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DNA-binding proteins (DBPs) are fundamental to many key cellular processes, possessing distinct binding do-
mains, differential affinities for single- and double-stranded DNA structures, and playing roles in fundamental
biological functions such as DNA replication and gene regulation. They are intimately linked to the pathological
mechanisms of diseases like neurodegenerative disorders and cancers, making their prediction pivotal for
unraveling protein function and disease mechanisms. However, conventional experimental techniques for DBP
identification are temporally inefficient, labor-intensive, material-intensive and pricey. Existing DNA-binding
protein prediction models either lack integration with pre-trained protein language models, primarily relying
on manually constructed features, or despite utilizing pre-trained language models, fail to extract sufficiently
effective information from the features generated by these models. Hence, a pressing imperative persists to devise
robust computational frameworks capable of precise and efficient DBP delineation. In this study, we propose a
novel deep learning-based method named CNNCaps-DBP for the accurate prediction of DBPs from primary
sequence information. Our methodology incorporates the pre-trained protein language model ESM C and en-
hances the embeddings via an attention augmented convolution module. The extracted features are then passed
through a hybrid deep learning framework consisting of Capsule network and MLP to construct the final pre-
dictive model. To optimize the model’s training process, we applied a dynamic learning rate scheduler utilized
for lessening the risk of premature convergence and enhance the robustness of the learning process. Experimental
results show that CNNCaps-DBP significantly outperforms previous models in terms of predictive performance.
To further validate the robustness of the proposed model, we evaluated it on additional independent datasets,
where CNNCaps-DBP consistently outperformed state-of-the-art methods. In addition, we conducted two case
studies to interpret the predictions of our model, which demonstrates the strong predictive capability for DBP
identification. The source code used in this study is available at: https://github.com/YZYAlex/CNNCaps-DBP.

1. Introduction et al., 2021; Gupta et al., 2021). The mechanisms for DNA - protein

recognition comprise direct base-amino acid interactions as well as in-

The fundamental basis of many critical cellular processes lies in
DNA-protein interactions (Zhang et al., 2022). Approximately 6-7 % of
proteins within eukaryotes partake in interactions with DNA. These
proteins feature unique DNA - binding domains and display distinct
affinities toward single - stranded and double - stranded DNA (Attali
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direct contributions derived from conformational energy, which arises
from DNA deformations and elasticity (Arora et al., 2023). DNA-binding
proteins (DBPs) occupy extremely significant positions in the biology of
living organisms (Dai et al., 2018; Castello et al., 2013; Wei et al., 2021;
Shao et al., 2024), which engage in multiple key biological processes,
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encompassing DNA replication, gene regulation, repair, and modifica-
tion (Liu & Yan, 2012; Ren et al., 2000; Abdelkader & Kim, 2024). The
investigation into DNA - binding proteins, including TDP - 43, helicase
chromodomain proteins, and those featuring methyl - CpG - binding
domains, has significantly advanced the identification of pathologies
such as neurodegenerative diseases and cancers (Lye & Chen, 2022;
Alendar & Berns, 2021; Zhang et al., 2021; Wei et al., 2024; Jin et al.,
2022). Therefore, accurate prediction of DBPs is paramount for eluci-
dating the functional characterization of proteins. Substantial proteomic
endeavors at scale, predicated upon biochemical paradigms, have been
spearheaded to prognosticate DNA-binding proteins (DBPs), encom-
passing X-ray crystallography, microarray analysis, and chromatin
immunoprecipitation. While these methods increased a number of
experimentally determined DBPs, they are time-prohibitive, person-
nel-intensive, material-intensive and expensive, greatly limiting their
scalability and applicability.

To overcome these constraints, algorithmic modalities have been
increasingly employed to predict DBPs, proving accurate and cost —
effective (Xu et al., 2021; Lin, 2024). Thus far, computational algorithms
have been developed to predict DBPs, encompassing approaches
grounded in machine learning and deep learning. Methods such as
DPP-PseAAC (Rahman et al., 2018), iDNA-Prot|dis (Liu et al., 2014),
iDNA-Prot (Lin et al., 2011), PseDNA-Pro (Liu et al., 2015), IKP-DBPPred
(Quetal., 2017), PSFM-DBT (Zhang & Liu, 2017), TargetDBP (Hu et al.,
2019), Deep-WET (Mahmud et al., 2024), employ various feature
extraction methods and model architectures to predict DBPs. To address
the issue of high computational cost associated with using traditional
evolutionary information, some research used PSSM as an evolutionary
feature for prediction tasks. Sun et al. (Sun et al., 2024) combined a
novel protein feature extraction approach with PSSM matrices and
commonly used feature extraction methods for accurately predicting
DBPs. In LBi-DBP (W. Zeng et al., 2024), authors fed the PSSM and other
features into a model leveraging Bi-LSTM for DBP prediction. However,
the process of extracting the protein PSSM matrix is highly complicated
and requires considerable computational power.

In addition to evolutionary information, some studies also utilized
other features (Wang et al., 2015). In DRBPPred-GAT (Zhang et al.,
2024), one evolutionary information feature, sequence information
feature and six physicochemical property features serve to capture the
characteristics of DNA-binding. Deep-WET (Mahmud et al., 2024) is
another proposed DBP predictor in which three word embedding ap-
proaches are used for feature encoding, with these features dynamically
fused by the DE algorithm. These researches have underscored that
choosing appropriate feature extraction methods is a crucial factor in
accurately predicting DBPs. Many studies have utilized pre-trained
models like ESM 2 for the classification of proteins (Luo et al., 2025;
Geng et al., 2025; Lv et al., 2025; Li et al., 2024; Chen et al., 2025).
Cordoves-Delgado et al. (Cordoves-Delgado & Garcia-Jacas, 2024) used
a framework based on ESMFold and ESM 2 to predict antimicrobial
peptides. In predicting IL13-inducing peptides, Kurata et al. (Kurata
et al., 2024) integrated various machine learning and deep learning
methods with ESM 2. Zeng et al. (S. Zeng et al., 2024) used ESM 2 to
fine-tune the parameters, improving the prediction of signal peptides.
And Sanaboyana et al. (Sanaboyana & Elcock, 2024) used
AlphaFold2-predicted protein structures to improve the signal and
transit peptide predictions. Although these studies have extracted rich
protein features using pre-trained models or other methods, the tradi-
tional convolutional modules they employed in the subsequent extrac-
tion of effective information from these features have resulted in some
loss of information.

