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Background: Human leukocyte antigens (HLAs) play a pivotal role in orchestrating the host’s immune response, offering 
a promising avenue with reduced adverse effects compared to conventional treatments. Cancer immunotherapies use HLA 
class I molecules for T cells to recognize tumor antigens, emphasizing the importance of identifying peptides that bind 
effectively to HLAs. Computer modeling of HLA-peptide binding speeds up the search for immunogenic epitopes, which 
enhances the prospect of personalized medicine and targeted therapies. The Immune Epitope Database (IEDB) is a vital 
repository, housing curated immune epitope data and prediction tools for HLA-peptide binding. It can be challenging for 
immunologists to choose the best tool from the IEDB for predicting HLA-peptide binding. This has led to the creation of 
consensus-based methods that combine the results of several predictors. One of the major challenges in these methods is 
how to effectively integrate the results from multiple predictors.
Objectives: Previous consensus-based methods integrate at most three tools by relying on simple strategies, such as 
selecting prediction methods based on their proximity to HLA in training data. In this study, we introduce HLAPepBinder, 
a novel consensus approach using ensemble machine learning methods to predict HLA-peptide binding, addressing the 
challenges biologists face in model selection. 
Materials and Methods: The key contribution is the development of an automatic pipeline named HLAPepBinder that 
integrates the predictions of multiple models using a random forest approach. Unlike previous approaches, HLAPepBinder 
seamlessly integrates results from all nine predictors, providing a comprehensive and accurate predictive framework. By 
combining the strengths of these models, HLAPepBinder eliminates the need for manual model selection, providing a 
streamlined and reliable solution for biologists. 
Results: HLAPepBinder offers a practical and high-performing alternative for HLA-peptide binding predictions, 
outperforming both traditional methods and complex deep learning models. Compared to the recently introduced 
transformer-based model, TranspHLA, which requires substantial computational resources, HLAPepBinder demonstrates 
superior performance in both prediction accuracy and resource efficiency. Notably, it operates effectively in limited 
computational environments, making it accessible to researchers with minimal resources. The codes are available online 
at https://github.com/CBRC-lab/HLAPepBinder. 
Conclusion: Our study introduces a novel ensemble-learning model designed to enhance the accuracy and efficiency 
of HLA-peptide binding predictions. Due to the lack of reliable negative data and the typical assumption of unknown 
interactions being negative, we focus on analyzing the unknown HLA-peptide bindings in the test set that our model 
predicts with 100% certainty as positive bindings. Using HLAPepBinder, we identify 26 HLA-peptide pairs with 
absolute prediction confidence. These predictions are validated through a multi-step pipeline involving literature review, 
BLAST sequence similarity analysis, and molecular docking studies. This comprehensive validation process highlights 
HLAPepBinder’s ability to make accurate and reliable predictions, contributing significantly to advancements in 
immunotherapy and vaccine development.
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1. Background
The regulation of the host’s immune response is 
significantly influenced by human leukocyte antigens 
(HLAs) (1). Positioned on the cell surface, these 
proteins play a crucial role in enabling the immune 
system to distinguish between the body’s own cells 
and external entities. The HLA-mediated mechanism 
has become increasingly significant in the context of 
immunotherapy for cancer treatment, representing 
a promising approach with reduced adverse effects 
compared to conventional chemotherapy and 
radiotherapy (2–5). HLAs are categorized into two 
types: class I and class II.
HLA class I molecules play a key role in presenting tumor 
antigens on the surfaces of tumor cells to cytotoxic T 
cells (CD8+ T cells). This presentation allows CD8+ T 
cells to recognize and eliminate cancerous cells through 
immune-mediated mechanisms, which is a fundamental 
mechanism underlying cancer immunotherapies such as 
adoptive cell therapy and checkpoint blockade therapy. 
While HLA class I molecules are primarily responsible 
for presenting antigens to cytotoxic T cells, HLA class 
II molecules also play a role in presenting antigens 
to helper T cells (CD4+ T cells), contributing to the 
overall immune response against tumors (2,4,6). It is 
evident that HLA class I molecules play a crucial role in 
directly mediating the immune response against cancer 
cells by presenting tumor antigens to CD8+ T cells. In 
this study, we focus on HLA class I and abbreviate it as 
“HLA” for brevity and ease of reference.
In the field of immunotherapy, the identification 
of peptides capable of effectively binding to HLA 
molecules is important. The careful selection of 
peptides with a strong affinity for particular HLA 
types is crucial for optimizing the efficiency of 
immunotherapeutic methods. This guarantees a prompt 
and accurate activation of the immune system to detect 
and combat specific target cells, whether they are 
cancerous or infected cells.
The precision of the binding between HLA and 
peptides is of significant importance in promoting a 
directed immune response, underscoring the critical 
role of meticulously choosing peptides designed to 
an individual’s HLA profile in immunotherapeutic 
strategies. The computational identification of peptides 
with the potential to bind to HLA, known as HLA-
peptide binding prediction or T cell epitope prediction, 
accelerates the discovery of immunogenic epitopes. 

