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Introduction
In 2014, Science reported a groundbreaking case in which a patient with advanced 
malignant cholangiocarcinoma was successfully treated using lymphocytes capable of 
specifically recognizing abnormal proteins resulting from cancer cell gene mutations [1]. 
Since then, tumor neoantigen-based immunotherapy has garnered significant attention 
for its remarkable therapeutic potential across various cancer types [2, 3]. Tumor neo-
antigens are specific short peptides generated by somatic mutations in tumor cells. They 
are exclusively expressed in tumor cells and absent in normal tissues. Through human 
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Abstract
Human leukocyte antigen (HLA) molecules play a pivotal role in antigen presentation. 
Tumor cells present neoantigens on the cell surface via HLA molecules, thereby 
activating cytotoxic T cells and eliciting immune responses. This process offers critical 
opportunities for cancer immunotherapy and tumor vaccine development. However, 
the identification of tumor neoantigens remains challenging due to limitations in 
data scale, prediction accuracy, and cross-species compatibility of existing methods. 
To address these challenges, we developed TransBindpMHCI, a transformer-based 
pan-specific major histocompatibility complex (MHC) peptide binding prediction 
model. By employing 1,404,492 mass spectrometry-screened MHC-presented 
peptides for modeling, the model directly captures the authentic processes of 
peptide generation and presentation. Its dual-tier transformer encoder architecture 
significantly enhances feature extraction capabilities for peptide-MHC binding 
patterns while reducing computational complexity. Furthermore, TransBindpMHCI 
extends prediction coverage to peptides spanning 8–15 amino acids and achieves 
cross-species compatibility for both human and murine MHC-I molecules. 
Comprehensive evaluations demonstrate that TransBindpMHCI outperforms existing 
methods in accuracy, computational efficiency, and generalizability, enabling the 
identification of more immunogenic neoantigens. This model holds substantial 
promise for advancing tumor neoantigen validation and personalized vaccine design.

Keywords  MHC-I peptide binding prediction, Transformer, Neoantigen, Cancer 
immunotherapy, Mass spectrometry, Deep learning
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leukocyte antigen (HLA) molecules, tumor neoantigens are presented on the cell sur-
face, activating T cells and inducing specific immune responses, ultimately leading to 
tumor cells destruction. Due to their potent immunogenicity, tumor neoantigens serve 
as ideal targets for immunotherapy [4].

However, only a small fraction of the numerous mutated peptides generated by tumor 
cells can effectively activate anti-tumor immune responses [5, 6]. Therefore, accurately 
predicting and identifying presented neoantigens is crucial for advancing cancer immu-
notherapy and vaccine development. Current tumor neoantigen prediction methods pri-
marily rely on genomic sequencing data to identify nonsynonymous mutation sites and 
computational algorithms to predict potential neoantigen epitopes [7–9]. Additionally, 
effective prediction algorithms must consider multiple factors involved in antigen pre-
sentation, including proteasomal cleavage of mutated proteins, peptide transport, and 
binding affinity with major histocompatibility complex (MHC) molecules. The primary 
goal of neoantigen identification is to select peptides capable of eliciting CD8+ T cell 
responses, with MHC-I molecules playing a crucial role in their presentation [2]. Thus, 
this study focuses on improving MHC-I peptide binding prediction to enhance tumor 
neoantigen identification.

In recent years, deep learning models based on the attention mechanism has provided 
a novel approach to addressing long-range dependencies in sequence data. These meth-
ods have demonstrated remarkable feature extraction capabilities and have been suc-
cessfully applied in various bioinformatics tasks [10, 11]. However, their application in 
tumor neoantigen identification still faces challenges, including limited HLA type cov-
erage, restricted peptide length ranges, slow prediction speed, and insufficient gener-
alizability to rare or unseen alleles [12, 13]. Additionally, mice are commonly used as 
experimental models in early-stage vaccine development to evaluate presented candi-
dates and protective effects. Predicting murine MHC binding can facilitate the identi-
fication of candidate antigen epitopes capable of eliciting immune responses in mice, 
thereby optimizing vaccine design. Compared to blind antigen selection, this approach 
significantly reduces the range and cost of experimental validation, improving vaccine 
development efficiency. However, most existing methods do not support murine model 
predictions, limiting their applicability in preclinical research [14–16].