Since the pooling layers in convolutional networks can’t preserve the
hierarchical structure information of proteins, some studies have started
using capsule networks for protein classification to tackle this issue.
EmbedCaps-DBP (Naim et al., 2023) leveraged protein sequence
embedding combined with a capsule network for DBP prediction.
Conversely, Mursalim et al. (Mursalim et al., 2025) adopted a hybrid
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approach integrating GRU, Bi-LSTM, and capsule network architectures
to enhance the predictive performance of DBPs. In ACP-CapsPred (Yao
et al.,, 2024), authors used a capsule network-based framework to
improve the identification and functional prediction of anti-cancer
peptides. And pNPs-CapsNet (Akbar et al, 2025) integrated the
pre-trained model and weighted multi-image features with capsule
network. These studies utilized capsule networks to ensure the preser-
vation of spatial location and hierarchical relationships of features;
however, the characteristics they extracted limited the performance of
their models, as the methods of feature extraction were overly tradi-
tional or the extracted features were too simplistic.

Although existing methods have achieved promising results in DBP
prediction, they still largely lack the integration of pre-trained protein
language models, which have been broadly adopted for the prediction of
other proteins. Most approaches rely primarily on handcrafted features
derived from sequence information, physicochemical properties and
evolutionary information, without fully exploiting the powerful
sequence representation and contextual understanding capabilities
offered by large-scale protein language models. And research that uti-
lizes pre-trained language models have failed to extract sufficiently
effective information from the features derived from these models. To
tackle this shortcoming, we design an innovative predictor named
CNNCaps-DBP, which incorporates the pre-trained protein language
model ESM C with attention-augmented convolution modules
(augmented Conv) and a capsule network (CapsNet). Initially, we use
ESM C to encode protein sequences and extract sequence features as
input for augmented Conv. Augmented Conv (Bello et al., 2019) is
capable of capturing both the local and global information of protein
sequence that contribute to advancing the prediction workflow. These
outputs are then, these outputs are passed to CapsNet, which serves to
model the mutual relationships between features. Finally, input the
output of the CapsNet into a multi-layer perceptron (MLP) to obtain the
prediction result. Compared to previous studies, the features extracted
using ESM C are richer and more comprehensive. And the augmented
Conv we employed allows for the simultaneous extraction of both local
and global features of proteins, addressing the issue of effective feature
loss that arose from the sole use of traditional convolutions in earlier
studies. Additionally, the CapsNet is capable of fully utilizing the
extracted features from the augmented Conv while preserving their
spatial positions and hierarchical relationships, which were overlooked
in prior research. The seminal innovations of the present work can
encapsulate:

1) A pre-trained language model tailored for proteins is employed to
encode protein sequences, fully leveraging its representational
power to automatically capture structural and evolutionary infor-
mation embedded within the sequences.

2) The improved attention-augmented convolution module ad-
dresses the limitation of conventional convolutional networks that
primarily focus on local features. By incorporating an attention
mechanism, it captures deeper relationships among embeddings.

3) On independent test datasets, CNNCaps-DBP exhibits elevated
functionality relative to the state-of-the-art methods (SOTA) models
across multiple evaluation metrics. Furthermore, its predictive
capability is validated on an additional dataset.

4) To enhance model interpretability, we conducted two case studies
by visualizing attention weights associated with DBPs, providing
insight into the decision-making process of the model.

2. Materials and methods
2.1. The framework of cnncaps-dbp
CNNCaps-DBP is constructed through a sequence of steps, including

data preprocessing, ESM C feature encoding, model training, and final
prediction, as illustrated in Fig. 1. At the initial phase, ESM C embedding
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Fig. 1. The overall architecture of CNNCaps-DBP. (A) Dataset and Extended Dataset: The Dataset employed a lower CD-HIT threshold of 0.25 to eliminate redundant
protein chains, while also excluding protein chain sequences with fewer than 50 residues or unknown residues. Positive and negative datasets were randomly chosen
to form training datasets containing 1052 DBPs and 1052 non-DBPs, alongside independent test datasets with 148 DBPs and 148 non-DBPs. The Extended Dataset
includes two subsets designated as PDB1075 and PDB186. Protein sequences derived from these datasets were retrieved from the PDB database and subjected to
rigorous filtering procedures. (B) Sequence Embedding with ESM C: After entering ESM C, protein sequences are first tokenized, then passed into 36 Transformer
layers consisting of multi-head attention mechanisms, FNN and ResNet, and the final sequence features are obtained through layer normalization. (C) Attention
Augmented Convolution: This module consists of a 1D convolution which captures local features and a multi-head attention that captures global features, and fuses
the captured features together, enabling the module to fully capture sequence characteristics. (D) Routing Layer: This module consists of CapsNet and MLP. The
CapsNet consists of a primary capsules layer and a digitcaps layer, with the two capsule layers connected by dynamic routing that can continuously optimize the
connection strength between the two layers of capsules during model training, preserving the spatial hierarchy of features through weighted summation. The MLP
receives the output of the capsule network, and the input data goes through multiple fully connected layers to obtain the prediction result.

feature encoding technique were adopted. And then the features were
fed to the deep learning model based on augmented Conv, CapsNet and
MLP to construct the ultimate prediction models by leveraging the
training and independent test datasets. Specifically, the augmented
Conv incorporates a multi-head attention mechanism and 1D convolu-
tion, combining the ability of convolution to capture local features with
the attention mechanism’s ability to capture global features. The pool-
ing layer of conventional convolution losses the spatial hierarchical
structure of proteins, but CapsNet effectively addresses this issue.
Eventually, the model’s performance was appraised by diverse metrics,
encompassing accuracy, sensitivity, specificity, MCC (Matthews

Correlation Coefficient), AUC (Area Under the Curve) and F1 score.