This not only enhances the prospects of personalized 
medicine strategies but also expedites the development 
of targeted immunotherapies for conditions such as 
cancer and infectious disorders (7,8).
The Immune Epitope Database (IEDB, https://www.
iedb.org/) is a comprehensive repository of curated 
immune epitope data sourced from scientific literature 
and submissions. This valuable resource not only keeps 
information but also offers prediction tools for HLA-
peptide binding (9). These tools can be classified into 
three primary categories based on the methodologies 
they utilize, including scoring function-based methods, 
machine learning-based methods and, consensus-based 
methods.
Within the first category (10–12), candidate peptide 
sequences are assessed using specific features such 
as sequence similarity and amino acid abundance. 
Variations among the tools lie in the statistical 
approaches employed to calculate binding scores. In 
the second category, machine learning-based methods 
(13–17), peptides are classified as binding or non-
binding through model training based on extracted 
features. Construction of a machine learning-based 
model involves feature encoding based on peptide 
and HLA sequences, selecting an optimal machine 
learning algorithm, training the model, optimizing 
it, and evaluating performance. Notably, artificial 
neural networks are the most widely used algorithm 
in current HLA-peptide binding prediction tools. 
Immunologists consistently face the challenge of 
selecting the most appropriate tool within the IEDB 
for HLA-peptide binding prediction, given the diverse 
range of tools available (18). So, consensus-based 
methods (18,19) are defined as the third category. 
These methods merge some predictors of peptide 
binding to HLA in a weighted manner, resulting in a 
final prediction score based on the collective outcomes 
of individual predictors. The aim of these methods is 
to integrate results from multiple predictors, thereby 
improving overall prediction performance compared 
to individual predictions. Earlier consensus-based 
methods incorporate up to three tools, typically using 
straightforward strategies like selecting prediction 
methods based on their closeness to HLA in the training 
data. For instance, NetMHCcons (18) is a combination 
of NetMHC (13), NetMHCpan (14) and PickPocket 
(10), determining the appropriate prediction method by 
assessing the distance between the query HLA allotype 
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and its nearest neighbor in the base method’s train 
set. Additionally, existing consensus-based methods 
generally incorporate the results of only two or three 
predictor tools, despite the growing availability 
of additional tools that could be integrated. A key 
challenge, however is the seamless integration of these 
numerous predictive models. Thus, the development 
of a consensus framework to effectively combine 
the outputs of HLA-peptide predictor tools is both 
necessary and valuable.

2. Objective
In this paper, we present HLAPepBinder, a novel 
consensus approach that utilizes ensemble machine 
learning, to simplify model selection process for 
biologists. HLAPepBinder tackles the common 
challenge of predicting HLA-peptide binding by 
combining the strengths of multiple existing models 
while minimizing their individual limitations. This 
integration removes the complexity of choosing the 
right model for biologists, providing a more reliable 
and streamlined solution for making HLA-peptide 
binding predictions.
Instead of creating a complex new model from 
scratch—which is often time-consuming and requires 
significant resources—our study uses the predictive 
capabilities of well-established models. By combining 
their strengths, we offer a more efficient and practical 
alternative. Unlike previous approaches that manually 
combined just two or three models, HLAPepBinder 
automates the integration process and incorporates a 
wider range of predictors.
A major innovation of HLAPepBinder is its 
automatic pipeline, which uses a random forest 
(RF) model to combine predictions from multiple 
existing tools. By synthesizing outputs from 
different predictors, the RF model in HLAPepBinder 
provides a highly efficient and accurate method for 
generating final HLA-peptide binding predictions. 
Specifically,  HLAPepBinder  integrates nine baseline 
predictors from IEDB: ANN (17), Consensus (19), 
NetMHCpan BA (14), NetMHCpan EL (14), SMM (11), 
SMMPMBEC (12), PickPocket (10), NetMHCcons 
(18) and NetMHCstabpan (16). The strength of 
HLAPepBinder lies in its ability to combine diverse 
prediction models, each using distinct methodologies. 
For example, some models rely on HLA allele names 
(17), while others utilize full HLA sequences (14). 

