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Abstract: Introduction: The identification of linear B-Cell epitopes (BCEs) is significantly im-
portant for the discovery of drugs, such as antibody production, peptide-based vaccines, and other 
therapeutics. 

Materials and Methods: Unlike traditional laboratory-based methods, computational techniques 
can save cost and time in predicting large-scale BCEs. For this purpose, numerous in-silico meth-
ods have been designed to enhance the overall efficacy of BCE prediction. However, research 
gaps exist for further improvement in the context of using novel feature representations and learn-
ing models for BCE prediction. Therefore, in the present study, we aimed to design a novel se-
quence-based predictor named CoBCEs for screening and discriminating accurate BCEs. The 
proposed CoBCEs model incorporates the notion of graph-based signature, texture-based, and 
protein language model (pLM)-based features to sufficiently explore the local and global evolu-
tionary information from protein sequences alone. Then, we fed the fused features, i.e., ProtVec 
sequence embeddings, Distance-Enhanced Graph (DE-Graph), and term frequency-inverse doc-
ument frequency (TF-IDF), to an ensemble machine learning classifier. 

Results: Experimental results of cross-validation and independent tests on several datasets 
demonstrate that CoBCEs attained superior performance in terms of accuracy, 77.3%, and Mat-
thews correlation coefficient (MCC) of 61.8%, compared with other existing BCE predictors.

Discussion: Detailed data analyses show that the major advantage of CoBCEs lies in the com-
bined utilization of graph-based and pLM-based features, which extract more discriminative in-
formation from sequences. In the future, we aim to develop a publicly available web server using 
biological language models for large-scale BCE peptide prediction.

Conclusion: We believe our proposed approach will offer valuable insights for drug discovery 
and disease treatment. 
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1. INTRODUCTION

An antigen is a substance that triggers an immune re-
sponse and can bind to specific antibodies in the related 
environment [1], especially in the context of diseases [2]. 
The sites on an antigen that can be specifically bound by 
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complementary antibodies are called epitopes or antigenic 
determinants. When the complementary antibody is a BCR, 
the epitopes are called B-cell epitopes (BCEs). When the 
complementary antibody is a TCR, the epitopes are called 
T-cell epitopes (TCEs). Since epitopes help us understand 
and investigate the mechanisms of cell and tissue activity 
and assist in diagnosing and treating diseases, the accurate 
recognition of epitopes is crucial for prevention, diagnosis, 
and treatment. Particularly, in epitope recognition studies, 
the identification of BCEs is crucial for peptide-based vac-
cine design, immunodiagnostic testing, synthetic antibody 
production, and related applications. Early experiment-
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based methods for BCE identification, such as cryo-EM, 
mass spectrometry, and X-ray crystallography, have made 
great progress, but they are costly and time-consuming. 
Therefore, numerous quick and effective computational 
techniques are available to predict BCEs, which drive the 
development of new vaccines and drugs. BCE identification 
can generally be classified into two major groups: linear 
(continuous) BCE identification and conformational (dis-
continuous) BCE identification. Linear BCEs consist of 
linear extensions of residues in an antigenic protein se-
quence, while conformational BCEs consist of amino acids 
that are distantly located in the antigenic primary protein but 
are brought into proximity through folding in three-
dimensional space. While most naturally occurring BCEs 
are conformational, predictions of linear BCEs have drawn 
much attention because they are used to synthesize peptide 
vaccines, among other applications [3, 4]. Improving the 
accuracy of BCE prediction will directly accelerate epitope 
vaccine design by shortening candidate screening cycles and
significantly reducing time costs in preclinical development.

During the study of linear BCE prediction, the advance-
ment of machine learning techniques has progressively 
emerged as a popular area of study. For example, BepiPred 
[5] was developed by combining properties of the Hidden 
Markov Model (HMM) and amino acid propensity scales 
for predicting linear epitopes. Similarly, a multi-kernel sup-
port vector machine (SVM) classifier was implemented as a 
learning model for developing the BCPred method [6]. The 
ABCPred [7] employed a recurrent neural network to pre-
dict continuous BCEs. In the meantime, an ensemble-based 
model called iBCE-EL was proposed using probability fea-
tures of physicochemical and compositional descriptors [4]. 
Furthermore, the BepiPred-2.0 predictor [8] for targeting 
epitopes was proposed based on a random forest classifier. 
The LBtope [9] method employed diverse features, includ-
ing binary profile, physicochemical profile, dipeptide com-
position (DPC) feature descriptor, and AAP (amino acid 
pair) profile, and used SVM and Weka classifiers to predict 
BCEs. The EpitopeVec [1] method utilized a blend of resi-
due characteristics, adjusted antigenicity scales, and pLM-
based pre-trained models to extract the local and global fea-
tures from the peptide sequence. It employed Support Vec-
tor Machine (SVM) as the model for predicting linear 
BCEs. The epitope1D method [10] utilized graphical prop-
erties of amino acid residues and Organism Ontology in-
formation as input features and used an explainable machine 
learning classifier for BCE prediction. In addition, some 
methods for predicting linear BCEs based on deep learning 
have also emerged. For example, the EpiDope method [11] 
used peptide sequences as inputs to train deep neural net-
works for the identification of linear B-cell epitopes. Alt-
hough numerous computational tools have been developed 
to improve the prediction of linear BCEs directly from raw 
sequences, there are several limitations in these existing 
methods, such as limited generalization and insufficient 
feature fusion, leaving significant potential for enhancing 
the accuracy and performance of linear BCE prediction.

