance. Wu et al. [28] proposed the ACP-
MCAM model, which used convolutional layers with various
kernel sizes for feature extraction and combined them with
position embeddings and attention mechanisms to enhance
representation capabilities. Phan et al. [29] developed the
MLACP 2.0 model, integrating seven classifiers to construct
119 baseline models and selecting 67 generated feature vec-
tors as neural network inputs, significantly improving pre-
dictive performance. In 2024, Bian et al. [30] introduced
the ACP-ML model, exploring the predictive capabilities of
different feature combinations. Using Maximum Relevance
Minimum Distance (MRMD) [31] and Recursive Feature
Elimination (RFE) [32] feature selection methods, they
obtained a 183-dimensional optimal feature subset. Subse-
quently, they evaluated nine machine-learning models via
10-fold cross-validation and selected the six best perform-
ers as baseline classifiers to build a voting-based ensemble
for precise ACP identification. Despite the various methods
employed to build ACP identification models, many exist-
ing approaches—even those utilizing deep learning—have
limitations in feature engineering. These limitations include
extracting single-dimensional features, producing discrete
representations, or lacking interpretability. To address these
challenges, we developed a novel ACP prediction model,
ACP-EPC.

Our study presents a novel anticancer peptide prediction
framework, termed ACP-EPC. The acronym ACP denotes
the model’s focus on anticancer peptide prediction, ‘E’
denotes the incorporation of the ESM-2 model [33], "P’ rep-
resents physicochemical properties, and ‘C’ indicates the
application of Cross-Attention. The framework integrates
physicochemical features extracted through traditional meth-
ods with structural and evolutionary features derived from
ESM-2. Traditional discrete features are integrated with
ESM-2 extracted features through Cross-Attention, capturing
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the physicochemical information embedded within the struc-
tural data. Evaluated through tenfold cross-validation and
two test sets (ACP135 and ACP99), our model demonstrates
substantial improvements over previous approaches, particu-
larly in ACC, MCC, and Sp. On the ACP135 dataset, ACP-
EPC achieved improvements of 2.6% and 6.5% in ACC and
MCQC, respectively, compared to the latest existing model.
On the ACP99 dataset, our model outperformed the best-
performing ACP prediction model by 5.8%, 4.3%, 6.9%, and
15% in ACC, Sn, Sp, and MCC, respectively. The model,
source code, and datasets are publicly available at https://
github.com/EuclidLv/ACP-EPC, and a user-friendly web
server has been deployed at http://www.bioai-lab.com/ACP-
EPC to facilitate community access.

Materials and methods

Overall framework of ACP-EPC

As shown in Fig. 1, the workflow comprises three stages:
(A) dataset collection and assembly, (B) model develop-
ment, and (C) web-server deployment. For (A), this study
employed training and test sets curated from prior studies.
In (B), the model adopts a two-stream multimodal design.
Each sequence is encoded with ESM-2 to obtain contextual
embeddings and simultaneously represented by traditional
descriptors, including amino-acid composition (AAC),
dipeptide composition (DPC), and physicochemical prop-
erties (PCP). The PCP set includes hydrophobicity, polarity,
isoelectric point (pI), molecular weight, bulkiness, charge,
average flexibility, a-helix propensity, and p-sheet propen-
sity. Traditional descriptors are linearly projected to match
the dimensionality of the ESM-2 stream and serve as the
Query (Q), while ESM-2 embeddings provide the Key/
Value (K/V). A Cross-Attention module integrates the two
streams, and the fused representation is subsequently classi-
fied by an MLP. To improve efficiency and reproducibility,
we pre-extract and cache both ESM-2 embeddings and tra-
ditional descriptors in RAM prior to training, thereby avoid-
ing redundant feature computation at each epoch. In (C),
the trained model is deployed via a web interface to enable
convenient, interactive use by researchers. The detailed
hyperparameters of the model are shown in Table S1, and
the config running environment running time is shown in
Table S2 and Figure S1.

Dataset

To ensure a fair comparison with previous models, we
employed the same training set and two independent test
sets, ACP135 and ACP99. The training set and ACP135
were originally curated by Bian et al. [30], who compiled

1,350 experimentally validated ACPs from the CancerPPD
[34], APD3 [35], and SATPdb [36] databases. To mitigate
homology bias and prevent artificially inflated recognition
accuracy, CD-HIT [37] was utilized with a 0.9 similarity
threshold to remove sequences sharing more than 90%
identity. Subsequently, Seqkit [38] was employed to extract
sequences ranging from 5 to 50 amino acids in length,
retaining only those for which Position-Specific Scoring
Matrix (PSSM) [39] profiles could be generated using the
PSI-BLAST [40]. This filtration process yielded 622 ACPs.
For negative samples, Bian et al. [30] randomly selected
peptides and applied the same filtering procedure, yielding
1839 non-ACPs. From these, 487 ACPs and 1,479 non-ACPs
were randomly selected to construct the training dataset.

ACP135 comprises 135 ACPs and 360 non-ACPs, while
the training set includes 487 ACPs and 1479 non-ACPs.
ACP194, developed by Agrawal et al. [22], contains 388
sequences, including 194 ACPs and 194 non-ACPs. Bian
et al. [30] mitigated homology bias and applied PSSM,
yielding the ACP99 dataset with 99 ACPs and 157 non-
ACPs. Because ACP99 is more stringently processed and
recently curated and to ensure comparability with Bian et al.
[23], we adopt ACP99 in this study.