Additionally, some models incorporate structural 
information in their predictions (10). By bringing 
together these varied approaches, HLAPepBinder 
delivers more accurate and broadly applicable 
predictions across a wide range of HLA subtypes and 
datasets. This ensemble not only outperforms each 
of the nine individual baseline tools from IEDB but 
also clearly demonstrates the practical advantages of 
integrating models to advance HLA-peptide binding 
prediction.
Recently, a more complex model called TranspHLA 
(20), based on transformer architecture, was 
introduced. While TranspHLA outperforms all nine 
baseline models, it demands substantial computational 
resources. In contrast, our results demonstrate that 
HLAPepBinder not only surpasses TranspHLA in 
prediction accuracy but also excels in processing speed 
and resource efficiency.
We develop and evaluate HLAPepBinder within 
the Google Colab environment, utilizing limited 
computational resources (12 GB of RAM and a standard 
CPU). Despite these constraints, the model demonstrates 
robust performance. In comparison, TranspHLA 
requires a high-performance system equipped 92 GB of 
RAM, 80 CPU cores, and an Nvidia RTX 3080 GPU to 
function optimally. Notably, HLAPepBinder operates 
with fewer parameters and reduces computational 
complexity, rendering it a more accessible option for 
researchers with restricted computational resources. 
The model’s ability to maintain high efficiency under 
these conditions underscores its practical advantages 
over more computationally demanding models such as 
TranspHLA.

3. Material and Methods
This section outlines the HLA-peptide binding 
prediction as a computational problem. We then 
describe our proposed pipeline, HLAPepBinder, uses 
an ensemble approach to address the HLA-peptide 
binding problem.

3.1. Problem Definition
The HLA-peptide binding problem is defined as 
follows:
•	 Inputs: 
1. Peptide sequence (X) : A short sequence denoted 
as X=x1…xm, where m represents the length of the 
sequence, and xi corresponds to the amino acid at the i th 
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position within the sequence X.
2. HLA name (H): The HLA name follows a standardized 
nomenclature system that encodes detailed information 
about the specific HLA allele. For example, the 
designation ‘HLA-B*15:01’ identifies a variant of the 
HLA-B gene, where “15” represents its group and “01” 
denotes the first allele identified within that group. 
This naming convention is essential for identifying 
and characterizing specific HLA alleles, which play a 
crucial role in the immune system and have implications 
in various fields, including transplantation and disease 
susceptibility (21).
. Output: The prediction of binding between HLA and 
a peptide is denoted by a binary label named l where 
a value of 1 (or 0) indicates binding (or non-binding), 
respectively.

3.2. HLAPepBinder Pipeline
In this section, we introduce a pipeline named 
HLAPepBinder, incorporating state-of-the-art algori-
thms from IEDB to enhance the strengths of different 
models in IEDB and address their weaknesses. This 
pipeline consists of three main steps: data preparation, 
feature generation, and ensemble (Fig. 1). More details 

Figure 1.  HLAPepBinder pipeline includes three main steps: Data preparation, Feature 
generation and Ensemble.

are available in the subsequent subsections.

3.2.1. Data preparation
This study used the dataset introduced by Chu et al. 
(20), which was originally employed to benchmark 
their method, TranspHLA (20) against state-of-the-art 
models available in the IEDB. To ensure a rigorous 
performance comparison, they created a dataset named 
“External test set” that does not share any common 
data with the training data in TranspHLA (20) and the 
other models. Moreover, this balanced dataset provides 
comprehensive insights into the binding of HLA alleles 
with peptides of varying lengths, ranging from 8 to 12 
residues. We define this dataset using the following two 
ordered lists,  D and B as follows:

where n represents the number of data points. For each 
i=1,2,…,95990 , we define bi as: 

We define (X,H)i  as a positive (or negative) pair from 
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the ordered list D where bi =1 (or 0). More details 
about the dataset are available in Table 1. This dataset 
includes five HLAs: HLA-A*01:01, HLA-A*02:01, 
HLA-A*24:02, HLA-B*08:01, and HLA-B*18:01.

Table 1. Dataset details of set D.

Number of 
HLAs

Number 
of 
peptides

Number 
of positive 
pairs

Number of 
negative 
pairs

Total 
number of 
pairs

Ref.

5 93154 48047 47943 95990 (20)

3.2.2. Feature Generation
Our primary objective is to integrate the outcomes from 
nine HLA-peptide binding predictor tools available on 
the IEDB website. The details of these nine tools are 
as follows:
•	 ANN (17) is composed of several neural networks, 

each with a distinct input representation model. 
The ANN 4.0 (15), also referred to as NetMHC 4.0, 
is an advanced model including a more intricate 
architecture, a larger dataset, and an expanded set 
of training features.

•	 Consensus (19) is the result of combining three 
predictors: NetMHC 4.0 (15), SMM (11) and 
CombLib (22).

•	 NetMHCpan BA (14) is a pan-specific version of 
the NetMHC (15) model trained on binding affinity 
datasets.