In parallel with these developments, several recent studies have proposed more 
advanced models for peptide–protein and peptide–MHC interactions. For example, 
the Sliding Window Interaction Grammar (SWING) model formulates peptide–pro-
tein binding as a generalized interaction language model and has demonstrated strong 
performance across diverse peptide–protein interaction tasks [17]. More recently, HLA-
pollo introduced a high-quality peptide–MHC-I presentation model tailored to the 
design of improved cancer immunotherapy targets, highlighting the importance of accu-
rate MHC-I presentation modeling for neoantigen prioritization [18]. These approaches 
further underscore the potential of deep learning and attention-based architectures for 
modeling complex peptide–protein interactions, but most existing methods still face 
limitations in cross-species coverage, support for variable peptide lengths, and compu-
tational efficiency in large-scale screening pipelines. To address these challenges, this 
study presents TransBindpMHCI, a Transformer-based pan-specific MHC-I peptide 
binding prediction model. By employing 1,404,492 mass spectrometry data entries for 
end-to-end modeling, TransBindpMHCI captures the authentic processes of tumor 
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neoantigen production and presentation. The model employs a dual-layer Transformer 
encoder design, integrating single- and multi-layer multi-head attention mechanisms to 
balance computational complexity and learning capacity. Furthermore, TransBindpM-
HCI expands its prediction scope to support peptides ranging from 8 to 15 amino acids 
in length and employs a mixed training strategy to achieve cross-species prediction 
for human and murine MHC-I molecules. Comprehensive evaluations demonstrate 
that TransBindpMHCI outperforms existing methods in terms of accuracy, computa-
tional efficiency, and generalizability. To validate its predictive capability, we applied the 
model to experimentally validated datasets from HPV vaccines and tumor neoantigens, 
where TransBindpMHCI exhibited high accuracy in neoantigen prediction, providing 
a valuable tool for immunotherapy target screening and vaccine design. Furthermore, 
we developed a free online platform to facilitate the application of this model in tumor 
immunotherapy and vaccine development.

Methods
TransBindpMHCI model construction

This study introduces TransBindpMHCI, a Transformer-based pan-specific MHC-I pep-
tide binding prediction model (Fig. 1a), designed to capture the intricate binding mecha-
nisms between peptides and MHC-I molecules. The Transformer architecture [19], with 
its self-attention mechanism, effectively addresses the challenge of long-range depen-
dencies in sequence data, making it an ideal choice for peptide-MHC binding predic-
tion. The core design of TransBindpMHCI consists of four key modules: the Embedding 
Module, Fusion Module, Encoding Module, and Mapping Module. The collaborative 
integration of these modules significantly enhances the model’s predictive performance 
and applicability (Fig. 1b, Supplementary Information).

In the Embedding Module, the input peptide sequence P = (p1, p2, . . . , pn) and 
the MHC-I pseudo-sequence [20] M = (m1, m2, . . . , mn) are embedded into high-
dimensional vector spaces, resulting in embedding matrices Ep ∈ Rn×dmodel  and 
EM ∈ Rk×dmodel . To retain positional information, the module incorporates Posi-
tional Encoding, utilizing sine and cosine functions to define relative positions within 
sequences, enhancing sequence feature expressiveness. Unlike existing methods, Trans-
BindpMHCI significantly broadens its input range by supporting peptide lengths of 
8–15 amino acids while accommodating both human and murine MHC-I molecules. 
This design improves the model flexibility and supports more complex antigen presenta-
tion scenarios.