In the present research, a novel ensemble machine learn-
ing predictor called CoBCEs was developed for discriminat-
ing and characterizing linear and non-linear BCEs with high 
accuracy from peptide sequences. In CoBCEs, the feature 
fusion strategy of residual attributes, pLM-based pre-trained 
models, i.e., ProtVec representation, improved antigenicity 
scales, multi-text representations, and an improved Graph-
based signature representation based on the epitope1D 
method [10] is used as the features of peptides. To avoid 
data redundancy and noise problems due to the large num-
ber of feature representations, we adopted Random Forest 
(RF) as a feature selection algorithm to choose the enriched 
attributes based on their ranking. Meanwhile, we used the 
AdaBoost (Adaptive Boosting) ensemble algorithm, whose 
base classifier is RF, as our predictive model, which has 
better generalization performance than ordinary machine 
learning algorithms. The empirical prediction outcomes of 
the cross-validation on several training data sets show that 
the average accuracy of CoBCEs is 77.3%, and the average 
MCC value is 61.8%, which outperforms the existing ad-
vanced linear BCE prediction tools. To verify the robustness 
of the proposed CoBCEs method, we compared the inde-
pendent test results of CoBCEs with other advanced linear 
BCE prediction methods on several testing data sets, which 
also demonstrate the superior performance of CoBCEs 
compared to most other methods. The contribution of this 
study is summarized as follows:

(a) We developed an ensemble machine learning model 
called CoBCEs for predicting BCEs from peptide 
sequences.

(b) We employed embedding feature descriptor (Prot-
Vec), texture-based (TF-IDF), and graph-based sig-
nature (DE-Graph) that capture the local and global 
information from the given peptides.

(c) We further enhanced the proposed model's perfor-
mance by selecting the optimal feature set using the 
Random Forest (RF) algorithm.

2. METHODS

2.1. Benchmark Data Sets

The collection or construction of a valid benchmark da-
taset plays an integral role in developing a computational 
predictor [12-14]. Most of the existing methods for linear 
BCE prediction, such as ABCPred, BCPred, AAP, LBtope, 
iBCE-EL, and EpitopeVec, are trained on datasets compiled 
from databases of experimentally verified epitopes, such as 
Bcipep [15] or IEDB [3, 16]. From the above methods, we 
compile a list of benchmarking datasets with eight datasets: 
BCPreds, ABCPred, Chen, Blind387, LBTope_fixed_nr, 
ibce-training, ibce-ind-full, and Viral. CoBCEs performs a 
fair and comprehensive comparison with existing advanced 
approaches on these datasets. In order to ensure fair compar-
ison, the same set of training and testing datasets was adopt-
ed. The cross-validation is performed on BCPreds, ibce-
training, and Viral, and the model obtained by cross-
validation on BCPreds is tested on ABCPred, Chen, 
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Blind387, LBTope_fixed_nr, and ibce-ind-full. The statisti-
cal summaries of the benchmarking datasets are listed in 
Table 1.

2.2. Feature Encoding

Feature encoding is an important preprocessing step to 
formulate a biological protein sequence into numerical fea-
ture vectors [17-19]. We extracted the prominent features by 
using compositional descriptors, for example, the composi-
tion of AAs, DPC-based encoding method, pLM-based 
ProtVec features, multi-text representations (TF-IDF), and 
improved Graph-based protein sequence signature represen-
tations. In order to reduce data complexity and noise, the 
importance values of these features were calculated by the 
Random Forest algorithm, and then the representative fea-
tures whose importance values are greater than a set thresh-
old are retained. The above nine features are defined as fol-
lows: 

AAC considers the normalized occurrence frequency of 
each AA in a given protein sequence �. The mathematical 
expression is denoted as equation (1):

���[�] = [��, ��, �	, … , ��
]       (1)

where �� =  �

�

 [� = 1, 2, … , 20] is the percentage that is 
made up by the type � of AAs, �� is the frequency of occur-
rence of AA type � in the peptide � and � represents the 
peptide’s � length.

DPC considers the pair occurrence frequency of AAs in 
a given peptide�. It can be expressed as equation (2):

���(�) = [��, ��, �	, … , ��

]       (2)

where �� =  �

�

[� = 1, 2, 3, … , 400] is the percentage of 
composition of dipeptide type �, �� is the frequency of oc-
currence of dipeptide type � in the peptide � and � is the 
length of the peptide �.