Detailed characteristics of the datasets are provided in
Table 1. Figure 2 summarizes the amino-acid composition
and peptide length distributions for the training set, ACP135
and ACP99. In Fig. 2A, ACP135 closely mirrors the train-
ing set across most residues, whereas ACP99 shows mod-
est shifts in several amino acids, indicating slight composi-
tional differences relative to the other two cohorts. Figure 2B
shows that peptide lengths in all three datasets are concen-
trated around 25-30 residues. ACP99 exhibits the narrowest
and most concentrated distribution, the training set shows
moderate dispersion, and ACP135 displays the greatest vari-
ability, with a long tail of extended sequences. These pat-
terns suggest that ACP135 is compositionally similar to the
training set but encompasses greater length diversity, while
ACP99 is more tightly constrained in sequence length.

Feature encoding

Physicochemical property-based traditional feature
extraction

Physicochemical motivation. Feature set, and physico-
chemical meaning Optimized matching hydrophobicity
(OMH) [41, 42] captures the role of hydrophobicity in driv-
ing peptide partitioning into the lipid phase. Together with
charge segregation (hydrophobic moment), this property
enables amphipathic helices to insert into membranes or
form pores. Fine-tuning hydrophobicity balances on-target
membranolytic activity with off-target hemolysis. Molecu-
lar weight [43] reflects peptide size; ACPs are generally
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Fig.1 Overview of ACP-EPC. A Dataset construction. ACPs were
collected from multiple public databases, while non-ACPs were used
as negative controls. Redundancy was reduced using CD-HIT and
PSI-BLAST clustering, resulting in a training dataset of 487ACPs
and 1479 non-ACPs. Two test sets were employed: ACP135 (ACPs
and 360 non-ACPs) and ACP99 (ACPs and 157 non-ACPs from lit-
erature), ensuring robust evaluation. B Model architecture. The ACP-
EPC framework integrates embeddings from ESM-2 with handcrafted
physicochemical descriptors. ESM-2 encodes sequences through

short sequences, with most reported examples ranging from
5 to 40 amino acids, though some extend to 60. Size influ-
ences diffusion, cellular uptake, protease susceptibility, and
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tokenization, positional embeddings, and one Transformer encoder
layers, producing contextual residue-level representations. Cross-
attention modules fuse these embeddings with traditional descriptors,
including AAC, DPC, and PCP. The fused representations are pro-
cessed by a ML, followed by a sigmoid classifier for final prediction.
C Web server deployment. The trained model was implemented as a
web server, enabling users to input peptide sequences and obtain ACP
prediction results along with interpretability outputs such as attention
maps, facilitating accessibility to the research community

pore-forming geometry; notably, many designed short heli-
ces achieve selective cancer cell killing. Polarity, quantified
by the Grantham scale [44], modulates side-chain interac-



Molecular Diversity

Table 1 Training and testing datasets for this research

Dataset Negative samples Positive
samples
Training dataset 1479 487
ACP135 360 135
ACP99 157 99

tions at the membrane interface and determines the balance
between aqueous solubility and bilayer affinity. Appropriate
polarity distribution across a helical face supports amphi-
pathicity and enhances selectivity. PI [45] correlates with
net cationic charge at physiological pH, promoting elec-
trostatic capture by the anionic outer leaflet of tumor cells
(e.g., exposed phosphatidylserine and glycosaminoglycans),
a key basis of ACP selectivity. The average flexibility index
(Bhaskaran—Ponnuswamy) [46] reflects conformational
flexibility, which facilitates membrane adaptation and inser-
tion and, in some families, enhances potency and selectivity.
Gly and proline residues can introduce adaptive bends that
promote membrane activity. The conformational parameter
for a-helix (helix propensity) [47] reflects the likelihood of
peptides forming amphipathic o-helices upon membrane
contact; higher helix propensity supports stable interfacial
binding, insertion, and pore formation. The conformational
parameter for B-sheet (-sheet propensity) [48] reflects the
tendency of peptides to adopt p-sheet structures. A subset
of ACPs, such as defensins, are B-sheet-rich, disulfide-
stabilized peptides whose segregated polar and hydropho-
bic faces facilitate membrane disruption or lipid-specific
binding. Bulkiness, defined by Zimmerman [49], describes
side-chain steric volume. Aromatic residues (Trp, Phe, Tyr)

o

IS
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~

Amino acid

Fig.2 Dataset profiles. A Amino-acid composition. The frequency
distribution of the 20 standard amino acids across the training data-
set and two test sets (ACP135 and ACP99) is shown. Although the
three datasets share broadly consistent compositional trends, ACP135
and ACP99 exhibit greater fluctuations owing to their smaller sam-
ple sizes, with ACP99 showing more pronounced deviations in cer-
tain residues. B Peptide length distributions. Density plots illustrate

enhance interfacial anchoring and stabilize peptide—bilayer
contacts. While bulky hydrophobic residues strengthen par-
titioning, excessive bulk may increase nonspecific toxicity.
Charge [50] is another defining feature of ACPs. Positive
residues (Lys, Arg, and partially protonated His) enable
electrostatic attraction to negatively charged cancer mem-
branes (e.g., phosphatidylserine exposure, sulfated proteo-
glycans). Optimal charge, in concert with hydrophobicity,
tunes selectivity. The detailed figures of the properties and
reference are shown in Table S3.

Per-residue mapping and sequence-level aggregation Let
the sequence be r,.; and let each property k define a map-
ping s; : {20AA} — R assigning a numerical value to each
amino-acid type. We aggregate to sequence level using the
length-normalized mean

Si=7 X s(n) )

which yields a nine-dimensional vector s € R? per sequence.
Mean aggregation is length-invariant and retains the original
interpretability (units and scale) of each index, aligning with
recommended practices for amino-acid indices in sequence
profiling.