2.2. Datasets

Developing a reliable, comprehensive and high-quality dataset is
extremely crucial for constructing an effective and stable model. In this
research, we compiled datasets from previous research which were
gathered and mainly utilized by Hu et al. (Hu et al., 2019), who
retrieved both DBP and non-DBP chains from the Protein Data Bank
(PDB). The dataset was first processed by applying a CD-HIT (Chen et al.,
2025) threshold of 0.25 to eradicate redundant protein chains, which
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can effectively reduce the interference of similarity between sequences,
ensuring the diversity of the dataset and providing more representative
samples for model training. Sequences with <50 residues or unknown
residues were then excluded. Positive and negative samples were allo-
cated to the training set and an independent test set in a random manner,
that reduces the noise in the sequential data, ensuring that the infor-
mation learned by the model from the features is more reliable. In
addition, compared to the currently widely used benchmark datasets of
DNA-binding proteins, the DNA-binding proteins in this dataset are
more novel. The training set included 1052 DBPs and 1052 non-DBPs,
whereas the independent set contained 148 DBPs and 148 non-DBPs.
Further details about the dataset partitioning are available in Hu et al.
(Hu et al., 2019). Additionally, two widely acknowledged benchmark
datasets from earlier studies, PDB1075 and PDB186, were utilized in the
generalization experiment. Protein sequences within these datasets
retrieved from the latest iteration of the Protein Data Bank (PDB) (Naim
et al., 2023). PDB1075 was established through the removal of protein
sequences with a length of <50 amino acids and the PISCES 40 software
was used to filter out protein sequences exhibiting a similarity exceeding
25 %. PDB186 was constructed via deletion of protein sequences ( 60
amino acids in length and NCBI’s BLASTCLUST software was utilized to
filter out protein sequences with ) 25 % similarity. Using these widely
recognized benchmark datasets in the generalization experiments will
better illustrate the generalizability of our model. Detailed information
about these datasets is presented in Table 1.

2.3. Feature representation using ESM C

Developed by Meta Al Research, the ESM C protein language model
represents a deep learning-driven solution for forecasting protein
structure and function. By integrating transformer architectures and
evolutionary information, this method processes raw sequence data to
decode protein folding patterns and functional roles, aligning with state-
of-the-art advancements in computational structural biology. Compared
to the previous generation ESM 2 (Lin et al., 2023), ESM C’s inference
speed has significantly improved while maintaining higher accuracy. It
is a pre-trained model for biological sequences, such as the amino acid
sequences of peptides or proteins. The ESM C is based on the Trans-
former architecture which includes Multi-head Attention Mechanism,
Feedforward Neural Network (FNN) and Residual Network (ResNet) and
undergoes unsupervised pre-training on a large-scale protein sequence
dataset. Via learning the evolutionary patterns of protein sequences and
the relationship between structure and function, the ESM C can generate
corresponding latent vectors for protein sequences, encoding their
structural and functional attributes. Additionally, the representations
can serve as computational substrates for specialized biological work-
flows. ESM C effectively instantiates deep learning paradigms to
assimilate protein sequences in a manner isomorphic to natural lan-
guage processing (NLP), leveraging transformer architectures to encode
sequential dependencies and extract contextual embeddings. It is a new
powerful and versatile tools for protein scientific studies. In this study,
we use ESM C-600 m to encode DBPs, where each amino acid in the
sequence is represented by a 1152-dimensional vector. These encoded
representations are subsequently input into our model. And we did not
perform fine-tuning on ESM C in any training processes or experiments.

Table 1

Datasets used for training, independent test and generalization experiment.
Dataset DBPs Non-DBPs
Training Data 1052 1052
Independent Test Data 148 148
PDB1075 525 550

PDB186 93 93
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2.4. Attention augmented convolution (augmented conv)

As a form of deep learning model, Convolutional Neural Networks
(CNNs) are frequently utilized in applications like image and video
recognition, alongside natural language processing tasks (LeCun et al.,
2015; Grinblat et al., 2016; Yan et al., 2025; D. Zhang et al., 2025; Liu
et al., 2019). Within CNN frameworks, deeper convolution layers facil-
itate the extraction of high-dimensional features through sliding con-
volutional kernels that adopt different hyperparameter setups on the
upper layers’ outputs. However, ordinary CNNs can only capture local
features of the data, which still limits their effectiveness in addressing
certain problems. Thus, we use the Attention augmented Convolution
(augmented Conv) (Bello et al., 2019) to replace the ordinary CNNs.

The Attention augmented Convolution published by Bello et al.
(Bello et al., 2019) is used for processing two-dimensional data, which is
not suitable for the protein sequences. Therefore, we replaced the 2D
convolutions with 1D convolutions and slightly modified the multi-head
attention mechanism to ensure that the data from the two channels can
be concatenated correctly.

The following notation is adopted: L and F;, stand for the length and
input filter count of an activation map. For multihead-attention (MHA),
Np, d, and dy respectively indicate the number of heads, value depth, and
query/key depth. It is further assumed that N, evenly divides both d,
and d, with d" and d” representing the depth of values and queries/keys
per attention head.