AAP antigenicity scale: The AAP antigenicity scale was 
initially introduced by Chou et al., [20]. It can be defined as 
the logarithmic ratio of the occurrence frequency of AAPs 
in a positive dataset compared to a negative dataset. The 
Bcipep dataset serves as the BCE class, whereas the nega-

tive class, as non-BCEs, is constructed from the UniProt50 
database in Swiss-Prot [21]. We normalized the values of 
the extracted features in the scale of +1 and -1, to mitigate 
the dominance of individual propensity values (equation 3):

���� = log [����
�

����
� ]       (3)

B Yao et al. developed an antigenic epitope predictor 
called SVMTrip [22], that incorporates the tri-peptide simi-
larity and propensity score [21]. The proposed feature en-
coding method considers the specific AA triplet antigenicity 
score. It calculates the logarithmic ratio of the frequency of 
AA triplets in BCEs and non-BCEs classes. The equation 
below (4) suggests that the score ���� > 0 indicates that it 
is more common in the positive class (BCEs) and vice versa. 
To ensure balanced representation, the resulting values are 
normalized between +1 and -1 (equation 4):

���� = log [����
�

����
� ]       (4)

ProtVec sequence embeddings: ProtVec sequence em-
beddings are a protein sequence encoder, inspired by natural 
language processing methods. It treats protein sequences as 
"sentences" and k-mers (subsequences of length k) as 
"words” [23], which has been used in the EpitopeVec meth-
od [3]. ProtVec embeddings are trained on large protein 
sequence databases, such as SwissProt, which lack any 
metadata, to generate a generic representation of protein k-
mers. Detailed steps for constructing ProtVec sequence em-
beddings are provided in reference [3].

Distance-Enhanced Graph signatures: The Distance-
Enhanced Graph (DE-Graph) is a variant of Graph-based 
signatures proposed by epitope1D [10]. The key idea of 
Graph-based signatures is to model distance patterns be-
tween residues (nodes) at different distance cutoffs (each 
distance inducing the edges of a graph) according to differ-
ent labels (15 combinations of five biochemical characteris-
tics of AAs: Aromatic, PolarNeutral, Acidic, Basic, and 
Apolar), which is inspired by the Cutoff Scanning Matrix 
(CSM) algorithm. Specifically, the generation steps of DE-
Graph signatures are as follows: First, the sequence is divid-
ed into different dipeptide combinations according to the 
distance d as shown in Fig. (1), where d = 1, 2, 3, ..., n. Sec-

Table 1. The benchmarking datasets in this study.

Dataset Original Method Epitopes Non-epitopes

BCPreds BCPreds 701 701

ABCPred ABCPred 700 700

Chen AAP 872 872

Blind387 ABCPred 187 200

LBTope_fixed_nr LBTope 7824 7853

ibce-training iBCE-EL 4440 5485

ibce-ind-full iBCE-EL 1110 1408

Viral EpitopeVec 4432 8460
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ondly, the obtained dipeptide combination is labeled accord-
ing to the AA’s biochemical attributes. For example, ‘I’ is 
Apolar, ‘M’ is Apolar, so the label of the ‘ZM’ dipeptide 
combination is Apolar - Apolar; ‘M’ is Apolar and ‘N’ is 
PolarNeutral, so the label of the ‘MN’ dipeptide combina-
tion is Apolar - PolarNeutral. Thirdly, for 15 labels, the 
number of each label is calculated according to different 
distances, that is, the label value. Finally, the distance in-
formation is introduced by adding the distance d to the be-
ginning of each one-dimensional vector, and each sequence 
is transformed into a two-dimensional matrix of size n × 16. 
In addition, in DE-Graph signatures, instead of cumulating 
the label value on different distances, we generate inde-
pendent label values for 15 labels at different distances.

Fig. (1). Dividing the sequence into different dipeptide combina-
tions according to the distance d. (A higher resolution / colour 
version of this figure is available in the electronic copy of the arti-
cle).

CTDC: The CTDC is the Composition descriptor in 
CTD (Composition, Transition, and Distribution) [24, 25] 
features, which represent the distribution pattern of amino 
acids in a particular structural or physicochemical property 
of a protein or peptide sequence. In the CTD feature encod-
ing scheme, numerous physicochemical attributes of AAs 
are considered. For example, polarity, hydrophobicity, 
charge, normalized Van der Waals volume, polarizability, 
solvent accessibility, and secondary structure properties of 
BCE peptide sequences are employed for generating the 
feature vector. The CTD feature method works based on the 
following principle: (i) The given BCE peptide sequences 
are translated into a feature vector based on the AAs' physi-
cochemical characteristics; (ii) Seven different physico-
chemical properties of twenty amino acids are divided into 
three categories: polar, neutral, and hydrophobic, based on 
the main clusters of the amino acid indices of Tomii and 
Kanehisa [24]. Considering the hydrophobicity property of 
the given peptide sample, the composition encoder in the 
CTD descriptor (CTDC) denotes the overall percentages of 
neutral, polar, and hydrophobic properties. The CTDC is 
computed by the following equation (5):

�(�) =  �[�]

�
, � ∈ {�!"#�, $%&'�#", ℎ+-�!�ℎ!.�/}       (5)

where �[�] represents the type of amino acid residues � in 
the extracted sample of length �.