Building on the features extracted by the Embedding Module, the Fusion Module 
integrates peptide sequence features and MHC-I pseudo-sequence features to capture 
potential interactions between the two. Specifically, the peptide features EP  and MHC-I 
features EM  are independently encoded using Encoder-1, then concatenated along the 
sequence dimension: F concat = [EP ; EM ]. A linear mapping is subsequently applied 
to transform the concatenated features into a unified latent representation F fusion. By 
retaining individual features and effectively modeling the complex interactions between 
peptides and MHC-I molecules, the Fusion Module addresses limitations of traditional 
methods that treat the two components independently.

The Encoding Module, based on the Transformer architecture, is designed with a two-
tier encoder (Encoder-1 and Encoder-2) to separately extract local features and model 
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global interactions. The self-attention mechanism allows each position in the sequence 
to attend to all other position, capturing dependencies beyond simple forward or back-
ward contexts. Multi-head self-attention (MHSA), an extension of self-attention, oper-
ates multiple independent attention mechanisms (“heads”) within the same layer. Each 
head has its own parameter set, enabling the model to capture information from dif-
ferent perspectives, including local and global contexts, structural information, and 
semantic relationships. Encoder-1 employs a single-layer MHSA mechanism to learn 
independent peptides and MHC-I features. Residual connections and layer normaliza-
tion stabilize the training process and reduce computational complexity. Encoder-2, in 
contrast, employs a multi-layer MHSA mechanism. Its stacked design captures higher-
order interactions within the fused features, further enhancing the ability to model pep-
tide-MHC binding patterns. Compared to the encoder proposed by Chu et al. [21], the 
multi-level encoder in TransBindpMHCI improves computational efficiency by approxi-
mately 1.2 times while retaining high feature extraction capability.

Finally, the Mapping Module uses a feed-forward network to map high-dimensional 
fused features F encoder extracted by the Encoding Module into a scalar, representing 
the binding probability between a peptide and an MHC-I molecule. A sigmoid activation 

Fig. 1  The framework of TransBindpMHCI and architecture. a The training and prediction workflows of TransBind-
MHCI. The training process involves data collection (binding affinity and mass spectrometry data), data preprocess-
ing (amino acid embedding of peptide sequences and MHC pseudo sequence), and model training using a neural 
network. The predictor outputs binding probabilities and enables performance comparison and visualization. The 
prediction process uses trained models to evaluate peptide-MHC binding probabilities. b The architecture of the 
TransBindMHCI model. Peptide and MHC sequences undergo embedding and are processed by encoder blocks. 
The outputs are concatenated and passed through fusion and subsequent encoder blocks, followed by a mapping 
block to produce the final binding probability
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function limits the output value to the range [0,1], ensuring alignment with the numeri-
cal range of binding probabilities and improving the biological relevance and experimen-
tal applicability of the predictions.

The modular design of TransBindpMHCI not only significantly expands its input 
range but also demonstrates competitive performance in cross-species predictions, sup-
ports non-canonical peptide lengths, and enhances computational efficiency compared 
to existing methods.

Model training

To construct a high-quality dataset for model training, this study integrates data from 
multiple publicly available databases, including IEDB [22], SysteMHC [23, 24], EPIMHC 
[25], SYFPEITHI [26, 27], along with clinical trial data disclosed in relevant literature. 
The database includes both qualitative MHC-I peptide ligand data, obtained via mass 
spectrometry, and quantitative peptide-MHC binding affinity data. The final dataset 
was divided into six subsets for model training, selection, and performance evalua-
tion: Training Dataset, GD (Generalization Dataset), IWBD (IEDB_weekly_benchmark 
Dataset), DMVD (Diverse MHC-Verified Dataset), HPV Dataset and Neoantigen Data-
set (Fig. 2a, Supplementary Table S1). The Training Dataset contains 1,404,492 MHC-
presented peptides from both humans and mice, covering 153 human MHC-I subtypes 
and 7 mouse subtypes, with 655,987 positive samples and 748,505 negative samples 
(Supplementary Figs. 1a, and 2a). Negative samples were composed of naturally occur-
ring peptides in the database as well as peptides generated from source proteins within 
the immunopeptidome (Supplementary Information). To explore cross-species predic-
tion capabilities, the Training Dataset was further divided into Training_Mouse and 
Training_Human subsets (Fig. 2b). Three models were trained based on these subsets: 
(1) TransBindpMHCI_Mouse (TM) trained on Training_Mouse, (2) TransBindpM-
HCI_Human (TH) trained on Training_Human, and (3) TransBindpMHCI_Total (TT) 
trained on the full Training Dataset.