Receiving an input tensor with shape (L, Fi,), we reshape it into a
matrix X € RI*Fin and implement the multi-head attention mechanism as
described in the Transformer architecture (Vaswani et al., 2017). For an
individual attention head h, the output of the self-attention operation
can be defined as:

(XW,) (XWi)"
d

Oy, = Softmax (XW,) (@]

where Wy, Wy € RFndiand W, € RFnd denote trainable linear projec-
tion matrices that convert the input X into queries vectors Q=XWj, keys
vectors K=XW; and values vectors V =XW,. The outputs of all attention
heads are then aggregated via concatenation and further processed
through an additional projection step:

MHA(X) = Concat[O;, ..., Onp|W° (2)
where WOe¢ R%*d is a learned linear transformation. MHA(X) is
reconfigured as (L, d,) tensors for spatial coherence. Notably, multi-head
attention demands O (L?dy) computation and memory O (L2Ny) due to
per-head attention map retention. The output of the 1D convolution is
formulated as:

Convld(X) = X-K+b 3

where x represents the convolution operation, K is convolution kernel
weights and b is bias term. Mathematically, consider a standard
convolution operator defined by kernel K, with F; input channels and
Fo output channels. Derived attention-augmented convolution is
defined by:

AACony(X) = Concat[Convld(X), MHA(X)] (€)]

where Concat represents concatenate the outputs of 1D convolution and
multi-head attention.

In this study, we connect two enhanced convolutional modules lin-
early. The first convolutional module has a kernel size of 10, an input
dimension of 1152, and an output dimension of 510. The second module
has a kernel size of 5, an input dimension of 510, and an output
dimension of 200. Two modules both have 4 attention heads.
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2.5. Capsule network (CapsNet)

Capsule network is a deep neural network architecture put forth by
Jaiswal et al. (Jaiswal et al., 2018). The typical architecture incorporates
an input layer, followed by a convolutional layer, a primary capsule
layer, a digitcaps layer, a fully connected layer, and culminates in an
output layer. Within the CapsNet architecture, to mitigate error propa-
gation, global parameters are universally employed across layers,
whereas parameter updates are governed by an iterative dynamic
routing mechanism (Zhou et al., 2024). In this research, we use the
primary-caps layer and digit-caps layer of CapsNet.

The forward propagation across capsule layers follows these equa-
tions:

Uy = Wyl (5)
ti= Zcij‘ui (6)
i

where u; denotes the i- th capsule within the primary capsule layer, w;
corresponds to the associated weight matrix, and u;; signifies the input
prediction vector input from the primary capsule layer to the digit
capsule layer, which is generated through the dynamic routing process.
t; serves as the weighted aggregation matrix of u;; and ¢, which can be
through the adjustment of c;. After applying a squashing function to
compress t;, an output vector v; with a magnitude between 0 and 1 is
derived, which can be formulated as:

b lel* &
Tl

)

CapsNet evaluates capsule agreement through the dot product u;;-v;,
while simultaneously refining connection weights b; between primary
and digit capsule layers. A larger value of the coupling coefficient u;
indicates a higher degree of similarity between the representative cap-
sules. The calculation formulas of b; and u; can be expressed as:

bij = bg + Wji-v; (8)
exp (by)
Uj = =——"7— 9
I S exp(bs) ©

Compared to traditional convolution, which compresses features
through max pooling, leading to the loss of spatial hierarchical infor-
mation, making it difficult to capture the structural hierarchical

Algorithm 1
Dynamic Routing for Capsule Layer.
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relationships of complex biomolecules, the CapsNet replaces pooling
with a dynamic routing algorithm, utilizing the inner product of the
prediction vectors from the primary capsule network u;; and the vectors
v; generated by the digit capsule layer to dynamically adjust the weights
of feature transmission c;, preserving the spatial locations and hierar-
chical relationships of features. It provides an efficient solution for high-
dimensional feature classification problems in bioinformatics.

The algorithm introduced in Algorithm 1 outlines the process of
dynamic routing. This algorithm takes primary capsules as input while
introducing an initial weight b. It then uses Softmax to convert b into
coupling factors. Next, the primary capsules are multiplied by the
coupling factors and normalized using the Squash function to obtain
digit capsules. If the number of routing iterations has not reached n, the
initial weightb (b = b + primary capsules x digit capsules) is updated,
and the above operation is repeated.

In this study, the number of input capsules used in the capsule
network is 200, the number of output capsules is 16, the dimension of
the input capsules is 122, the dimension of the output capsules is 16, and
the number of dynamic routing iterations is 3.

2.6. Model training

2.6.1. Dynamic learning rate scheduling

In deep learning, the choice of optimizer and its learning rate are
crucial to performance: excessive rates impede learning, while insuffi-
cient rates delay convergence (Donancio et al., 2024; H.-Q. Zhang et al.,
2025). In mathematics, the learning rate is usually represented by n, and
its update formula is:

0=0—n-VJ(©) 10)

where 0 is the model parameter, and VJ(0) represents the gradient of the
loss function J(6).