Normalization and leakage control Because the nine aggre-
gates differ in scale and units, we apply z-score standardiza-
tion based on statistics computed from the training set,

§p =1 )

O

and apply (u,, o;) for validation and test to prevent infor-
mation leakage. This harmonization places heterogeneous

B

Training A —
ACPI135 A ———

W Training
mmm ACPI35
N ACPY9

0 50 100 150 200 250
Sequence_Lengths

the sequence length distributions of peptides in the training dataset,
ACP135, and ACP99. While most peptides in the training set and
ACP135 fall within the 15-60 residue range, the training dataset
additionally displays a long-tail distribution with longer peptides. By
contrast, ACP99 peptides are generally shorter and lack this long-tail
pattern. These differences underscore ACP99 as a more stringent and
representative benchmark for assessing model generalization
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properties on a comparable footing during learning and
improves optimization stability.

Complementary composition features In parallel, we
compute AAC as normalized frequencies a € R?® with
a; = % >, {r,=AA;} and DPC as normalized fre-
quencies d € R* over ordered residue pairs with
d; = Llj 2 U, ryy) = (AA;, AA;))}. The minimal “tradi-
tional” feature vector therefore concatenates S (9), AAC (20),
and DPC (400) for a total of 429 dimensions.

Structural and evolutionary feature extraction using ESM-2

We adopt ESM-2 [51], a state-of-the-art protein language
model trained with self-supervised learning on UniRef50 [52]
as the upstream feature extractor for all sequences. ESM-2
captures rich contextual dependencies and evolutionary regu-
larities directly from raw amino-acid sequences and has dem-
onstrated strong transfer across diverse downstream tasks,
including structure prediction, functional annotation, and
binding-site identification [53, 54]. In this work, we instanti-
ate the 650 M-parameter variant comprising 33 transformer
blocks and use its final block (Layer 33) to obtain token-level
embeddings with a hidden dimensionality of 1,280. These rep-
resentations complement handcrafted descriptors by encoding
structural and physicochemical cues that are difficult to recover
from traditional features alone.

Because our task-specific dataset is comparatively small, we
avoid end-to-end fine-tuning of ESM-2 to reduce overfitting
risk and preserve out-of-distribution generalization. Specifi-
cally, all ESM-2 parameters are frozen, and the model is set to
evaluation mode to disable dropout. Feature extraction is per-
formed under no_grad to prevent gradient accumulation. This
strategy stabilizes the upstream representation while allowing
the downstream modules to adapt to task semantics without
perturbing the pre-trained backbone.

For integration, we expose a single-entry point,
extract_esm2_features(), which takes a list of amino-acid
sequences and returns per-residue embeddings in a shape-
consistent, order-preserving manner. Formally, given input
sequences = [s, S,,...syl, the function produces esm2_fea-
tures_list = [E,, E,,...,Ey] with E; € RLX1280_ Special tokens
introduced by the tokenizer (e.g., BOS/EOS) are excluded so
that L, matches the raw sequence length exactly. This design
avoids padding at the extraction stage and yields a list of
variable-length tensors suitable for per-residue downstream
modules or for subsequent pooling if sequence-level features
are required.
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Transformer encoder layer

The Transformer encoder layer encodes input sequences
into high-dimensional feature representations. It effectively
captures both local and global dependencies within the data.
Each encoder layer comprises two primary submodules: the
multi-head self-attention mechanism and a feed-forward
neural network (FFN). The multi-head self-attention mecha-
nism enables each position in the sequence to attend to all
other positions, thereby capturing long-range dependencies
and contextual information. This mechanism involves com-
puting a query vector (Q), a key vector (K), and a value
vector (V') for each position. The scaled dot-product atten-
tion is then applied to compute a weighted representation,
where multiple attention heads operate in parallel to capture
diverse features of the input data. Mathematically, the scaled
dot-product attention can be expressed as

Attention(Q,K,V) = Softmax( oKL > v, ?3)
Vi

where d, is the dimensionality of the key vectors. By

employing multiple heads, the model can focus on different

aspects of the input features, thereby enhancing its repre-

sentational capacity.

Following the self-attention mechanism, the feed-forward
neural network (FFN) applies position-wise, nonlinear trans-
formations to the features. The FFN typically consists of two
linear transformations separated by an activation function,
such as ReLU or GELU. This structure allows the model to
capture more complex feature interactions and improve its
expressiveness:

FFN(x) = GELU(xW, + b )W, + b, , )

where W, and W, are weight matrices, and b, and b, are bias
vectors.

In this model, a Transformer encoder is employed to refine
the per-residue representations obtained from the ESM-2
protein language model before performing Cross-Attention
with traditional physicochemical features. Specifically, each
protein sequence is first encoded by ESM-2 into a sequence
of embeddings with shape (B, L, 1280), where B is the batch
size and L is the padded sequence length. These embeddings
are linearly projected into a shared embedding space of
dimension 256 to reduce dimensionality and computational
cost. The projected embeddings are then passed through a
single-layer Transformer encoder (num_encoder_layers = 1)
with 8 attention heads (num_heads = 8), a feed-forward hid-
den size of 1024 (dim_feedforward = 1024), and a dropout
rate of 0.3. The encoder processes the sequence in batch-
first mode (batch_first = True) and outputs contextualized
representations of the same shape (B, L,256). These refined
embeddings serve as the key and value in a subsequent
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Cross-Attention module, allowing the model to selectively
align ESM-based structural information with query vectors
derived from normalized physicochemical descriptors. This
design enables effective integration of discrete attribute-
based features and deep contextual representations.

Cross-attention

Cross-attention is an attention variant that explicitly separates
the roles of the query and the key—value memory across two
inputs. Given projected tensors Q € R8¢ g ¢ RB¥Tixd

and V e RBxTvxd
KT
g >V, )
Vi

where d, is the per-head key dimension. Intuitively, O speci-
fies the selection signal, while K and V provide the content-
addressable memory. In contrast to self-attention, which
derives Q, K and V from the same sequence, Cross-Attention
lets one representation actively retrieve and reweight context
from another, making it well suited for multimodal fusion,
multi-sequence conditioning, and aligning upstream encod-
ers with downstream attributes.