Fig. 2  Dataset curation, Model Evaluation, and Performance Comparison. a Overview of data sources and pre-
processing steps. Data from IEDB, SysteMHC, EPIMHC, SYFPEITHI and clinical trial dataset published in papers 
are collected and curated into different datasets, including IWBD, DMVD (with human and mouse subset), HPV 
Dataset. The original training dataset are split into Training_Mouse based on species. b Multiple strategies were 
employed on the Training Dataset, resulting in the training of TT (trained on Training Dataset), TH (trained on Train-
ing_Human), and TM (trained on Trained_Mouse). This figure demonstrate that the TT, trained using mixed data, 
perform better on DMVD_Human and DMVD_Mouse compared to the independently speices-trained TH and TM
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During model training, cross-entropy loss was employed as the optimization objec-
tive, with the Adam optimizer used to adjust model parameters, enhancing prediction 
accuracy and stability. A five-fold cross-validation strategy was implemented to evalu-
ate model performance, where one subset was used for validation while the remaining 
subsets were used for training in each iteration. The average performance metrics across 
five iterations were calculated to assess model reliability and generalizability. To com-
prehensively evaluate model performance, eight performance metrics were employed: 
ROC-AUC, accuracy, F1 score, MCC, sensitivity, specificity, precision, and AUPR (Sup-
plementary Information). For the HPV dataset, which consists exclusively of experi-
mentally validated binders (positive-only data), standard classification metrics requiring 
negative samples (e.g., ROC-AUC, Specificity) are not applicable. Furthermore, compar-
ing probability cut-offs directly to IC50 fold-changes can be misleading due to model-
specific distribution variances. Therefore, we adopted a rank-based metric, Recall@K (or 
Top-K Recall), to evaluate the models. This metric measures the proportion of validated 
peptides successfully identified within the top K predictions when the dataset is ranked 
by predicted binding probability. This approach provides a fair comparison of the mod-
els’ ability to prioritize true binders without relying on arbitrary threshold adjustments. 
To ensure a fair and rigorous comparison, we benchmarked TransBindpMHCI against 
leading pre-trained models. We adhered to the standard practice in bioinformatics, 
where new methods are evaluated against the best available versions of baseline meth-
ods on independent, non-overlapping test sets.

To verify the effectiveness of the cross-species training strategy, experiments were 
conducted on DMVD_Human and DMVD_Mouse, demonstrating that the TT model 
trained on mixed-species data outperformed the TM and TH models in both datasets 
(Fig. 2b). For instance, on DMVD_Human, the TT model achieved higher scores in 7 out 
of 8 metrics compared to the TH model, with a precision of 0.967 for TT versus 0.905 
for TH. Similarly, on DMVD_Mouse, the TT model outperformed the TM model in 7 
out of 8 metrics, achieving a precision of 0.891 compared to 0.863 for TM. These results 
confirm that the mixed-species training strategy effectively enhanced the model’s pre-
dictive capability for murine data. For subsequent experiments, the TT model trained on 
mixed-species data were adopted and formally designated as TransBindpMHCI.