•	 NetMHCpan EL (14) is another version of 
NetMHCpan, specifically trained on eluted ligand 
datasets.

•	 SMM (11) utilizes the stabilized matrix method, 
operating by minimizing the distance between 
predicted scores and the measured affinities for the 
peptides.  

•	 SMMPMBEC (12) is a tool that enhances the 
SMM method by incorporating a MHC-peptide 
binding energy covariance (PMBEC) matrix.

•	 PickPocket (10) predicts the binding between HLA 
and peptide using pocket similarities. 

•	 NetMHCcons (18) specifically combines three 
state-of-the-art HLA-peptide binding prediction 
methods: NetMHC (17), NetMHCpan (14) and 
PickPocket (10).	

•	 NetMHCstabpan (16) uses neural networks to 
predict binding affinity and complex stability 
while considering HLA allelic variability. 

Assume that the nine tools are represented in the 

ordered list T as follows: 
T = [ANN, Consensus, NetMHCpan BA, NetMHCpan 
EL, SMM, SMMPMBEC, PickPocket, NetMHCcons, 
NetMHCstabpan].

Each HLA-peptide pair (X,H)i ∊D is input into the 
tool Tj to obtain the binding score fj             ,where  
ranges from 1 to 9. This score predicts the binding 
affinity between peptide X and HLA H. Following the 
computation of fj          , we generate a feature vector 
named  F(X,H )i as follows:

Here, we construct the dataset U corresponding to 
the ordered sets D and B, to facilitate the training and 
testing of our pipeline, respectively as follows:

3.2.3. Ensemble
In the final phase of the HLAPepBinder pipeline, we 
employ two distinct methods to integrate the binding 
prediction scores of the peptide X to HLA H using nine 
tools in the list T for the final output:
•	 Simple Voting (SV): we make a binary vector

       from  
 

       as follows:

where θj represents a predefined cutoff (20) used by 
the tool T j to convert binding prediction scores to 1 or 
0, indicating the binding or non-binding between the 
peptide and HLA, respectively. After making vector 
O(X,H)

   , we predict the binding between X and H  based 
on simple voting as follows:

.    Random Forest (RF) (23): we divide dataset U into 
two parts. The first part is defined for training the RF 
model to learn binding or non-binding relationships 
between peptides and HLA, based on the binding 
scores of predictors as features; and the other one for 
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testing. The RF approach combines outcomes from the 
nine predictors to enhance the accuracy. Recognized 
for their proficiency in ensemble learning, RF models 
employ multiple decision trees for intricate problem 
solving. By integrating insights from numerous 
decision trees, RF forms a robust and flexible model, 
effectively reducing the common issue of overfitting 
observed in individual decision trees. At the testing 
phase of the RF model, each pair  (X,H) in the test 
set, is input into the model as F (X,H )

 for HLA-peptide 
binding prediction.

4. Results
In this section, we present a comparative analysis of 
our pipeline, HLAPepBinder, against state-of-the-art 
methods. Additionally, we extend the evaluation by testing 
HLAPepBinder on an independent dataset, demonstrating 
its efficacy on a larger and more diverse set of data. 
We also assess HLAPepBinder’s performance across 
different HLA subtypes to evaluate its generalizability. 
Lastly, we conduct case studies to examine the model’s 
biological relevance and performance.

4.1. Evaluation Metrics
To assess our pipeline, we apply the accuracy, precision, 
recall, and F1-score metrics as follows (24):
•	 Accuracy represents the ratio of accurately 

classified samples to the total number of samples. 
It is computed by dividing the sum of true positives 
and true negatives by the overall sample count.

•	 Precision is the proportion of true positives out of 
the total number of predicted positives. It measures 
the ability of the model to correctly identify positive 
samples. Precision is calculated as the number of 
true positives divided by the sum of true positives 
and false positives.

•	 Recall, also known as sensitivity, is the proportion 
of true positives out of the total number of actual 
positives. It measures the ability of the model to 
correctly identify all positive samples. Recall is 
calculated as the number of true positives divided 
by the sum of true positives and false negatives.

•	 F1-score, the harmonic mean of precision and recall, 
offers a unified metric balancing both aspects. Its 
calculation is as follows:

.