In our model, we instantiate a single Cross-Attention
block to fuse standardized physicochemical descrip-
tors with contextual protein embeddings from ESM-2
(650 M). Let B be the batch size and L the sequence length.
For each sequence, ESM-2 provides per-residue embed-
dingsXBSM g RBXIX1280 The physicochemical descriptor is
a single vector xPY € RB*42°_ standardized feature-wise. We
adopt a shared embedding width d,, 4., = 256 with i =8
heads, yielding d), = d,o4. /7 = 32 per head. The query
pathway maps x?" through a linear layer Linear(429 — 256)
to Q0 € RB26 which is unsqueezed to Q € REX1X256
(one query token per sequence). The key—value path-
way maps ESM-2 features through Linear(1280 — 256)
toX € REXLX256  reyused ask,V € RBXLX256 Multi-head
attention producesO € REX1*256  which we squeeze to
7 € RBX26 35 the fused representation fed to the classi-
fier. ESM-2 remains frozen and in evaluation mode; when
variable-length padding is present, we apply a key mask so
attention ignores padded residues. This configuration keeps
the trainable footprint confined to lightweight projection and
classifier layers while preserving the full contextual capacity
of the pre-trained backbone.

We assign Q to the physicochemical descriptor and K, V
to ESM-2 embeddings to realize attribute-guided retrieval
from a rich contextual “memory.” With this design, a low-
dimensional, interpretable attribute vector issues the query,
and the attention weights a = softmax(Q—\/’Z_T) € RBXIXL

k
reveal which residues and local contexts are most relevant

Attn(Q, K, V) = softmaX<

to those attributes. This improves interpretability—one can
visualize, for a given property, the residue-level hotspots that
the model attends to—while leveraging ESM-2’s well-doc-
umented capacity to encode fine-grained structural and func-
tional signals. Standardizing the physicochemical features
before projection further stabilizes optimization by placing
heterogeneous attributes on comparable scales inside the
scoring term Q—\/[Z_T, which typically yields crisper attention
k

distributions and more reliable training dynamics.

From an engineering standpoint, this allocation of roles
confers two practical advantages under limited data. First, it
enables frozen-backbone training: the large ESM-2 encoder
serves as a fixed repository, while only the compact query
and mapping layers are trained. This reduces overfitting risk
and computational cost, conceptually resembling lightweight
querying modules that extract task-specific information from
frozen encoders. Second, Cross-Attention naturally supports
reading a large memory with a small query, creating an
effective information bottleneck and computational down-
projection reminiscent of latent-array designs that attend
from a small set of queries to long inputs. Together, these
properties allow us to preserve the information content of
both modalities while achieving stable, interpretable, and
sample-efficient fusion.

MLP

The MLP serves as the final decision module that maps the
fused representation to a calibrated probability of the ACP
class. Its input is a 256-dimensional context vector per pep-
tide, obtained by querying the Transformer-refined ESM-2
token features with the handcrafted descriptor query through
Cross-Attention. The MLP outputs p(y =1 | x) € [0,1]
through a sigmoid, which we threshold at 0.5 for class labels
while also using the raw probabilities for AUC and related
metrics. In our model, the MLP is a three-layer perceptron:
256 — 128 — 64 — 1. Each hidden layer uses ReLU acti-
vations and dropout (rate 0.3) to improve generalization.
Concretely,

h; = ReLU(W,x + b, ), h; = Dropout (h,) (6)
h, = ReLU(W,h, + b,),h, = Dropout(h,) (7)
p =o(wih, + by) )

This design provides sufficient nonlinearity to capture
interactions among fused features without introducing exces-
sive depth or parameters that could overfit the relatively
short peptide inputs.

A shallow, regularized MLP is well suited to our upstream
encoder—fusion stack: since the Cross-Attention already
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yields a compact, task-aware summary, the classifier mainly
separates classes in latent space rather than learning new
high-level abstractions. Two hidden layers (128 and 64 units)
strike a balance between capacity and stability, while drop-
out and weight decay (used during optimization) mitigate
overfitting. The sigmoid output supports probability-based
evaluation and class-imbalance—aware training. However, in
training, we optimize the entire network end-to-end with
Adam (learning ratel x 107, weight decay, 1 x 107 ). To
handle class imbalance and hard examples, we couple the
sigmoid output with focal loss(y = 2.0, = 0.25), which
down-weights easy negatives and sharpens gradients on
difficult samples. This pairing improves robustness without
altering inference-time behavior of the MLP.

Performance evaluation strategies

To ensure a fair comparison with previous models, we
employed five common statistical metrics [55]: accuracy
(ACC), Matthews correlation coefficient (MCC), sensitiv-
ity (Sn), and specificity (Sp). Additionally, considering the
imbalance in our training and testing datasets, we included
area under the curve (AUC) and the F1 score in our evalu-
ations. The equations for calculating these metrics are pre-
sented below:

_ TP+TN
ACC = TP+TN+FP+FN ®
MCC = (TPXTN)—(FPXFN)
\/(TP+FP)(TP+FN)(TN+FP)(TN+FN) (10)
_ TP
SN = oerm an
_ 1IN
Sp = TN+FP (12)

2XPrecisionXRecall
F ISCOr = ————"—"
Precision+Recall ’ (13)

where TP, TN, FP, and FN represent the counts of true posi-
tives, true negatives, false positives, and false negatives,
respectively. Additionally, we calculated the Precision-
Recall (PR) curve to further assess the model’s performance.

These metrics provide a comprehensive evaluation of the
model’s classification capabilities, particularly in the context
of imbalanced datasets where traditional accuracy may not
fully capture performance nuances.