One-hot Encoding: The One-hot encoding is a widely 
adopted descriptor for formulating the given peptide or pro-
tein sample. In this encoding scheme, each AA is denoted as 
a binary vector of length 20, where only one element is "1" 
(indicating the presence of a specific amino acid), and all 

other elements are "0". For example: Alanine (A) is encoded 
by (10000000000000000000), Cystine (C) is encoded by 
(01000000000000000000), and Tyrosine (Y) is encoded by 
(00000000000000000001), respectively. The input sequence 
is sparsely represented so that the elements in the coding 
matrix correspond to the positions in the input sequence. For 
a sequence of length L, each base is converted into a One-
hot vector of length 20, for example, the base at the first 
position is encoded as (1,0,0,...,0), the base at the second 
position is encoded as (0,1,0,...,0), and the base at the third 
position is encoded as (0,0,1,...,0), the Lth-position base is 
encoded as (0,0,0,...,1). Since the input polypeptide se-
quence length is inconsistent, we set a fixed sequence length 
of 20, which is the most frequent length. When the length of 
the sequence is shorter than 20, the encoded sequence is 
filled with zeros. When the length of the sequence is greater 
than 20, the encoded sequence is cut from the end. Accord-
ingly, each amino acid is represented by a 43-dimensional 
binary vector after the encoding, and each peptide sequence 
is represented by an 860-dimensional binary vector after 
flattening.

Term frequency-inverse document frequency encoding: 
The term frequency-inverse document frequency (TF-IDF)
encoding consists of two parts: TF and IDF. In the text 
model, TF-IDF is used to assess the importance of a word in 
a corpus or document set relative to a document. IDF refers 
to the frequency of the inverse document, and TF refers to 
the frequency of the term appearing in the document. The 
TF and IDF can be calculated by the following equations 
(6-8):

56[7] =
8
_9

�9
      (6)

�:6[7] = "!;[
�<?@@

8
_<?@@A�
      (7)

56 − �:6 = 56 ∗ �:6       (8)

where 6�_C Denotes the AA’s � frequencies in sequence 7. �C
Denotes the sequence j length. ��DEE Represents the total 
number of AAs in the entire sequence. 6�_�DEE Represents the 
number of sequences in which AA � occurs.

2.3. Ensemble Learning Method

In most of the past methods, RF, SVM, and other ML-
based learning models are often used in the task of linear 
BCE prediction. In the current research, we improved the 
generalization power of the proposed model by integrating 
an AdaBoost classifier with RF as the base classifier, which 
can combine multiple weak classifiers into a strong classifi-
er to improve the overall classification performance and has 
some resistance to overfitting, to construct the predictive 
model [26]. The predictive model is evaluated under a 5-
fold cross-validation test (CV), and the best classifier is se-
lected for training and prediction [27]. In addition, in the 
AdaBoost ensemble algorithm, a grid search strategy is em-
ployed to select the parameters of the model [28]. The over-
all workflow of the proposed CoBCE protocol for predicting 
BCEs and non-BCEs is illustrated in Fig. (2).
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2.4. Electrophoretic Gels and Blots

We performed a comprehensive evaluation of the predic-
tion efficacy of our proposed CoBCEs model by several 
evaluation measures, i.e., accuracy (Acc), Precision (PRE),
Recall, F1-score (F1), and Matthews correlation coefficient 
(MCC) [29]. In this study, we adopt the following equations 
(9-13):

�// = ��A��

��A��A8�A8�
       (9)

��F = ��

GHAIH
 (10)

�%/#"" = ��

��A8� 
 (11)

61 = �·��

�·GHAIJAIH
 (12)

K�� = ��∙��M8�∙8�

N(��A8�)∙(��A8�)∙(��A8�)∙(��A8�)
 (13)

In the aforementioned mathematical expressions [9-13], 
TN denotes proteins with non-BCE properties and TP repre-
sents the proteins having BCE properties. Likewise, FN 
represents the incorrect protein samples that do not have 
BCE activity, and FP represents the incorrect protein sam-
ples that have BCE properties. The above performance indi-
cators are threshold-dependent. For fair evaluation, we fur-
ther computed our proposed model's prediction performance 
using the receiver operating characteristic (ROC) curve, 
along with the area under the ROC curve (AUC) [30-34].

3. RESULTS 

3.1. Determination of Threshold in Feature Selection

In this study, the RF algorithm is used to calculate the 
importance value of features, and the representative features 
whose importance values are greater than a set threshold are 
retained. In this section, the optimal value of the threshold 
for feature selection for linear BCE prediction will be ana-
lyzed. Specifically, we evaluate the MCC variations of 
CoBCEs obtained by cross-validation on BCPreds, ibce-
training, and Viral datasets by gradually changing the value 
of the threshold from 0.002 to 0.003 with a step size of 
0.0001. Table 2 shows that when the threshold is set to 
0.0026, the MCC value is highest on the BCPreds dataset; 
when the threshold is set to 0.002, the MCC value is highest 
on the ibce-training dataset; when the threshold is set to 
0.0022, the MCC value is highest on the Viral dataset. Tak-
ing the BCPreds dataset as an example, the MCC value at a
threshold of 0.0026 is 0.74306, which is 0.04% higher than 
that of the second-best threshold (0.74277) and 2.31% high-
er than that of the worst threshold (0.0029). Although no 
unified threshold can achieve the highest MCC values on 
the four datasets, it can be seen that when the threshold is 
set to 0.0022, the average MCC value is the highest. Since 
the linear BCE datasets contain a variety of species, in order 
to increase the generalization of CoBCEs, the threshold with 
the highest average MCC value is chosen, i.e., 0.0022.