4.2. The Assessment of HLAPepBinder Pipeline
As described in the “Material and Methods” section, 
we incorporate predictions from nine tools sourced 
from IEDB using our pipeline for HLA-peptide 
binding prediction. The primary aim of this section 
is to demonstrate that integration based on the RF 
model outperforms the SV model. To achieve this, we 
establish two versions of the HLAPepBinder pipeline: 
HLAPepBinder_SV and HLAPepBinder_RF. 
We perform 5-fold cross-validation on dataset U 
(refer to the second phase of the pipeline) using 
HLAPepBinder_RF. In parallel, HLA-peptide binding 
predictions for each test fold are generated using 
HLAPepBinder_SV. Table 2 presents the performance 
comparison of the two models, highlighting that the RF-
based integration of the nine predictors significantly 
outperforms the SV model. Hereafter, we will refer to 
the RF-based model simply as HLAPepBinder.

Method Accuracy Precision Recall F1-Score

HLAPepBinder_SV 0.726 0.984 0.460 0.627

 HLAPepBinder_RF 0.916 0.927 0.902 0.915

The importance of the nine tools was analyzed using RF 
(Fig. S1). This analysis highlights that the NetMHCpan 
EL model (14) plays a particularly influential role 
in predictive performance, aligning with the IEDB 
recommendation and emphasizing its importance in 
HLA-peptide binding prediction. Furthermore, the 
analysis reveals that earlier consensus models, such as 
NetMHCcons (18) and Consensus (19), contribute less 
substantially to the predictive process when compared 
to the IEDB-recommended method, NetMHCpan 
model (14).

4.3. Comparing the HLAPepBinder Pipeline Against 
State-of-the-Art Methods
In this section, we apply 5-fold cross-validation on 
dataset U (refer to the second phase of the pipeline) 
to validate the efficacy of HLAPepBinder against 
nine baseline methods sourced from IEDB. Figure 
2 presents the evaluation metrics comparing the 
prediction performance across these methods.

Table 2.  Performance comparison of RF and SV 
models in the Ensemble phase of HLAPepBinder.
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As illustrated in Figure 2, the HLAPepBinder 
consistently outperforms all baseline models across 
four criteria. It  achieves an accuracy of 0.916, which 
is signifi cantly higher than NetMHCpan EL (0.746) 
(14), the recommended model in IEDB. Furthermore, 
our pipeline, serving as a consensus model, exhibits 
higher performance compared to previous consensus 
models such as NetMHCcons (18) and Consensus (19). 
Unlike previous models that achieved high precision 
with a low F1-score, our model has successfully 
enhanced both precision and F1-score, reaching 
impressive values of ≈ 0.92 for both metrics.
Previous models have exhibited high precision but 
reported very low recall values. Given the defi nitions 
of these metrics, this suggests that while the models 
are effective in accurately identifying the bound pairs 
they predict (resulting in high precision), they miss 
a substantial number of actual bound pairs within 
the test dataset, leading to reduced recall. In such 

scenarios, the F1-score becomes particularly relevant, 
as it provides a balanced measure by representing 
the harmonic mean of precision and recall. The 
HLAPepBinder model has demonstrated signifi cantly 
improved recall and, consequently, a higher F1-
score. This improvement highlights that each of the 
baseline models captures a different subset of bound 
pairs, and combining these models in an ensemble has 
signifi cantly enhanced overall performance.

4.4. Comparing the HLAPepBinder Pipeline Against 
State-of-the-Art Models on An Independent Dataset
Chu et al. (20) utilized a dataset referred to as the 
“Independent test dataset,” distinct from set D, to 
compare their model named TranspHLA (20) to the 
baseline predictors in IEDB. In this section, our primary 
objective is to employ this dataset as an external test 
set for comparing HLAPepBinder against the baseline 
predictors in IEDB (14,18,19) and  TranspHLA (20). 

Figure 2. Comparing the performance of HLAPepBinder against nine baseline models 
from IEDB.

Number of 
HLAs

Number of peptides Number of positive 
pairs

Number of negative 
pairs

Total number of 
pairs

Ref.

73 115953 62100 61808 123908 (20)

Table 3. Dataset details of set E.
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Notably, none of these models, including our own, 
have been trained on any part of this test data. We 
call this set E, with further details available in Table 
3. HLAPepBinder is trained using dataset U, which is 
derived from the results of the nine baseline models 
applied to the set D. We then use it for HLA-peptide 
binding prediction on the independent test set E. Figure 
3 presents the outcomes of our pipeline in comparison 
to the results from other tools, as reported in the paper 
(20).
As illustrated in Figure 3, HLAPepBinder presents 
superior performance in comparison to the recently 
introduced TranspHLA model (20), as well as the 
consensus models found in IEDB (NetMHCcons (18) 
and Consensus (19)) and the  recommended IEDB 
model, NetMHCpan EL (18). Furthermore, in addition 
to its high accuracy, it’s noteworthy that HLAPepBinder 
signifi cantly outperforms TranspHLA in terms of 
processing speed and resource consumption, in 
addition to its high accuracy.
To further evaluate the contribution of each base 
model within HLAPepBinder, we present a heatmap 
in Figure 4, depicting the prediction correlations 
between each of the nine baseline models and the true 
labels in dataset E. The heatmap demonstrates that 
HLAPepBinder exhibits signifi cant correlations with 
each individual model, with none of the correlations 
being zero. Additionally, no correlation approaches one, 

indicating that no single model dominates the overall 
prediction. This fi nding confi rms that HLAPepBinder 
effectively synthesizes diverse predictions from 
all nine models, rather than relying heavily on any 
single predictor. Moreover, HLAPepBinder shows the 
highest correlation with the true labels, highlighting 
its superior predictive performance and accuracy.