Results
Ablation study

To elucidate the influence of each major component of our
architecture on predictive performance, we performed abla-
tion studies on four modules—ESM-2, Traditional Descrip-
tors (TD), the Transformer encoder, and the Cross-Attention
block—as well as on different combinations of features
within the TD set. We adopted tenfold cross-validation
[56, 57] partitioning the dataset into ten non-overlapping
folds. In each round, ninefold were used for training and the
remaining fold for evaluation, with results reported as the
mean =+ standard deviation across folds.

To further elucidate the impact of each traditional descrip-
tor subset, we evaluated DPC alone as well as its pairwise
and full fusions with AAC and PCP, the results are shown
in Table 2. The full fusion (ACP-EPC) concatenates AAC,
DPC, and PCP into a 429-dimensional vector; pairwise
fusions yield 420-dimensional (DPC + AAC) or 409-dimen-
sional (DPC + PCP) vectors. DPC alone establishes a strong
baseline (ACC=0.9166+0.0175, Sn=0.8028 +0.0559,
Sp=0.9540+0.0272, MCC =0.7754 +0.0452). ACP-EPC
was therefore adopted as the default descriptor set for all
subsequent experiments, owing to its consistent improve-
ments in ACC and MCC and its negligible runtime overhead.
Lower-dimensional fusions required linear projection to 256
dimensions, which risked distorting feature correlations
and amplifying noise. These combinations were therefore
excluded. When fused with AAC, DPC achieves the high-
est sensitivity of all configurations (Sn=0.8236+0.0359),
together with modest gains in ACC (ACC=0.9187+0.0251)
and MCC (0.7827 +0.0599). In contrast, the DPC + PCP
fusion attains the highest Sp (Sp=10.9628 +0.0223),
improving false-positive control while maintaining ACC
(0.9181+0.0185) and MCC (0.7762 +0.0496) comparable
to the DPC baseline. The ACP-EPC configuration delivers

Table 2 Ablation of traditional descriptor blocks (AAC, DPC, PCP) and their pairwise fusions

Feature combina- ACC Sn Sp McCC Time/Epoch
tion

DPC (400) 0.9166+0.0175 0.8028 +0.0559 0.9540+0.0272 0.7754 +0.0452 0.74+0.05

DPC+AAC (420)  0.9187+0.0251 0.8236+ 0.0359 0.9500+0.0304 0.7827 +0.0599 0.81+0.19

DPC+PCP (409)  0.9181+0.0185 0.7821+0.0435 0.9628 + 0.0223 0.7762+0.0496 0.76 +£0.03

ACP-EPC (429) 0.9232+0.0192 0.8133+0.0501 0.9594 +0.0211 0.7920 + 0.0515 0.79 £0.06
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the best overall performance, ACC=0.9232+0.0192,
MCC=0.7920+0.0515, while preserving a balanced Sn/
Sp profile (Sn=0.8133 +0.0501, Sp=0.9594 +0.0211).

These findings highlight the complementary contribu-
tions of the descriptor modules. DPC encodes local sequence
context, AAC captures global compositional bias that pri-
marily enhances Sn, and PCP encodes interpretable phys-
icochemical constraints (e.g., net charge, hydrophobicity
and secondary-structure propensities) that predominantly
improve precision. Their combination establishes a more
reliable decision boundary, as reflected by the highest
MCC. Efficiency losses are minimal: DPC alone requires
0.74 +0.05 s per epoch, ACP-EPC incurs only a 7% increase
in computational time (0.79 +0.06 s/epoch), and pairwise
fusions fall within 0.76-0.81 s/epoch.

Table 3 summarizes the contribution of each architectural
component—ESM-2 contextual embeddings, traditional
descriptors (AAC + DPC + PCP), Cross-Attention fusion,
and the Transformer encoder—by comparing four configu-
rations. Using only traditional descriptors yields the weakest
performance (ACC=0.9085+0.0188, Sn=0.7562+0.0381,
MCC=0.7454 +0.0571), indicating that handcrafted fea-
tures alone are insufficient for robust discrimination despite
low runtime. Using only ESM-2 provides a strong baseline
(ACC=0.9222+0.0176, MCC =0.7867 +0.0440) with
high specificity (Sp=0.9626 +0.0173) but lower sensi-
tivity (Sn=0.7975 +0.0542), suggesting that contextual
sequence signals alone bias the model toward conservative,
high-Sp decisions. Adding Cross-Attention fusion without
the Transformer (‘No_Transformer’) modestly improves per-
formance (ACC=0.9232+0.0123, MCC=0.7902 +0.0287)
and yields the best Sp (Sp=0.9657 +0.0226), reflecting the
role of physicochemical priors in reducing false positives.
The full model (ACP-EPC), which refines ESM-2 features
with a Transformer encoder before fusion, matches the
highest accuracy (ACC=0.9232+0.0192) and achieves
the best MCC (0.7920+0.0515) while delivering the high-
est sensitivity (Sn=0.8133 +0.0501) with only a minor
decrease in Sp (Sp=0.9594 +0.0211). This pattern indi-
cates that the encoder enhances recall by sharpening con-
text around motif-bearing positions, and the fusion with
interpretable descriptors stabilizes the decision boundary,
yielding the most balanced error profile. Although ACP-
EPC requires the longest epoch time (0.79 +0.06 s) rela-
tive to ESM-2-only (0.49 +0.04 s) and fusion without the

encoder (0.55+0.03 s), this modest overhead is warranted
by its superior MCC and Sn—metrics that are critical for
high-recall screening of candidate ACPs. ACP-EPC was
therefore adopted as the default configuration in subsequent
experiments.