Fig. (2). Overview of the CoBCEs pipeline composed of four main stages. In the first stage (A), data acquisition is performed. A list of 
benchmarking datasets is compiled. In the second stage (B), feature engineering is performed. Nine features are used to represent the input 
data, and the Random Forest algorithm is employed to select features based on the importance values of each feature. In the third stage (C), 
the final encoded sequence is trained and tested using the AdaBoost ensemble algorithm, in which the base classifier is Random Forest. In 
the fourth stage (D), model evaluation is performed. (A higher resolution / colour version of this figure is available in the electronic copy of 
the article).
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Table 2. The MCC variations of CoBCEs is obtained by cross-validation on BCPreds, ibce-training, and Viral data sets, by gradual-
ly varying the value of threshold from 0.002 to 0.003 with the step size of 0.0001.

Threshold
MCC

BCPreds Ibce-training Viral Average

0.0020 0.73616 0.51152 0.60049 0.61606

0.0021 0.73875 0.50870 0.59773 0.61506

0.0022 0.73932 0.50591 0.60905 0.61809

0.0023 0.74082 0.50319 0.60398 0.61600

0.0024 0.73597 0.50119 0.60431 0.61382

0.0025 0.74277 0.48985 0.60375 0.61212

0.0026 0.74306 0.49228 0.59451 0.60995

0.0027 0.74054 0.48771 0.59023 0.60616

0.0028 0.74219 0.48870 0.59306 0.60798

0.0029 0.72628 0.47845 0.59295 0.59923

0.003 0.73181 0.47444 0.59852 0.60159

Note: Average means the average MCC values of CoBCEs obtained by cross-validation on BCPreds, Chen, ibce-training, and Viral datasets.

Fig. (3). The performance of the model using Distance-Enhanced Graph signature and the model using Graph-base signature. (A higher 
resolution / colour version of this figure is available in the electronic copy of the article).

3.2. Comparison of Distance-Enhanced Graph and 
Gragh-based Signature

To verify that the Distance-Enhanced Graph signature, 
which introduces distance information into Graph-based 
signature of the epitope1D method by not cumulating label 
values, can improve the performance of linear BCE predic-
tion, the performance of the model using the Distance-
Enhanced Graph signature and the model using Graph-based 
signature are compared. Fig. (3) shows the comparison re-
sults on ABCPred, Chen, Blind387, LBTope_fixed_nr, and 

ibce-ind-full datasets. It can be observed that the values of 
MCC for the model using the Distance-Enhanced Graph 
signature on ABCPred, Chen, LBTope_fixed_nr, and ibce-
ind-full are 0.793, 0.9327, 0.0717, and 0.1139, which are 
0.92, 0.58, 2.87, and 17.06 percent higher than the values 
measured for the model using Graph-based signature, re-
spectively, although the model using the Distance-Enhanced 
Graph signature has a lower MCC value on the Chen da-
taset. Therefore, in this study, the Distance-Enhanced Graph 
signature is employed to help improve the predictive per-
formance of linear BCE prediction.



138    �������������������	, 2026���� ������!���� �������� �

3.3. Determination of the Base Classifier in AdaBoost

To verify which base classifier in the AdaBoost ensem-
ble algorithm performs better, the performances of the Ada-
Boost ensemble algorithm using the three most commonly 
used machine learning algorithms: Decision Tree, SVM, and 
Random Forest, as base classifiers are compared. It can be 
seen from Fig. (4) that the AdaBoost ensemble algorithm 
using SVM as the base classifier on the Blind387 dataset 
achieves the highest MCC value. However, on the 
ABCPred, Chen, LBTope_fixed_nr, and ibce-ind-full da-
tasets, the AdaBoost ensemble algorithm using Random 
Forest as the base classifier achieves the highest MCC val-
ues. Therefore, in this study, Random Forest is chosen as the 
base classifier for the AdaBoost ensemble algorithm.

3.4. CoBCEs Comparison with Existing Methods 

In the current subsection, the prediction performance of 
our proposed CoBCEs model was compared with several 
advanced BCE-based tools, i.e., BepiPred, ABCPred, 
BCPreds, iBCE-EL, EpiDope, EpitopeVec, and epitope1D. 
The results of epitope1D have been obtained from the cited 
study [10], and the predicted outcomes of other methods are 
taken from [3]. These predictions are tabulated in Tables 2
and 3. It is worth mentioning that for the ibce-training and 
Viral datasets, only the EpitopeVec method and its source 
method have been cross-validated, so we have not compared 
all methods for these two datasets.