In this research, a dynamic learning rate scheduler is employed to
further optimize the model’s training process. ReduceLROnPlateau in
torch is used as a dynamic learning rate scheduler, reducing the learning
rate to half of the original when the number of training rounds surpasses
five, yet the loss score on the validation set fails to decrease. This
learning rate scheduler mechanism facilitates the model’s ability to
surmount local minima in the optimization landscape. Consequently, it
enables our model to explore broader regions of the parameter space,
enhancing the likelihood of converging to more globally optimal solu-
tions. This iterative adjustment of the learning rate serves as a crucial

Input: Vector of each input capsule u predict
Routing iteration count n_iterations
Output: v <—Activation vector of the output capsule
b « zeros[input_caps, output_caps]
for each forward pass do
b.zero_()
Initialize b = 0
forr = 1 : n_iterations do
compute coupling coefficients: ¢ « softmax(b)
c_expanded « c.unsqueeze(2)
s < Y (c ® u_predict)
v « squash(s)
ifr < n_iterations then
foriin 1 to input_caps do
for j in 1 to output_caps do
agreement « dot(u_predict, v)
b < b + sum(agreement)
end for
end for
end if
end for
end for
return v
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regularization strategy, mitigating the risk of premature convergence
and promoting more robust and efficient optimization during the
training process.

2.6.2. Loss function

While using deep learning models to deal with binary classification
problems, the choice of loss function plays a pivotal role in the optimi-
zation direction and final performance of the model. In this research, we
use the Binary Cross-Entropy (BCE) as the loss function and sigmoid as
the activation function. The expression of BCE loss is linearly separable,
which makes it easy to efficiently compute gradients through back-
propagation and it works well with the layered nonlinear trans-
formations of neural networks. In addition, BCE measures the cross-
entropy between the true distribution and the predicted distribution.
Minimizing cross-entropy minimizes the KL divergence between the
data distribution and the model distribution, allowing the model process
to not just center on training set adaptation, while implicitly optimizing
the overall divergence within the predicted distribution and the true
distribution during the optimization, enhancing generalization ability.
The formula for the binary cross-entropy loss function for batch data is
as follows:

St ilogyi + (1 — yi)-log(1 — 31)]
N

Lpce = an
where N denotes the overall count of samples within the batch, i serves
to index each sample, and y; stands for the actual label of the i th sample,
¥ represents the predictive probability output by the model for the i th
sample.

2.6.3. Hyperparameter

In this research, the deep-learning-based predictor was employed for
model training and performance evaluating on Python 3.10.0 and
pytorch 2.2.0 to implement them. We adopted refined parameter con-
figurations for the prediction algorithm, including a batch size 128, 4
hidden layers, learning rate 0.0005 and dropout rate 0.4. All experi-
ments utilized an NVIDIA A100 GPU.

2.7. Evaluation metrics

The performance of CNNCaps-DBP was evaluated using six standard
binary classification metrics (Wang et al., 2024; Xie et al., 2025; Huang
et al., 2025; Huang et al., 2024; Huang et al., 2023): accuracy (ACC),
sensitivity (Sen), specificity (Spe), Matthew’s Correlation Coefficient
(MCQ), precision (Pre), F1 Score (F1) and Area Under the Curve (AUC).
In this research, all our indicators were obtained through five-fold
cross-validation (5-fold-CV).

Sen = %\I 13)
Spe — 1%\] as)
MCC = p ) x({fPX+T;'I;I\;); (ffNXJng;) x (TN + EN) 1>
Pre=tis 16)
e
TPR, = TPl-TfiFN,- 19
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FP;
FPR= pp, 1 TN, 19
" (FPR;.; — FPR;) x (TPR; + TPR;
AUC — Z ( i+1 1) >2< ( i + 1+1) (20)

i=0

where TP, FP, TN, FN denote the counts of true positives, false positives,
true negatives, and false negatives, respectively. TP;, FP;, TN;, FN;
represent the numbers of true positives, false positives, true negatives,
and false negatives, respectively, at the i th classification threshold. TPR;
and FPR; represent the true positive rate and false positive rate at the i th
classification threshold.

3. Results and discussion

3.1. Performance of different manual feature extractions and pre-trained
models

To evaluate the utility of different features for protein sequence
characterization, we employed three manual feature extractions (BE,
AAindex and BLOSUMG62), one secondary structure feature(SecStr)
extracted using DSSP (Hekkelman et al., 2025), and four pre-trained
model (ESM 2-150 m, ESM 2-650 m, ESM C-300 m, ESM C-600 m) to
provide sequence embeddings. And we also concatenated the features of
ESM C-600 m with manually extracted features and secondary structure
feature, aiming to explore whether these traditional features can com-
plement the pretrained model. Secondly, the CNNCaps model employs
5-fold cross-validation (CV). The training set is split into five folds. Per
iteration, four folds are used for training and the fifth serves as the
validation set. Final model performance is assessed by aggregating
outcomes across all five-fold cross-validation applied to the independent
test set. The experimental results of the independent test data were
shown in Tables S1 and S2, while the bar charts of each indication were
depicted in Figs. 2 and 3.

As can be seen in Table S1 and Fig. 2, the performance of the pre-
trained models is significantly better than of the manual feature ex-
tractions and each pre-trained models achieved satisfactory predictive
result. It is evident that relying solely on manual feature extraction al-
lows the model to capture only local characteristics, which limits its
overall performance.

As can be seen in Table S2 and Fig. 3, the combination of ESM C+BE
achieved the highest values in ACC, AUC, MCC, and Pre. The combi-
nation of ESM C+BE+BLOSUM62 achieved the highest values on Sen
and F1. The combination of ESM C+AAindex achieved the highest
values on Spe. Through comprehensive comparison, the BE feature ex-
hibits the best complementary effect with pre-trained models.

Through comparison, the pre-trained model ESM C-600 m achieved
the best performance in term of ACC, AUC, Sen, MCC and F1, eclipsing
all competing pre-trained models and combined features. Specifically,
Spe and Pre are metrics used to measure the accuracy of negative class
recognition and the conservativeness of positive class predictions,
respectively. The ESM 2-150 m model and ESM C+BE+BLOSUM62 both
achieve the higher values for these two metrics, demonstrating their
strong ability to identify non-DNA binding proteins and high conser-
vativeness when recognizing DNA binding proteins. However, they both
perform worse than ESM C-600 m in other metrics. In contrast, ESM C-
600 m offers a more balanced and robust overall performance, partic-
ularly excelling in sensitivity compared to them, making it more suitable
for tasks requiring high sensitivity for DNA binding protein predictions.
Therefore, we choose ESM C-600 m to characterize protein sequences.