To rigorously evaluate the transfer learning capability of Trans-BindpMHCI and rule 
out the possibility of the model merely “memorizing” sequences shared between spe-
cies, we conducted a comprehensive overlap analysis. We identified 7,822 peptides that 
were present in both the Human Training Set and the Mouse Training Set. To eliminate 
potential data leakage, we constructed a filtered human dataset by permanently remov-
ing these 7822 overlapping peptides. We then retrained the Trans-BindpMHCI model 
from scratch using this filtered dataset. This ensures that the model’s performance on 
mouse alleles is derived from learned molecular features rather than memorized peptide 
sequences. The results demonstrate that the retrained model (trained on non-overlap-
ping data) maintains a high performance level comparable to the original model. The 
performance drop was negligible, confirming that Trans-BindpMHCI relies on robust 
feature extraction and transfer learning mechanisms rather than data memorization. 
Detailed performance comparisons between the original and retrained models are pro-
vided in Supplementary Information Section 9. This result strongly supports the validity 
of our transfer learning strategy for low-resource species.
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Results
Performance analysis

Generating to evaluate the effectiveness of TransBindpMHCI, we systematically com-
pared its performance with five benchmark methods from IEDB (ANN [28, 29], NetM-
HCpan_BA [30, 31], SMM [32], SMMPMBEC [33]), the recommended IEDB method 
(NetMHCpan_EL [30, 31]), the widely used MHCflurry2 [34, 35] (including MHCflurry_
BA and MHCflurry_AP), and four recently developed attention-based models (BigMHC 
[36], TransPHLA [21], DeepNetBim [37], and DeepAttentionPan [38]). These methods 
use different scoring standards to assess peptide-MHC (pHLA) binding, such as pre-
dicted score, predicted classification, predicted IC50 values, and percentile rank. In this 
study, predicted IC50 values and predicted scores were adopted as the evaluation crite-
ria for regression and classification tasks, respectively.

Notably, not all methods are capable of predicting all data in the following comparison 
analyses. While models such as TransBindpMHCI, TransPHLA, NetMHCpan_BA, Net-
MHCpan_EL, MHCflurry_BA, and MHCflurry_AP support multiple MHC-I types and 
variable peptide lengths, other methods have limitations in terms of MHC-I types and 
peptide length range. For instance, DeepNetBim can only predict 9-mer peptides, while 
SMM and SMMPMBEC are limited to peptide lengths ranging from 8 to 11 amino acids. 
To ensure a fair and unbiased comparison across methods, we adhered to the Restricted 
Domain Comparison (RDC) principle, with detailed criteria outlined in the Supplemen-
tary Information section.

To comprehensively assess model performance, we used two datasets and eight perfor-
mance metrics. To simulate real-world inconsistencies in data, we collected the IWBD 
dataset (Supplementary Fig. 1c, Supplementary Fig. 2e) from IEDB’s weekly benchmark 
data, spanning from March 21, 2014 to October 19, 2023. This dataset exhibits signifi-
cant differences in data distribution and features due to the varying release times of each 
batch. Results indicate that TransBindpMHCI significantly outperforms other methods 
in ROC-AUC, achieving a score of 0.708. While some methods excel in specific met-
rics, for instance, TransPHLA achieves a higher sensitivity (0.811 compared to 0.747 for 
TransBindpMHCI), its specificity is relatively poor (0.598 compared to 0.670 for Trans-
BindpMHCI) (Fig.  3a, Supplementary Table S2). Overall, TransBindpMHCI demon-
strates the best performance on this dataset. It is worth noting that all methods show 
relatively poor overall performance on the IWBD dataset, likely due to significant differ-
ences in data distribution.