4.5. HLAPepBinder Performance on HLA Subtypes
In this section, we conduct a series of experiments 
to evaluate the generalizability of HLAPepBinder 
across different HLA subtypes using a leave-one-
out validation approach. This approach enables us to 
assess how well the model could predict HLA-peptide 
binding for subtypes it has not encountered during 
training. Meanwhile, we  evaluate the model’s ability 
to predict the binding for subtypes that are absent 
from the training set but present in the test set. This 
test is key to determine whether HLAPepBinder could 
generalize its predictions to novel HLA subtypes. The 
results (Table S1) show consistent performance across 
different HLA subtypes, highlighting the model’s 
robust generalizability across all cases.
This evaluation is also conducted using the external 
test dataset (E). We examine HLAPepBinder’s per-
formance across the three HLA groups—A, B, and 
C—excluding the specifi c A and B subtypes present 
in the main training set. The results, presented in 

Figure 3. Performance comparison of HLAPepBinder with TranspHLA, consensus-
based models, and the IEDB-recommended models in terms of accuracy and F1-score. 

Saadat M et al.

https://www.ijbiotech.com/jufile?ar_sfile=2714252


100 Iran. J. Biotechnol. October 2024;22(4): e3927

Figure 4. Heatmap of prediction correlations between HLAPepBinder and 
baseline models with true labels in the dataset E.

Table 4, demonstrate the model’s robustness and 
ability to generalize to unseen HLA types, especially 
within HLA group C, which was entirely absent from 
the training set.

HLA Group Accuracy Precision Recall F1-score

HLA-A 0.903 0.914 0.890 0.902
HLA-B 0.905 0.903 0.908 0.906
HLA-C 0.915 0.914 0.918 0.916

4.6. Case Study
One of the primary challenges we encounter is the 
lack of experimental validation for non-binding 
HLA-peptide interactions. In essence, the negative 
data within our dataset remains unknown, leaving 

Table 4. Performance of HLAPepBinder on 
the set E across HLA groups A, B, and C. 

us without concrete examples of non-binding 
interactions. As a result, when predicting unknown 
HLA-peptide interactions, we must determine the 
validity of these predictions. To enhance our RF 
model, we modify it to output probabilities instead of 
binary classifi cations. This is achieved by calculating 
the proportion of votes for each class, which involves 
dividing the number of votes a class receives by the 
total number of trees in the forest.
From the test set, we identify HLA-peptide pairs that 
our model predicts with 100% probability, totaling 
26 pairs across fi ve distinct HLA subtypes. We 
evaluate these pairs to demonstrate the reliability 
of our model (Table 5). Additionally, we discover 
three HLA-peptide pairs in the literature that exhibit 
satisfactory experimental binding (25–33). Notably, 
two of these peptides have been previously reported 
to bind to HLA class I subtypes.
To further assess the remaining peptides, we utilize 
BLAST with two sequence similarity thresholds—90% 
and 80%—and identify 13 additional pairs. For the 
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final eight pairs, we employ molecular docking with 
the HPEPDOCK tool (34) to predict potential binding 
interactions. A comprehensive summary of these 
analyses can be found in Table 5.
Molecular docking is a computational technique used 
to predict the binding affinity and interactions between 
a peptide and an HLA molecule. HPEPDOCK (34) 
simulates this binding process and provides a binding 
score, which helps assess the likelihood of HLA-
peptide binding. The server generates the top ten 
docking models, and we select the highest-ranked 
model for detailed analysis. Figure 5 and Figure S2 
illustrate the molecular docking results for the HLA-
peptide pairs and presents the cartoon representation 
of the HLA-peptide complex. All eight pairs achieved 
docking scores below -200, indicating a strong 

Table 5. Summary of HLA-peptide interaction analyses.