3.2. Analysis of architectural components and parameter sensitivity

To study the impact of model architectural and hyperparameters on
model performance, we conducted ablation experiment, replaced the
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augmented Conv with ordinary convolution, and modified the batch size
and optimizer. The focus of the research is to measure the ACC scores of
different combinations while adjusting the model for the purpose of
deriving an optimal architectural arrangement.

3.2.1. Ablation experiment

To gain a clearer understanding of how each module contributes to
the model’s overall performance, we devised an ablation experiment.
Concretely, starting from the complete model, we progressively elimi-
nated individual modules, aiming to observe how these changes impact
model performance.

As shown in Table S3 and Fig. 4A, CNN1 represents the first
augmented Conv, CNN2 represents the second augmented Conv, and
Caps represents the capsule network. The findings demonstrate that the
full-model configuration surpasses all ablation versions across all

evaluation metrics except for Spe, exhibiting substantial performance
advantages. Specifically, when the augmented Conv module is removed,
the model’s Sen, MCC and F1 show a significant decline, indicating that
this module plays an important role in capturing multi-scale features.
When removing the capsule network module, the evaluation metrics
except for Spe all drop show an extremely significant decline, which
undoubtedly indicating that capsule network module plays a key role in
various aspects of the model. Overall, demonstrating strong capabilities
in feature extraction and complementarity, the complete CNNCaps-DBP
model confirms that maintaining its intact design is vital for peak
practical performance.

3.2.2. Performance of augmented conv and ordinary convolution
To investigate whether augmented Conv offers better performance
than ordinary convolution, we designed a comparative experiment.
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under different optimizers.

Specifically, we sequentially replace the two augmented Conv module
with ordinary convolution module.

As shown in Table S4 and Fig. 4B, where a_CNN represents the
augmented Conv and CNN represents the ordinary convolution, the
original model achieved the highest values on ACC, Sen, MCC and F1,
demonstrating significant advantages. In addition to this, in Fig. 4B, the
confidence intervals of various metrics for the original model in five-fold
cross-validation are almost all smaller than those of models with other
layer configurations. This indicates that the augmented Conv module
equips the model for diverse data, enhancing its stability and
generalization.

3.2.3. Analysis of parameter sensitivity

Initially, the effects of different batch size on the performance of the
model were assessed, as illustrated in Table S5 and Fig. 4C. The results
indicate that an increase in batch size enhances metrics such as ACC,
Sen, AUC, MCC and F1. In particular, when the batch size is set to 128,
the best ACC of 0.797 was achieve. Even though changing batch size
doesn’t really affect the ACC much, we’ve seen an important boost in
Sen, MCC and F1 as the batch size increases which shows that this
change has impacted the model’s holistic efficacy.

Subsequently, we investigated how the choice of optimizer influ-
enced the performance of the model, as shown in Table S6 and Fig. 4D
The results indicate that the change of optimizer enhances the ACC, Sen
and F1. And when choosing Adam as the optimizer, the best ACC of
0.797 was achieve. However, the experiment results show that although
changes in the optimizer lead to certain improvements in the model’s
ACC, Sen and F1, they do not yield decisive consequences for the
comprehensive performance of the model.

3.3. UMAP visualization characterizes model effectiveness

As shown in Fig. 5, To evaluate the model’s capacity for learning and
generalization across data distributions, feature spaces from each
module of the CNNCaps-DBP model were visualized using Uniform
Manifold Approximation and Projection (UMAP) (Mclnnes et al., 2018;
Li et al, 2025). This dimensionality reduction technique projects
high-dimensional features onto lower-dimensional manifolds, enabling
clear visualization of distribution patterns. The resulting four subplots
specifically highlight the distribution characteristics of positive samples
within the UMAP space. Within the four subplots, positive samples’
UMAP-space distribution features are visualized in red, whereas nega-
tive samples are shown in green.

Following the processing sequence within the model, we visualized
the distribution of positive and negative samples step by step. Fig. 5A
and B illustrate the distribution patterns of ESM C features after the front
and back augmented Conv processing (CONV 1 and CONV 2). Fig. 5C
and D show the distribution characteristics of the augmented Conv
output features processed by CapsNet and MLP respectively. Sequential
observation reveals that each additional module progressively refines
the encoded features, thereby enhancing the separability of positive and
negative samples in contrast to the preceding stage. This further con-
firms the significance of each module’s design and its contribution to
enhancing the overall model performance. This not only demonstrates
the augmented Conv’s feature extraction capabilities and the CapsNet’s
maximal retention of spatial hierarchical features, but also indicates the
comprehensiveness, accuracy and effectiveness of the sequential fea-
tures extracted by the ESM C model. Specifically, after passing through
the CapsNet, the features show a distinct separation evident in sample
classification. This highlights the CapsNet’s impressive ability to
differentiate between them, and it also indicates the importance of
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spatial hierarchical features for predicting DBPs.