Interpretability analysis

In this section, we applied t-Distributed Stochastic Neigh-
bor Embedding (t-SNE) [58] to project and visualize the
representations generated by the model’s core module. We
further computed SHAP values for the top-40 handcrafted
features obtained from traditional feature extraction methods
to quantify their individual contributions. Finally, since our
architecture performs token-level fusion via Cross-Attention,
we analyze position-specific attention patterns across all
positive sequences in the training set by comparing atten-
tion score as a function of residue position, thereby revealing
conserved, high-salience regions emphasized by the model.

Figure 3 (A) visualizes four stages of the pipeline using
t-SNE, (I) traditional handcrafted features, (II) mean-pooled
ESM-2 embeddings, (IIT) token-level Cross-Attention out-
put, and (IV) the pre-classifier layer, on the Training set
and two datasets (ACP135, ACP99). Across all datasets, the
embeddings progress from partially overlapping clusters in
(I) to markedly separated ACP vs. non-ACP manifolds in
(II)—V). The tightening of within-class structure and wid-
ening inter-class separation after Cross-Attention and the
final encoder indicate that token-level fusion yields more
discriminative and transferable representations, rather than
merely overfitting geometric structure.

Figure 3 (B) presents SHAP-based feature rankings
according to their contributions to ACP prediction. Posi-
tive SHAP values, which is shown in red, shift predictions
toward the ACP class, whereas negative values, which is
shown in blue, shift them toward the non-ACP class. In the
feature importance analysis, four global descriptors, pl, net
charge, a-helix propensity, and polarity emerged as the most
influential. These were followed by secondary contributors
including molecular weight, -sheet propensity, bulkiness,
hydrophobicity, and average flexibility. Below these, residue/
dipeptide features exert smaller, context-dependent effects.
This organization indicates that the classifier relies primar-
ily on global electrostatic and conformational cues and only
secondarily on local sequence motifs. A strong, positive

Table 3 Architectural ablation

. ACC Sn Sp MCC Time/Epoch
of ESM-2 embeddings,
traditional descriptors, Cross- ESM-2 Only 0.9222+0.0176  0.7975+0.0542 0.9626+0.0173 0.7867+0.0440 0.49+0.04
Attention fusion, and the
No_Transformer 0.9232+0.0123 0.7954+0.0611 0.9657 +0.0226 0.7902+0.0287 0.55+0.03
Transformer encoder
Traditional Only 0.9085+0.0188 0.7562+0.0381 0.9593+0.0184 0.7454+0.0571 0.16 +0.09
ACP-EPC 0.9232+0.0192 0.8133+0.0501 0.9594+0.0211 0.7920+0.0515 0.79+0.06
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Fig.3 Representation analysis and interpretability of ACP prediction.
A t-SNE visualizations of sample representations at four stages of the
pipeline. Rows (I-IV) show I) traditional handcrafted features; II)
ESM-2 sequence embeddings (mean-pooled); III) outputs after token-
level Cross-Attention fusion; IV) the pre-classifier layer outputs. Col-
umns correspond to the Training set, ACP135 and ACP99. Points
are colored by class (red: ACP; blue: non-ACP). B SHAP summary
for the top-40 handcrafted features. Each point represents a sample’s

attribution for pI and net positive charge is mechanistically
consistent with cancer cell membranes, which present a
more anionic outer leaflet in part due to externalized phos-
phatidylserine. Cationic peptides are electrostatically cap-
tured by such surfaces, enhancing selective binding to tumor
cells over healthy cells. The SHAP pattern, high pl/charge
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L (G
SHAP value for a given feature; horizontal position indicates impact
on the model output (logit), and color encodes the original feature
value (high to low). Features are ordered by mean SHAP. C Token-
level Cross-Attention saliency across all positive sequences in the
Training set. Rows denote sequences (aligned by residue index), col-
umns denote positions, and the color scale shows normalized atten-
tion weights. Recurrent high-salience bands indicate positions con-

sistently emphasized by the model

values shifting predictions rightward, accords with this elec-
trostatic capture model and with reports that ACP activity
tracks the interplay of net charge and membrane composi-
tion [43, 59]. The prominent, positive influence of a-helix
propensity likewise mirrors biophysics: many ACPs are
amphipathic helices that are disordered in aqueous solution
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but fold upon contacting lipid bilayers, where their segre-
gated hydrophobic and cationic faces enable insertion, pore
formation, or carpet-like disruption. The model’s emphasis
on helical readiness therefore reads as a proxy for membrane
active architecture rather than overfitting to sequence idi-
osyncrasies [60, 61]. Hydrophobicity shows a moderate yet
bidirectional contribution, sometimes pushing predictions
toward ACPs, sometimes toward non-ACPs, indicating that
the model captures the need for balance rather than mono-
tonic increases. Sufficient hydrophobic surface is required
for bilayer partitioning and translocation, but excessive
hydrophobicity can erode selectivity and raise nonspecific
cytotoxicity; SHAP’s spread around zero is congruent with
this trade-off [62]. At the amino-acid level, features enriched
in Lys/Arg tend to nudge predictions toward ACPs, in line
with the role of guanidinium (A) and e-amino (L) groups in
mediating strong electrostatic and hydrogen bonding inter-
actions with anionic phospholipids, while also contributing
to snorkeling and amphipathic packing on a helical face.
Acidic residues (Asp/Glu) more often pull the prediction
leftward, opposing cationic character. These residue-level
attributions are expected from sequence statistics and phys-
icochemical studies of cationic, helix-forming ACPs [48].
Finally, the comparatively smaller and sometimes negative
impact of -sheet propensity relative to helical propensity
reflects the empirical predominance of helical scaffolds
among membrane-disruptive peptides, while acknowledg-
ing that f-sheet ACPs exist but are less frequent in datasets
of membrane active sequences. The model’s weighting thus
aligns with known structure function trends rather than arbi-
trary feature preference [63]. Overall, the SHAP analysis
recapitulates mechanism-grounded determinants of ACP
activity in ACP135, high pl, and positive charge for electro-
static targeting of PS-rich cancer membranes, strong a-helix
propensity for amphipathic insertion, and disruption and a
tuned hydrophobic profile that balances membrane engage-
ment with selectivity. This concordance between model
explanations and biophysics supports the reliability of our
classifier and suggests practical design levers Lys/Arg rich,
helix-forming sequences with moderated hydrophobicity.
Figure 3 (C) depicts residue and position-specific sali-
ency scores learned by the classifier from aligned anticancer
peptides. All positive peptides from the training set were
first aligned using Clustal Omega [64] to place homologous
residues within a common multiple sequence alignment
(MSA) frame, providing a biologically meaningful coordi-
nate system for comparing attention across peptides. From
the trained model, we extracted Cross-Attention weights
where physicochemical descriptors served as Q and ESM-2
embeddings as K/V. For each aligned column, weights were
aggregated across peptides and then min—max normalized
within that column to emphasize intracolumn differences.
The heatmap plots amino-acid types (y-axis) against aligned