Table 3 shows the CV performances of CoBCEs and 
several existing advanced predictors on BCPreds, ibce-
training, and Viral datasets. For BCPreds and ibce-training, 
we can observe that our proposed CoBCEs attains the high-
est values of Acc, PRE, F1, MCC, and AUC and the second-
highest value of Recall compared to other methods. For Vi-

ral, compared with EpitopeVec, CoBCEs achieves 3.51, 
8.50, 0.29, 9.93, and 2.17 percent improvements in Acc, 
PRE, Recall, MCC, and AUC, respectively, although CoB-
CEs has a lower F1.

Table 4 shows the prediction outcomes of existing meth-
ods and CoBCEs on blind datasets of ABCPred, Chen, 
Blind387, LBTope_fixed_nr, and ibce-ind-full datasets of 
the models obtained by cross-validation on the BCPreds 
dataset. It can be seen that the highest Acc, PRE, F1, MCC, 
and AUC values and the third-highest Recall value are ob-
tained by CoBCEs on the ABCPred dataset compared to 
other methods. For the Chen dataset, the overall perfor-
mance of CoBCEs is better than that of other methods. For 
the Blind387 dataset, CoBCEs obtains the second-highest 
Acc, PRE, MCC, and AUC values compared to other meth-
ods. For the LBTope_fixed_nr dataset, the second-highest 
PRE value and third-highest Acc and MCC values are 
achieved by CoBCEs. For the ibce-ind-full dataset, CoBCEs 
obtains the highest MCC value compared with other meth-
ods, although it has lower values for the other metrics. In 
addition, the performance of CoBCEs cross-validated on the 
ibce-training dataset on the ibce-ind-full dataset is also 
compared with the EpitopeVec method and its source meth-
od. In Table 5, the comparison results are reported on ibce 
benchmark datasets (training and testing). From Table 5, we 
can observe that the proposed CoBCEs method obtains su-
perior performance in terms of AUC, MCC, Recall, PRE, 
Acc, and F1 score, although it has a lower F1.

4. DISCUSSION

4.1. Ablation Experiment

In our study, nine features are used to represent protein 
sequences, and there are multiple combinations of these nine 

Fig. (4). The performances of AdaBoost ensemble algorithm using Decision tree, SVM, and Random Forest as base classifiers on ABCpred, 
Chen, Blind387, LBTope_fixed_nr, and ibce-ind-full dataset, respectively. (A higher resolution / colour version of this figure is available in 
the electronic copy of the article).
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Table 3. CoBCEs performance comparison with existing methods on BCPreds, ibce-training, and Viral benchmark datasets.

Dataset Method Acc PRE Recall F1 MCC AUC

BCPreds

BepiPred 0.612 0.650 0.490 0.610 0.232 0.665

ABCPred - - - - - 0.643

BCPreds 0.679 - 0.730 - 0.360 0.758

iBCE - EL 0.487 0.490 0.970 0.330 -0.009 0.576

EpiDope 0.507 0.810 0.020 0.350 0.067 0.575

EpitopeVec 0.813 0.816 0.807 0.811 0.627 0.889

epitope1D - - - 0.860 0.720 0.930

CoBCEs 0.866 0.919 0.803 0.856 0.739 0.931

ibce-training

iBCE - EL 0.729 - 0.716 - 0.454 0.782

EpitopeVec 0.714 0.700 0.640 0.710 0.419 0.789

CoBCEs 0.756 0.739 0.705 0.722 0.506 0.833

Viral
EpitopeVec 0.797 0.718 0.698 0.850 0.554 0.875

CoBCEs 0.825 0.779 0.700 0.734 0.609 0.894

Table 4. Performance comparison of CoBCEs with existing predictors on blind datasets of ABCpred, Chen, Blind387, 
LBTope_fixed_nr, and ibce-ind-full data sets.

Dataset Method Acc PRE Recall F1 MCC AUC

ABCpred

BepiPred 0.577 0.600 0.460 0.57 0.158 0.624

ABCPred - - - - - -

BCPreds 0.746 - 0.700 - 0.493 0.801

iBCE - EL 0.527 0.510 0.960 0.420 0.112 0.588

EpiDope 0.506 0.760 0.020 0.350 0.059 0.599

EpitopeVec 0.856 0.840 0.890 0.860 0.714 0.929

epitope1D 0.823 - - 0.798 0.667 0.823

CoBCEs 0.896 0.903 0.889 0.896 0.793 0.948

Chen

BepiPred 0.604 0.640 0.470 0.600 0.217 0.665

ABCPred - - - - - -

BCPreds - - - - - -

iBCE - EL 0.494 0.500 0.960 0.350 -0.036 0.528

EpiDope 0.507 0.770 0.020 0.350 0.061 0.559

EpitopeVec 0.883 0.850 0.930 0.880 0.770 0.958

epitope1D 0.907 - - 0.909 0.815 0.907

CoBCEs 0.966 0.940 0.994 0.967 0.933 0.997

Blind387

BepiPred 0.566 0.550 0.530 0.570 0.132 0.627

ABCPred 0.664 - 0.720 - - -

BCPreds 0.659 - 0.660 - 0.318 0.699

iBCE - EL 0.434 0.440 0.840 0.320 -0.227 0.501

EpiDope 0.508 1.000 0.020 0.360 0.091 0.541

EpitopeVec 0.718 0.750 0.630 0.720 0.445 0.778

epitope1D 0.781 - - 0.848 0.543 0.841

CoBCEs 0.727 0.829 0.545 0.658 0.474 0.789

(Table 4) contd…
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Dataset Method Acc PRE Recall F1 MCC AUC