3.4. Comparison with previous methods

The comparison of methods in predicting DBPs is comprehensively
displayed in Table 2 and Fig. 6. The methods evaluated include DPP-
PseAAC (Rahman et al., 2018), iDNA-Prot|dis (Liu et al., 2014),
iDNA-Prot (Lin et al., 2011), PseDNA-Pro (Liu et al., 2015), IKP-DBPPred
(Quetal., 2017), PSFM-DBT (Zhang & Liu, 2017), CoSEF-DBP (H. Zhang
etal., 2025), EmbedCaps-DBP (Naim et al., 2023), TargetDBP (Hu et al.,
2019), Deep-WET (Mahmud et al., 2024), and the proposed method. In
heatmap Fig. 6, the darker the blue shade, the higher the model’s met-
rics. On the flip side, the lighter the blue shade, the lower the model’s
metrics. In our method, apart from Spe and Pre, the other indicators are
in the darkest state, which means our method performs best across these
metrics. The detailed indicators are shown in Table 2. Specifically,
CoSEF-DBP achieved the highest scores in Spe and Pre, demonstrating its
excellent ability to identify non-DBPs. However, the low ACC and Sen
indicate that the model has a very limited ability to accurately identify
DBPs, suggesting that it does not possess substantial bioinformatics
significance. Comprehensive evaluation shows that, among previous
methods, Deep-WET demonstrates the best performance, achieving the

Table 2

Performance comparison with previous methods.
Predictor ACC Sen Spe Pre F1 MCC
IKP-DBPPred 0.5811 0.527 0.6351 0.5909 0.557 0.163
DPP-PseAAC 0.6115 0.5541 0.6689 0.6260 0.588 0.225
iDNA-Prot 0.6216 0.6351 0.6081 0.6184 0.627 0.243
iDNA-Prot|dis 0.6824 0.723 0.6419 0.6688 0.695 0.366
PseDNA-Pro 0.6723 0.7838 0.5608 0.6409 0.705 0.354
PSFM-DBT 0.6858 0.7162 0.6554 0.6752 0.695 0.372
CoSEF-DBP 0.7453 0.6919 0.8185 0.8530 0.751 0.521
EmbedCaps-DBP 0.7609 0.7500 0.7759 0.8225 0.783 0.522
TargetDBP 0.7669 0.7635 0.7703 0.7684 0.766 0.534
Deep-WET 0.7808 0.7805 0.7813 0.8205 0.800 0.559
CNNCaps-DBP 0.7968 0.8068 0.7833 0.8370 0.820 0.588

highest values in ACC, F1, and MCC. Compared with Deep-WET, our
method achieves the highest values across all metrics: an increase of
0.016 points in accuracy (0.7968), 0.0263 points in sensitivity (0.8068),
0.002 points of specificity (0.7833), 0.029 points of MCC (0.588),
0.0165 of Pre (0.8370), and F1 (0.820) improves by 0.020. In particular,
on Sen and MCC, our model surpasses Deep-WET by >0.025 in each
metric, indicating that our model achieves higher performance in
accurately identifying DBPs and overall predictive performance. Un-
doubtedly, these findings underscore the exceptional capability of our
approach in accurately predicting DBPs, identifying true positives, and
reducing false positive rates. This enhancement across all metrics
effectively demonstrates the stability and dependability of the proposed
DBP prediction method, signifying a notable advancement in the field.

To more rigorously verify the superiority of our model, we conducted
paired t-tests with other models on the independent test dataset. Two
reproducible SOTA models were selected for comparison, and their
corresponding t-values and p-values were calculated against our model,
as shown in Table S7. Specifically, when compared with EmbedCaps-
DBP, the p-value was 0.0714, which is slightly higher than 0.05 but
shows a trend toward significance, indicating that our model tends to
outperform the baseline on the independent test set. In contrast, when
compared with CoSEF-DBP, the p-value was 0.0046, significantly lower
than 0.05, demonstrating a highly significant difference between the
two models. This result confirms that the performance improvement
achieved by our model is statistically reliable and not attributable to
random fluctuations.

To demonstrate the practical feasibility and reproducibility of our
model, we compare and analyze the training time, inference time, and
parameter count of CNNCaps-DBP with those of other models which
similarly use pre-trained models to encode proteins. We use the same
computational resources when running these models. As shown in
Table S8, compared to EmbedCaps-DBP and CoSEF-DBP, although our
model has more parameters, its training time is shorter and the inference
time is only slightly different. Notably, compared to CoSEF-DBP, our
training time is only half of theirs. This indicates that our model con-
sumes a certain amount of GPU memory during training; however, the
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Fig. 6. Heat map of the comparison between CNNCaps-DBP and previous models, where darker blue represents higher metrics and lighter blue indicates lower
metrics. CNNCaps-DBP exhibits the deepest blue in ACC, Sen, F1 and MCC, showcasing its outstanding performance.

training time is short, allowing results to be obtained quickly with brief
memory usage. These findings clearly demonstrate the practical feasi-
bility and reproducibility of the proposed model in real-world
applications.

3.5. Case study: revealing the model’s focus on key information through
attention weights

We visualized the attention mechanism in our augmented convolu-
tional model to demonstrate its ability to identify DBPs by exploiting the
biological information encoded in protein sequences. Specifically, we
firstly download the 3D structure of the DBP complexes from the PDB
bank, then we import that 3D structure into PyMOL to show the binding
sites between the protein and DNA. After that, we retrieved the attention
weights from the second augmented Conv module. These attention
weights are associated with each amino acid in the protein sequence,
reflecting the significance of each amino acid during model training. We
plotted the attention weights of the amino acids surrounding the DNA
binding sites for the C chain of 4R28 (Horton et al., 2014), the A chain of
4WZS (Butryn et al., 2015) as shown in Fig. 7, and the A chain of 4WZW
(Qiu et al., 2014) in Fig. S1. In the Fig. 7, A and B show the 3D structure
diagrams and attention heatmaps in which the chroma of the colors
indicates the attention values of individual amino acids of complexes
4R28 and 4WZS. Fig. S1 shows the 3D structure diagrams and attention
heatmaps in which the chroma of the colors demonstrates the attention
values of individual amino acids of complexes 4WZW. It is worth noting
that the amino acid sites with high color intensity on the attention
heatmap match the DNA binding sites shown in the 3D structure, such as
position of 88 of C chain in 4R28, position of 16 and 17 of A chain in
4WZS, and position of 362 of A chain in 4WZW. These observations
attest to the model’s ability to leverage biological features like DNA
binding sites for effective DBP identification, providing indirect support
for our hypothesis.