To eliminate potential data contamination and further ensure a rigorous compari-
son, we additionally evaluated model performance using the DMVD_Human dataset, 
which includes 112 common MHC-I allele types spanning HLA-A, HLA-B, and HLA-
C. This dataset is large-scale and covers a wide range of allele types, providing a robust 
benchmark for assessing model generalizability. Among the 11 compared methods, 
only six were capable of predicting the full DMVD_Human dataset, while the remain-
ing five could only predict specific subsets. Results demonstrate that TransBindpM-
HCI achieves outstanding performance across multiple evaluation metrics, particularly 
in accuracy (0.952), ROC-AUC (0.952), and specificity (0.969) (Fig. 3b, Supplementary 
Table S2). These results highlight its ability to maintain high identification rates while 
minimizing false positives. Conversely, the NetMHCpan and MHCflurry series excel 
in specificity (NetMHCpan_BA: 0.991, NetMHCpan_EL: 0.996, MHCflurry_BA: 0.975, 
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MHCflurry_AP: 0.985) but show reduced overall recognition rates (e.g., ROC-AUC 
scores: NetMHCpan_BA: 0.822, NetMHCpan_EL: 0.815, MHCflurry_BA: 0.914, MHC-
flurry_AP: 0.906). In further subset comparisons, TransBindpMHCI continues to exhibit 
significant advantages across multiple evaluation metrics (Supplementary Fig.  3a–e, 
Supplementary Table S2-DMVD_Human).

Clinical data evaluation

To assess the clinical applicability of TransBindpMHCI, we designed two evaluation 
tasks based on clinical datasets: HPV vaccine screening and tumor neoantigen identifi-
cation. For the HPV vaccine screening task, we used the experimentally validated HPV 
Dataset published by Bonsack et al. [39] (Supplementary Fig. 1e, Supplementary Fig. 2f ). 
This dataset consists of 278 experimentally confirmed pHLA complexes derived from 
HPV16 proteins E6 and E7 [40], with peptide lengths ranging from 8 to 11 amino acids. 

Fig. 3  Comprehensive Performance Evaluation of TransBindpMHCI on IWBD, DMVD, HPV and Neoantigen Dataset. 
a Each axis represent a different metric, including ROC_AUC, AUPR, Accuracy, Precision, MCC, Specificity, E4_Score, 
and Sensitivity. The different colored lined correspond to distinct prediction methods, such as TransBindpMHCI, 
NetMHCpan_BA, DeepAttentionPan and others. The data is sourced from the IWBD, with scores ranging from 0 to 
1. The legend provides a detailed explanation of the color coding for each method. b This figure is the comparison 
result on the complete DMVD_Human. The other meanings are the same as those in (a). c Recall performance 
across Top-K predictions. The curves illustrate the sensitivity of TransBindpMHCI (red solid line) compared to state-
of-the-art method, including TransPHLA (blue square), NetMHCpan_EL (green triangle), and other baseline tools 
(grey doted lines, e.g., MHCflurry, SMM). The x-axis represents the number of top-ranked prediction considered (K), 
while the y-axis shows the corresponding recall rate. TransBindpMHCI demonstrate a rapid increase in recall, ef-
fectively retrieving a majority of true positives within the top 150 predictions. d Heatmap illustrating the prediction 
accuracy of different methods on the Neoantigen dataset and its subset (because some methods cannot predict 
all data). The color intensity represents the accuracy, red represents high accuracy, and blue represent low accu-
racy. The rows represent the datasets used, and the columns represent different methods. The data comes from 
the Neoantigen Dataset. DeepNetBim-Satisfied Neoantigen Dataset means comparing TransBindMHCI with other 
methods on the subset of Neoantigen that can be predicted by DeepNetBim. Other subsets have similar meanings 
to the DeepNetBim-Satisfied Neoantigen Dataset
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Notably, the binding threshold for this dataset is defined as IC50 < 100 µm, which is 200 
times more lenient than the typical binding threshold of 500 nm.