LBTope_
fixed_nr

BepiPred 0.546 0.550 0.490 0.550 0.092 0.566

ABCPred - - - - - -

BCPreds 0.526 - - - - -

iBCE - EL 0.522 0.510 0.990 0.390 0.135 0.619

EpiDope 0.503 0.680 0.010 0.350 0.036 0.559

EpitopeVec 0.530 0.550 0.320 0.510 0.065 0.548

epitope1D 0.528 - - 0.333 0.067 0.527

CoBCEs 0.528 0.576 0.208 0.305 0.072 0.558

ibce-ind-full

BepiPred 0.552 0.500 0.470 0.550 0.104 0.568

ABCPred - - - - - -

BCPreds - - - - - -

iBCE - EL - - - - - -

EpiDope 0.505 0.700 0.010 0.370 0.049 0.595

EpitopeVec 0.542 0.520 0.310 0.530 0.095 0.571

epitope1D 0.594 - - 0.253 0.092 0.531

CoBCEs 0.582 0.575 0.197 0.294 0.114 0.561

Table 5. Performance of CoBCEs trained on ibce-training data set on ibce-ind-full data set.

Method Acc PRE Recall F1 MCC AUC

iBCE-EL 0.734 - - 0.730 0.454 0.786

EpitopeVec 0.707 0.068 0.630 0.700 0.402 0.782

CoBCEs 0.741 0.712 0.694 0.703 0.474 0.814

features. In order to verify which combination is most useful 
for predicting BCEs, an ablation experiment is conducted in 
this section. Due to the large number of experiments re-
quired to perform a complete ablation experiment on the 
nine features, the following rules are adopted to simplify the 
experiment: First, the feature importance values of the nine 
features obtained through the Random Forest algorithm are 
shown in Fig. (5). Then, features whose importance value is 
greater than 0.05 are selected, namely AAT, DPC, ProtVec, 
and One-hot. The combination of these four features is 
named Base. Finally, from the remaining five features, i.e.,
AAP, AAC, DE-Gragh, TF-IDF, we select the combination 
of k features that are not repeated and gradually add them to 
the Base, where k = 1,2,3,4,5, resulting in 32 feature combi-
nations. The performances of CoBCEs based on 32 feature 
combinations on ABCPred, Chen, LBTope_fixed_nr, and 
ibce-ind-full datasets are shown in Tables S1-S5 of the sup-
plementary file.

From Fig. (5), we can see that the ProtVec feature 
achieves the highest importance value among the other eight 
features. Concretely, the importance values of ProtVec, 
AAT, DPC, One-hot, DE-Graph, AAC, TF-IDF, CTDC, and 
AAP are 0.7385, 0.0747, 0.0551, 0.0504, 0.0453, 0.0188, 
0.0118, 0.0055, and 0, respectively. The potential reason 
that ProtVec achieves the highest importance value is that 

protein language models (pLMs) capture evolutionary and 
structural information from vast protein sequence data, 
which can enhance the prediction of BCEs by identifying 
conserved functional patterns and key residues that might be 
missed by traditional methods. From Table S1, it can be 
observed that, on the ABCPred dataset, the feature combina-
tion of Base and CTDC obtains the highest Acc value, the 
feature combination of Base, AAC, and DE-Graph achieves 
the highest PRE and MCC values, and the feature combina-
tion of Base, AAP, and AAC achieves the highest Recall, 
F1, and AUC values. For the Chen dataset, the feature com-
bination of Base, AAC, and CTDC obtains the highest Acc, 
F1, MCC, and AUC values, and the feature combination of 
Base, AAP, AAC, CTDC, and TF-IDF achieves the highest 
Acc, Recall, F1, and AUC values. For the Blind387 dataset,
it can be seen that the feature combination of Base, AAC, 
and CTDC obtains the highest Acc, PRE, and MCC values, 
the feature combination of Base, AAP, AAC, and DE-Graph
achieves the highest Recall and F1 values, and the feature 
combination of Base and CTDC obtains the highest AUC 
value. For the LBTope_fixed_nr dataset, the highest Acc, 
PRE, Recall, F1, and MCC values are obtained by the fea-
ture combination of Base, AAC, DE-Graph, and CTDC. For 
the ibce-ind-full dataset, the highest Recall and F1 values 
are obtained by the feature combination of Base, AAP, 
AAC, DE-Graph, and CTDC. From the above results, it can 
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be seen that most of the combinations with the highest per-
formance contain AAC, so it can be inferred that AAC plays 
an indispensable role in the prediction of linear BCEs.