3.6. Generalization experiment

We trained our model on PDB1075 and evaluated its generalization
performance on the independent test set PDB186. The models that are
compared with ours include: PseDNA-Pro (Liu et al., 2015), DP-Binder
(Ali et al.,, 2019), HMMBinder (Zaman et al., 2017), Local-DPP
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(Kumar and Raghava, 2007), BiCaps-DBP (Mursalim et al., 2023)
DBP-CapsNet (Mursalim et al., 2025). Specifically, since Mursalim et al.
(Mursalim et al., 2025) didn’t name their model, we call their model
DBP-CapsNet to make it easier to describe.

As shown in Table 3, our method reached top accuracy (0.863),
sensitivity (0.959) and an impressive Matthew’s Correlation Coefficient
(0.64). Compared to DBP-CapsNet, having the second-highest accuracy
(0.833) and sensitivity (0.930), our method provides a 0.03point
improvement in accuracy and a 0.029point improvement in sensitivity,
showing its robustness in correctly predicting proteins and high accu-
racy in identifying DBPs. And compared to DP-Binder and Local-DPP
having the second-highest Matthew Correlation Coefficient (0.62), our
method achieves the 0.02 improvement in Matthew Correlation Coef-
ficient, demonstrates the stability and reliability of our model. Although
less specificity than HMMBinder or DP-Binder, this discrepancy reflects
a trade-off between specificity and sensitivity, aimed at prioritizing true
positive identification. The performance metrics highlight the suitability
of our method for tasks where high-confidence positive predictions are
critical.

Similarly, we applied the same paired t-test on the generalization test
dataset (PDB186) to evaluate the stability of our model. As shown in
Table S7, on the PDB186 dataset, the p-values when compared with
BiCaps-DBP (p = 0.0298) and DBP-CapsNet (p = 0.0446) are both below
0.05, indicating that the performance differences between our model
and these baselines are statistically significant. This result undoubtedly
provides strong evidence that the superior performance demonstrated
by our model in the generalization experiments is not the result of
random fluctuations.

4. Conclusions

Characterizing DBPs is crucial for understanding fundamental
protein-DNA binding dynamics and deciphering their associated func-
tional consequences. In this research, we developed a whole innovative
deep-learning predictor named CNNCaps-DBP, aiming to enhance DBPs
prediction accuracy. In CNNCaps-DBP, we use the ESM C pre-trained
model to extract features from protein sequences, and then input those
features into a deep learning predictor composed of two layers of
attention augmented convolution and a capsule network, ultimately
obtaining the prediction results. The analysis of the model on the
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Fig. 7. The attention mechanism reveals the model’s proficiency in pinpointing to identify DNA binding sites. (A) 3D structural diagram and the attention mech-
anism heatmap of the C chain of complexes 4R28, where the attention mechanism weight at position 88 is significantly higher than that of nearby positions. (B) 3D
structural diagram and the attention mechanism heatmap of the A chain of complexes 4WZS, where the attention mechanism weight at position 16 and 17 are higher

than that of nearby positions.

Table 3

Performance comparison with previous methods in DBP186.
Predictor ACC Sen Spe McCC
PseDNA-Pro 0.720 0.795 0.645 0.45
DP-Binder 0.812 0.821 0.802 0.62
HMMBinder 0.690 0.615 0.763 0.39
BiCaps-DBP 0.735 0.848 0.577 0.44
Local-DPP 0.790 0.925 0.656 0.62
DBP-CapsNet 0.833 0.930 0.611 0.58
CNNCaps-DBP 0.863 0.959 0.606 0.64

independent test dataset indicates that, compared to previous studies,
CNNCaps-DBP has achieved breakthroughs in all performance metrics,
which undoubtedly highlights the accuracy, effectiveness, and stability
of CNNCaps-DBP predictions. The improvement in CNNCaps-DBP per-
formance is mainly attributed to ESM C, augmented Conv and CapsNet.
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ESM C extracts various features of protein sequences, while the
augmented Conv captures local features of the sequences and also fo-
cuses on global features through the attention mechanism. The CapsNet
preserves the spatial hierarchy of the sequence to the maximum extent
when reducing dimensions. Specifically, compared to previous research,
ESM C addresses the issue of insufficient comprehensiveness in protein
sequence features and the complexity of the extraction process;
enhanced convolution resolves the problem of traditional deep learning
modules not being able to effectively extract useful information; and
capsule networks maximize the retention of spatial information and
hierarchical relationships within protein features, thereby preventing
feature loss. CNNCaps-DBP is expected to become a powerful tool for
accurately and extensively identifying potential DBPs from sequence
information.

However, this study has several limitations: (1) although ESM C can
extract rich sequence features, there are still shortcomings, such as the
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features of protein secondary and tertiary structures, and functional
domains. (2) the capsule network exhibits high performance, but have
not been directly validated through experiments such as visualization.
(3) lacking wet experiments, the biological validity and interpretability
of the model predictions need to be improved.

In response to the aforementioned limitations, our future work will
focus on these: (1) developing a deep learning model based on graph
convolution to capture more comprehensive sequence features of pro-
teins and identify DBPs with unknown structures. (2) trying to explore
how capsule network improves the predictive capability of the mode by
retaining the hierarchical structure of spatial sequences through visual
experiments. (3) Increasing wet testing in experiments to enhance the
direct biological applicability of research results.

Data availability
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https://github.com/YZYAlex/CNNCaps-DBP.
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