positions (x-axis); color encodes normalized attention (red,
high; white, intermediate; blue, low), while blank cells
denote alignment-induced gaps.

The saliency pattern is heterogeneous across positions
and tends to concentrate in columns with high residue occu-
pancy. Although gaps are introduced by the MSA, the model
assigns negligible attention to these regions; instead, posi-
tions that are alignment-stable and consistently populated
accumulate stronger, more coherent attention. Recurrent
vertical bands of high attention mark positions repeatedly
emphasized by the model, consistent with residues previ-
ously implicated in ACP activity. In particular, cationic
residues (Lys, Arg), aromatics (Trp, Phe, Tyr), and hydro-
phobics (Leu, Ile, Val) receive higher attention, whereas col-
umns dominated by polar uncharged residues (Ser, Thr, Asn,
Gln) or helix-disrupting residues (Gly, Pro) exhibit lower
attention [63, 65, 66].

Several segments display alternating red—blue patterns
with a periodicity of about 3—4 residues, echoing the amphi-
pathic cadence characteristic of a-helical surfaces [67]. This
suggests that the model captures not only local residue iden-
tity but also higher-order physicochemical motifs relevant to
membrane interaction and selectivity. Taken together, the
visualization indicates that the classifier prioritizes evolu-
tionarily conserved, mechanistically meaningful features
over incidental sequence variation, thereby improving the
biological interpretability of its predictions.

Performance analysis

To better evaluate the performance of our model on the
ACP135 and ACP99 datasets, we utilized Kernel Density
Estimation (KDE) [68] to illustrate the predicted prob-
abilities for each sample. Additionally, we analyzed the
Receiver Operating Characteristic (ROC) curves for both
datasets. Given the class imbalance, we further included
Precision—Recall (PR) curves to assess performance across
thresholds. Compared to ROC curves, PR curves offer more
insightful evaluations of the model’s ability to predict the
minority class in imbalanced datasets. The results are sum-
marized in Fig. 4.

For the ACP135, shown in Fig. 4(A), the class-condi-
tional score densities are clearly bimodal: non-ACPs concen-
trate near the lower tail (0-0.2), whereas ACPs cluster near
the upper tail (0.9-1.0). A modest overlap appears in the
mid-range, reflecting a small cohort of borderline sequences
with indistinct physicochemical signatures or conflicting
contextual cues. The ACP mode is broader than the non-
ACP mode, suggesting slightly greater heterogeneity among
positives, consistent with diverse anticancer mechanisms.
From a decision-theoretic perspective, the Bayes-optimal
threshold would lie near the intersection of the densities,
enabling high specificity with minimal sensitivity loss.
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Fig.4 Performance of ACP-EPC on ACP135 and ACP99. A KDE
of predicted probability p(y = ACP) on ACP135. Blue means ACPs;
orange means non-ACPs. ACPs cluster near 1.0 and non-ACPs near
0.0 with limited overlap, indicating strong separability. B KDE of
p(y =ACP) on ACP99. C ROC for ACPI135 (blue) and ACP99
(orange); axes: TPR vs FPR. The dashed diagonal denotes random.

Compared with ACP135, ACP99, shown in Fig. 4(B), shows
tighter, more peaked modes at the extremes and markedly
reduced overlap, implying a larger margin between classes
and higher confidence in individual predictions. The nar-
row dispersion of ACP scores near 1.0 and non-ACP scores
near 0 suggests low aleatoric uncertainty and well-aligned
feature representations. Practically, a wide interval of thresh-
olds would yield similar operating characteristics, making
deployment less sensitive to threshold tuning. Score dis-
tributions indicate robust separability overall—near-linear
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ACP99

separability on ACP99 and strong, though not perfect, sepa-
rability on ACP135 with ambiguity confined to a narrow
probability band.

The ROC curves, shown in Fig. 4(C), approach the
upper-left envelope on both datasets, with AUC =0.9682
(ACP135) and 0.9933 (ACP99), evidencing excellent thresh-
old-independent ranking. The steep initial ascent shows that
high true-positive rates are attainable at negligible false-pos-
itive rates—especially on ACP99, consistent with its sharper
class-conditional densities. Operating at the Youden-optimal
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point [69, 70] would yield high sensitivity with only a minor
specificity trade-off, aligning with the observed margins.