The HPV Dataset represents a challenging scenario containing viral neoantigens with 
varying binding affinities (IC50 < 100 µM). Since this dataset contains only positive sam-
ples, we evaluated the models using the Recall@K metric to assess their ability to retrieve 
validated epitopes. As shown in Fig. 3c, Transformer-based models demonstrated a sig-
nificant advantage over traditional methods in identifying these viral peptides. Specifi-
cally, TransPHLA and TransBindpMHCI achieved the highest recall rates, identifying 
63.7% and 55.8% of the validated peptides within the total ranked list (Top-278), respec-
tively. In stark contrast, the widely used NetMHCpan_EL and NetMHCpan_BA identi-
fied only 7.9% and 19.1% of the epitopes, respectively.

This result highlights a critical limitation in current standard tools. They are often 
overly conservative and may filter out potential immunogenic neoantigens that exhibit 
weaker binding signals. TransBindpMHCI, by leveraging its attention mechanism, effec-
tively captures these subtle binding patterns, offering a recall rate comparable to the 
state-of-the-art TransPHLA and significantly outperforming conventional tools. This 
capability is particularly vital for vaccine development, where missing a potential epit-
ope (False Negative) is often more detrimental than including a non-binder. In our sup-
plemental information, we further explored the performance variations of our method 
under different thresholds for HPV.

For the tumor neoantigen identification task, we used the Neoantigen Dataset col-
lected by Chu et al. [21] (Supplementary Fig. 1f, Supplementary Fig. 2d), which includes 
249 experimentally validated pHLA complexes from patients with non-small cell lung 
cancer, melanoma, ovarian cancer, and pancreatic cancer. Among the 11 compared 
methods, 7 were able to predict the full Neoantigen Dataset, while the remaining 4 could 
only predict subsets. Experimental results demonstrate that TransBindpMHCI exhibits 
significant advantages on this dataset, achieving an overall accuracy of 0.932, outper-
forming TransPHLA (0.815), NetMHCpan_BA (0.847), and MHCflurry_BA (0.876). In 
subset comparisons, TransBindpMHCI consistently maintained high accuracy (≥ 0.929). 
Only on the DeepNetBim subset did MHCflurry_BA achieve comparable performance 
to TransBindpMHCI. However, across all other subsets, TransBindpMHCI exhibited 
clear performance advantages (Fig.  3d). These results confirm that TransBindpMHCI 
reliably identifies presented, tumor-specific peptides across complete and subset datas-
ets, demonstrating stable and superior performance compared to other methods.

Although TransBindpMHCI performs exceptionally well on the above two clinical 
datasets, further validation on larger-scale clinical datasets is necessary to ensure its reli-
ability. Future research should focus on expanding dataset size and diversity, including 
data from various cancer types, infectious diseases, and diverse populations, to further 
enhance the model’s generalizability and clinical applicability.

Other advantages of the model

To evaluate the practical accessibility of our tool, efficiency benchmarks were con-
ducted on a standard consumer-grade device equipped with an Intel Core i5-10300H 
CPU and 16  GB RAM, without utilizing GPU acceleration. We adopted Throughput 
(pHLA/s) as the standardized metric to measure inference speed, defined as the number 
of peptide-HLA pairs processed per second. We focused our reporting on Batch Mode 
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performance, as this represents the standard workflow for high-throughput neoantigen 
screening tasks where millions of candidates are evaluated simultaneously. Single-pep-
tide inference speed was excluded from the primary comparison as it is typically domi-
nated by system overhead (e.g., Python interpretation) rather than model latency.

We compared the inference efficiency of TransBindpMHCI against state-of-the-art 
methods on a dataset of 164,702 sequences (DMVD_Human). As shown in Fig.  4a, 
TransBindpMHCI demonstrated superior performance even on a standard CPU. Our 
model achieved a throughput of 935.8 pHLA/s, completing the screening of the entire 
dataset in just 176  s (under 3  min). This represents a 1.2 × speedup over TransPHLA 
(776.9 pHLA/s) and a significant improvement over MHCflurry (115.2 pHLA/s) and 
DeepAttentionPan (32.7 pHLA/s).