HLA	                       Peptide	                         Validation	                                 Details	                                     Reference

HLA-A*02:01	 ALAQYLITA	 Literature	                                    Potential targets for immunotherapy	 (25,26)

HLA-A*24:02	 LIPEEFFQF	 Literature	                                    Potential targets for immunotherapy	 (27–31)

HLA-B*08:01	 NPTERVAAL	 Literature	                                    Role in Allorecognition 	                   (32,33)

HLA-B*18:01	 DEYIERLVW	 Known peptide	                   Reported related to HLA class I	                   (35–38)

HLA-B*18:01	 SEAGTHQEW	 Known peptide	                    Reported related to HLA class I	                   (39)

HLA-B*08:01	 DLIKFIMSL	 BLAST Similarity (90%)	 Reported related to HLA class I	                  (40–43)

HLA-B*08:01	 ELMAHLTEM	 BLAST Similarity (90%)	 Reported related to HLA class I	                   (40,44–46)

HLA-B*08:01	 FPARLKKVL	 BLAST Similarity (90%)	 Reported related to HLA class I	                   (27,28,47–49)

HLA-B*18:01	 VETGVELM	 BLAST Similarity (90%)	 Reported related to HLA class I	                  (37)

HLA-B*08:01	 EGTLRRRSL	 BLAST Similarity (80%)	 Reported related to HLA class I     	 (50)

HLA-A*01:01	 KTDSSFSFM	 BLAST Similarity (80%)	 Reported related to HLA class I	                   (29,51)

HLA-A*24:02	 EYAAVAQEL	 BLAST Similarity (80%)	 Reported related to HLA-C 	                   (52)

HLA-B*18:01	 EEKQHLLFM	 BLAST Similarity (90%)	 Reported related to HLA-B	                   (31,53–55)

HLA-B*08:01	 EPAGRPPAL	 BLAST Similarity (90%)	 Reported related to HLA-B	                   (39,56)

HLA-B*18:01	 TEPPFSGIY	 BLAST Similarity (90%)	 Reported related to HLA-B	                   (57)

HLA-B*18:01	 EDFRYGYSY	 BLAST Similarity (80%)	 Reported related to HLA-B	                   (58)

HLA-B*08:01	 KKKLRTLQL	 BLAST Similarity (80%)	 Reported related to HLA-B	                   (58)

HLA-B*08:01	 DLRHYLSL	 BLAST Similarity (90%)	 Reported related to HLA-B*08:01 	 (59)

HLA-B*08:01	 HLRNHQQI	 Molecular Docking	                   Docking Score: -243.324	                   (Fig. 5A)

HLA-B*08:01	 TLEPRGYSL	 Molecular Docking	                   Docking Score: -243.637	                   (Fig. 5B)

HLA-B*18:01	 EEGHVAVF	 Molecular Docking	                   Docking Score: -241.008	                   (Fig. 5C)

HLA-B*18:01	 NEYEVYSL	 Molecular Docking	                   Docking Score: -239.856	                   (Fig. 5D)

HLA-B*18:01	 VEFLGPVAL	 Molecular Docking	                   Docking Score: -237.400	                   (Fig. 5E)

HLA-B*08:01	 EPGGRPFYL	 Molecular Docking	                   Docking Score: -235.915	                   (Fig. 5F)

HLA-B*08:01	 YLKKHGIDV	 Molecular Docking	                   Docking Score: -215.966	                   (Fig. 5G)

HLA-B*08:01	 TKRRSPSL	 Molecular Docking	                   Docking Score: -210.840	                   (Fig. 5H)

likelihood of binding. Both figures demonstrate that 
the peptides are positioned within the grooves of 
the HLA molecules, further supporting the predicted 
binding interactions.

5. Discussion
The HLAPepBinder pipeline demonstrates a significant 
advancement in HLA-peptide binding prediction by 
effectively integrating predictions from nine state-of-
the-art tools through a RF model. The results of our 
analyses establish HLAPepBinder_RF as a superior 
consensus model, outperforming both its SV-based 
counterpart (HLAPepBinder_SV) and individual 
baseline methods across various evaluation metrics. 
The comparison between HLAPepBinder_RF and 
HLAPepBinder_SV highlights the robustness of 
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Figure 5. Cartoon representation of molecular 
docking between HLA and peptide, highlighting 
the peptide’s alignment within the HLA groove. A) 
HLA-B*08:01 with HLRNHQQI, B) HLA-B*08:01 
with TLEPRGYSL, C) HLA-B*18:01 with EEGHVAVF, 
D) HLA-B*18:01 with NEYEVYSL, E) HLA-B*18:01 
with VEFLGPVAL, F) HLA-B*08:01 with EPGGRP-
FYL, G) HLA-B*08:01 with YLKKHGIDV, and H) 
HLA-B*08:01 with TKRRSPSL.