Considering the inherent class imbalance in the data-
sets, PR curves, shown in Fig. 4(D), remain near the upper
envelope, with PR-AUC =0.9496 (ACP135) and 0.9869
(ACP99). Precision is sustained over a wide recall range,
indicating that high-scoring predictions are rarely spurious;
only at extreme recall on ACP135 does precision taper, mir-
roring the ambiguous mid-probability region. These profiles
imply strong early enrichment (high precision at moderate
recall) and competitive F1 across plausible thresholds,
favorable for screening pipelines where false discoveries are
costly. The PR results demonstrate resilience to class imbal-
ance, confirming that the model maintains a low false-dis-
covery rate while recovering most true positives—approach-
ing saturation performance on ACP99 and showing robust,
stable behavior on ACP135, with limitations mainly due to
a small subset of borderline cases.

Performance comparison with previous
models

In this section, we compared the performance of our model
with previous approaches on the ACP135 and ACP99 data-
sets. On ACP135, which is shown in Table 4, our model
achieved ACC of 0.935, Sn of 0.859, Sp of 0.964, and MCC
of 0.835, representing improvements of 2.6% in ACC and
6.5% in MCC over the previous best results. On ACP99,
which is shown in Table 5, the model obtained ACC of
0.984, Sn of 0.980, Sp of 0.987, and MCC of 0.993, surpass-
ing the prior model by 5.8% in ACC, 4.3% in Sn, 6.9% in Sp,
and 0.15 in MCC. Considering that our model was trained
with just one training set, it achieved high performance on
two datasets, compared with some existing methods, with
similar values for ACC and Sp.

The marked performance gains arise from three design
choices. First, we leverage a state-of-the-art protein pre-
trained language model (ESM-2) to obtain rich, con-
textualized token embeddings that capture long-range,

Table 4 Performance comparison of ACP- EPC with existing meth-
ods on ACP135

Model ACC Sn Sp MCC
ACPred-BMF 0.669 0.838 0.429 0.296
ACP-MHCNN 0.590 0.783 0.338 0.136
ACPred 0.857 0.914 0.719 0.648
iDACP 0.879 0.861 0.975 0.687
mACPpred 0.871 0.879 0.838 0.659
ACP-ML 0.909 0.939 0.830 0.770
ACP-EPC 0.935 0.859 0.964 0.835

Table 5 Performance comparison of ACP-EPC with existing methods
on ACP999

Model ACC Sn Sp MCC
mACPpred 0.895 0.882 0.918 0.777
ACPred 0.864 0.896 0.814 0.714
ACP-MHCNN 0.699 0.738 0.625 0.354
ACPred-BMF 0.758 0.920 0.629 0.561
ACP-ML 0.926 0.937 0.908 0.843
ACP-EPC 0.984 0.980 0.987 0.993

structure-aware dependencies. Second, we complement
these embeddings with interpretable, sequence-level phys-
icochemical descriptors derived via traditional feature
engineering. Third, we introduce a Cross-Attention module
that injects the global physicochemical profile into every
token representation, ensuring that each token encodes not
only local sequence context, via positional encoding and
self-attention, but also global physicochemical signals pro-
vided by the handcrafted features. This fusion yields more
expressive and balanced representations, underpinning the
observed improvements.

Discussion

In this study, we present ACP-EPC, a deep learning model
designed for the rapid and accurate identification of ACPs.
The model employs a Cross-Attention mechanism to inte-
grate features extracted using multiple feature extraction
methods. During the feature extraction stage, we utilized
four traditional feature extraction methods to capture
physicochemical properties related to the functionality
of ACPs. Additionally, we leveraged the 650 M-param-
eter version of ESM-2 to extract sequence features. The
two types of features were then fused using the Cross-
Attention mechanism. The resulting features passed into
a MLP for classification. We evaluated our model on two
datasets, ACP135 and ACP99, which are characterized by
the removal of homologous sequences and significant dif-
ferences in sequence length and amino-acid distribution.
On these datasets, our model demonstrated significant
improvements over existing models in terms of ACC, Sp,
and MCC. Specifically, on the ACP135 dataset, the model
achieved an ACC of 0.935 and MCC of 0.835, while on the
ACP99 dataset, it achieved an ACC of 0.984, Sn of 0.980,
Sp of 0.987, and MCC of 0.993. These results highlight
the high accuracy and excellent generalization ability of
our model in the domain of ACP identification, meaning
that researchers can use our model to quickly perform pre-
liminary screening of thousands of candidate peptides. In
the actual drug development process, researchers do not
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need to conduct individual studies and analyses on each
peptide. Instead, they can efficiently identify peptides with
anticancer potential through our model, thereby signifi-
cantly reducing the number of samples required for drug
experimentation. This not only reduces the cost and time
required for the development of anticancer peptide drugs
but also enhances the efficiency of the research and devel-
opment process. We attribute the superior performance of
ACP-EPC to its deliberately layered feature engineering
strategy. First, the PLM (ESM-2, 650 M parameters) cap-
tures fine-grained positional dependencies among residues,
implicitly encoding structural and evolutionary contexts of
each peptide. Second, we manually encode a comprehen-
sive suite of physicochemical descriptors that summarize
physicochemical attributes critical to anticancer activity.
By integrating these two complementary representations
through a Cross-Attention module, the model learns a
synergistic, information dense feature space that simulta-
neously preserves high-level contextual relationships and
low-level physicochemical signals. This enriched represen-
tation underpins the marked gains in accuracy, specificity,
and MCC observed across diverse benchmark datasets.

Despite these promising results, the model remains lim-
ited in certain respects. The ESM-2 embeddings were used
without fine-tuning due to the small dataset size, and the
physicochemical property descriptors may not comprehen-
sively capture ACP functionality. Addressing these gaps will
require collaboration with experimental research teams to
better understand the mechanistic basis of ACP activity.

To address these challenges, the future work will focus
on expanding ACP datasets and refining physicochemical
descriptors through experimental studies under varying envi-
ronmental condition. These efforts are expected to enhance
the robustness, recognition performance, and generalization
ability of ACP-EPC, thereby advancing its applicability in
anticancer peptide discovery.
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