4.2. Impact of Different Species on BCEs Prediction

From Table 5, S1-S4, it is clear that the MCC values 
tested by all methods on LBTope_fixed_nr and ibce-ind-full 
datasets are around 10%, while on Chen and ABCPred16 
datasets, the MCC values are above 80%. In order to verify 
whether the species differences between the testing datasets 
and the training dataset are responsible for the poor predic-
tive performance of these datasets, sequence distribution 
maps of the BCPreds dataset and four independent testing 
datasets, ABCPred, Chen, LBTope_fixed_nr, and ibce-ind-
full datasets, are generated. From Figs. (S1-S4), it can be 
seen that the average difference values between the positive 
sequences of ABCPred, Chen, LBTope_fixed_nr, and ibce-
ind-full datasets and the positive sequences of the BCPreds 
dataset are 0.00358, 0.00152, 0.00309, and 0.00309, respec-
tively. Meanwhile, the average difference values between 
the negative sequences of ABCPred, Chen, LBTope_
fixed_nr, and ibce-ind-full datasets and the negative se-
quences of the BCPreds dataset are 0.00224, 0.00199, 
0.00516, 0.00567, respectively. It can be concluded that the 
sum of the average difference values for the positive and 
negative sequences of ABCPred, Chen, LBTope_fixed_nr, 
and ibce-ind-full datasets and the positive and negative se-
quences of the BCPreds dataset are 0.00582, 0.00351, 
0.00825, and 0.00876, respectively, inferring that compared 
with Chen and ABCPred16 datasets, the LBTope_fixed_nr 
and ibce-ind-full datasets have more significant differences 
in species distribution compared to the BCPreds dataset. 
Therefore, it may lead to a conclusion that the prediction of 
linear BCEs is highly dependent on the species distribution 
of the dataset.

In order to improve the generalization of CoBCEs, a 
mixed dataset, blending three datasets used for cross-
validation, BCPreds, iBCE-EL, and Viral, is generated. The 
test results on ABCPred, Chen, LBTope_fixed_nr, and ibce-
ind-full datasets of the model cross-validated on the mixed 
dataset are compared with those of the model cross-
validated on the BCPreds dataset.

It can be seen from Table 3 that, for the LBTope_
fixed_nr dataset, compared with the model cross-validated 
on the BCPreds dataset, the model cross-validated on the 
mixed dataset achieves 19.1, 11.8, 176.9, 79.3, 329.2, and 
28.5 percent improvements in Acc, PRE, Recall, F1, MCC, 
and AUC values, respectively. For the ibce-ind-full dataset, 
the Acc, PRE, Recall, F1, MCC, and AUC values of the 
model cross-validated on the mixed dataset are 14.1, 17.4, 
133.5, 86.1, 171.1, and 27.8 percent higher than those of the 
model cross-validated on the BCPreds dataset. However, for 
ABCPred and Chen datasets, compared with the model 
cross-validated on the BCPreds dataset, the performance of 
the model cross-validated on the mixed dataset decreases. It 
can be interpreted that for LBTope_fixed_nr and ibce-ind-
full datasets with large distribution differences from the 
BCPreds dataset, increasing the number of species in cross-
validated datasets is helpful for the prediction performance, 
but for ABCPred and Chen datasets with little distribution 
differences from the BCPreds dataset, increasing the num-
ber of species in cross-validated datasets decreases the pre-
diction performance, which may be due to the introduction 
of noise. The above results further support the conclusion 
that the prediction of linear BCEs is highly dependent on the 
species distribution of the dataset.

CONCLUSION

In this study, we propose a robust predictor, “CoBCEs,” 
for identifying linear B-cell epitopes (BCEs) across multiple 

Fig. (5). The importance values of nine features are obtained by Random Forest algorithm. (A higher resolution / colour version of this figure 
is available in the electronic copy of the article).
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sequence datasets. The proposed CoBCEs method incorpo-
rates a heterogeneous feature set, including amino acid resi-
due properties, text-based representations, pLM-based em-
beddings (protein vectors), and an improved DE-Graph. 
Then, the RF algorithm was employed as a feature selection 
technique to select the optimal attributes and mitigate re-
dundancy and overfitting problems. We use the AdaBoost 
(Adaptive Boosting) ensemble algorithm, whose base classi-
fier is Random Forest, as our predictive model, offering 
improved generalization performance compared to other 
machine learning models. Benchmarking outcomes exhibit 
that the proposed CoBCEs protocol outperforms existing 
advanced approaches for linear B-cell epitope prediction.

STUDY LIMITATIONS

Last but not least, we believe that due to the diversity of 
parameters, the selection of parameters in the proposed 
method achieves the best results. However, in experiments 
where the species differences between the training set and 
the testing set are too large, the predictive performance ob-
tained by CoBCEs and existing predictors is low. Thus, to 
further enhance the predictive efficacy of CoBCEs, future 
research should focus on three key directions: [1] expanding 
the size of the dataset to improve the model's generalization 
performance, [2] developing more effective discriminative 
features to extract information from linear BCE sequences, 
such as structure-based features of BCEs, and [3] identify-
ing strategies to address the impact of species differences on
predictive performance. Beyond algorithmic improvements, 
CoBCEs has immediate translational potential-its high-
accuracy predictions could accelerate epitope-based vaccine 
design, facilitate therapeutic antibody development, and 
support precision immunology applications. The standalone 
package of CoBCEs is freely available for academic use at:
https://github.com/jun-csbio/CoBCEs/.
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