the RF-based approach. As evidenced by the 5-fold 
cross-validation results on dataset , HLAPepBinder_
RF achieves signifi cantly higher accuracy (0.916), 
precision (0.927), recall (0.902), and F1-score (0.915) 
compared to HLAPepBinder_SV, which is limited 
by its low recall and F1-score. This improvement 
underscores the effectiveness of ensemble methods, 
particularly RF, in synthesizing diverse predictive 

A) B)

C) D)

E) F)

G) H)

patterns from multiple models. HLAPepBinder_RF 
achieves a better balance of precision and recall, 
addressing the limitations of earlier models that focus 
on precision but lack recall.
The feature importance analysis using the RF model 
provides valuable insights into the contributions 
of individual predictors. The NetMHCpan EL (14) 
model emerges as the most infl uential baseline 
tool. In contrast, earlier consensus models, such 
as NetMHCcons (18) and Consensus (19), play a 
relatively minor role in the HLAPepBinder pipeline. 
This fi nding supports the hypothesis that using the 
predictive strengths of specifi c advanced models, such 
as NetMHCpan EL, can signifi cantly enhance overall 
performance.
HLAPepBinder consistently outperforms all baseline 
methods and consensus models from IEDB in terms of 
accuracy and F1-score, as shown in Figure 2. Moreover, 
it surpasses the performance of TranspHLA (20) on the 
independent test set E, achieving both higher accuracy 
and computational effi ciency. This success highlights 
the robustness of the HLAPepBinder pipeline as a 
consensus-based approach, capable of harnessing the 
predictive diversity of individual models to deliver 
superior results.
The leave-one-out validation experiments reveal that 
HLAPepBinder maintains high predictive accuracy 
across various HLA subtypes. The model consistently 
achieves strong performance metrics even for subtypes 
absent in the training set, as shown in Tables 4 and 
Table S1. Notably, the model exhibits exceptional 
generalizability to HLA group C, which was entirely 
excluded from the training phase, achieving an F1-
score of 0.916 on test set E. This fi nding underscores 
the model’s potential for application to novel HLA 
subtypes and its ability to generalize effectively to 
unseen data.
The correlation heatmap in Figure 4 illustrates 
the contribution of each baseline model within 
HLAPepBinder. The absence of dominant correlations 
highlights the model’s ability to synthesize diverse 
predictions rather than relying disproportionately on 
any single predictor. The high correlation between 
HLAPepBinder predictions and true labels further 
validates its superior predictive performance.
A major challenge in HLA-peptide binding prediction 
is the scarcity of experimentally verifi ed negative data, 
as many interactions labeled as non-binding might 
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actually be true binders, but remain experimentally 
unverified. Using HLAPepBinder, we identified 26 
HLA-peptide pairs in the test set that are predicted with 
100% certainty to bind. These predictions are validated 
through literature review, BLAST sequence similarity 
analysis, and molecular docking (Table 5). Also, these 
literature review validated predictions include several 
promising candidates for immunotherapy and vaccine 
development (25–33). Notably, eight unverified pairs 
demonstrated strong binding potential with docking 
scores below -200, further reinforcing the model’s 
reliability. This integration of molecular docking 
results with computational predictions bridges the gap 
between in silico methods and experimental validation, 
offering a robust evaluation framework.

6. Conclusions
Our research introduced a novel ensemble-learning 
model for HLA-peptide binding prediction, addressing 
a critical need in immunoinformatics. IEDB’s website 
models are considered reliable due to their large and 
curated dataset, rigorous curation processes, peer 
review and regular updates. Model selection has 
been a significant challenge, as manually evaluating 
prediction models can be time-consuming and prone 
to errors. Our approach, known as an ensemble model, 
simplifies this process by providing a systematic way 
to use the strengths of existing predictors. This not 
only enhances predictive accuracy but also minimizes 
time investment and reduces error rates. It’s worth 
noting that recent deep learning models are resource-
expensive and time-consuming.
The core achievement of our research lied in the 
significantly improved predictive accuracy of 
HLAPepBinder. Our ensemble model consistently 
outperformed individual baseline models and alternative 
methods across various criteria. This heightened 
accuracy proves instrumental in understanding 
immune responses, optimizing vaccine design, and 
advancing therapeutic development, offering more 
reliable predictions of HLA-peptide binding. Beyond 
accuracy, our approach introduces efficiency and cost-
effectiveness. By utilizing IEDB predictors, we not 
only build on collective expertise but also minimize 
the resources required for model development. 
This enhancement of ensemble models, extending 
HLA-peptide binding prediction, offers valuable 
insights for addressing various bioinformatics cha-

llenges and paving the way for future research. In 
other words, there is potential in model ensembling 
related to HLA class II, improving the interpretability 
of these models, and optimizing their implementation 
across different computational environments. These 
areas represent promising opportunities for further 
investigation and advancement in the field.
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