Notably, TransBindpMHCI is extremely lightweight with a model size of only 19.3 MB. 
This compact architecture ensures a minimal memory footprint during inference, well 
within the 16 GB capacity of standard laptops, thus avoiding Out-of-Memory (OOM) 
issues during large-scale batch processing. These results demonstrate that Trans-
BindpMHC is highly optimized and does not require specialized GPU hardware to 
achieve high-throughput performance, offering a significant advantage for clinical or 
experimental laboratories lacking high-end computational resources.

To further verify the model generalizability, we conducted experiments on the GD 
dataset (Supplementary Fig. 1b, Supplementary Fig. 2c), which consists of low-binding 
probability samples that were excluded from the training set. This dataset covers 53 
MHC-I types (Supplementary Fig. 5), with each type containing fewer than 50 peptide 
samples, making it particularly challenging for prediction. Using eight evaluation met-
rics, the results indicate that TransBindpMHCI achieves an ROC-AUC score of 0.905, 
showcasing its strong ability to classify positive and negative samples (Fig.  4b). The 
model also achieved an accuracy of 0.906, demonstrating high prediction accuracy, and 
an F1 score of 0.899, indicating a balanced trade-off between precision and recall. These 
results highlight the robustness and reliability of TransBindpMHCI in predicting pep-
tide-MHC binding for less common MHC-I alleles.

Fig. 4  Comparison of computational efficiency and performance evaluation of TransBindpMHCI on GD. a Efficien-
cy comparison in terms of Throughput (pHLA/s). The bar chart displays the processing speed of TransBindpMHC 
compared to other tools on a standard CPU (Intel i5). TransBindpMHC achieves the highest throughput (~ 936 
pHLA/s), enabling rapid screening of large-scale datasets. b Performance evaluation metrics of TransBindpMHCI 
on GD, demonstrating high scores in ROC-AUC, accuracy, sensitivity, precision, and other evaluation criteria. The 
result show that TransBindpMHCI is also robust and reliable in predicting the binding of some uncommon MCH-I 
subtypes
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To further optimize the model for different MHC-I molecules and peptide lengths, 
which are critical for neoantigen recognition, we systematically compared the prediction 
performance of 11 different methods across peptide lengths and MHC-I types (Supple-
mentary Table S3). Given that the DMVD dataset (Supplementary Fig. 1d, Supplemen-
tary Fig. 2b) includes diverse MHC-I types and was excluded from training, we used this 
dataset for further evaluations. However, since other methods do not support murine 
predictions, only DMVD_Human was used for these assessments.

Prediction Preference by Peptide Length. The model’s performance across different 
peptide lengths reveals several key characteristics (Fig.  5a, Supplementary Table S4). 
First, TransBindpMHCI demonstrates remarkable stability and prediction performance 
across short to medium peptide lengths, ranging from 8 to 14 amino acids. Specifically, 
for short peptides (8-mer and 9-mer), the model achieves accuracy scores of 0.957 and 
0.956, ROC-AUC scores of 0.957 and 0.956, AUPR scores of 0.938 and 0.942, and pre-
cision and specificity values exceeding 0.960. Second, prediction performance declines 
for longer peptides. When peptide lengths exceed 12 amino acids, prediction perfor-
mance decreases significantly. For instance, the ROC-AUC and AUPR scores for 14-mer 

Fig. 5  Evaluation of the model’s preference for peptide length and MHC-I type. a Radar chart comparing Accuracy 
and F1 scores of TransBindpMHCI and other baseline methods in different peptide lengths (8–14 amino acids) on 
DMVD_Human. TransBindpMHCI consistently outperforms baseline methods, with higher scores across all peptide 
lengths, demonstrating its robustness in handling varying peptide lengths. b Venn diagram illustrating the overlap 
between HLA types in the Training Dataset and those commonly found in the Chinese population. Of the total HLA 
types, 83 are shared, while 77 are exclusive to the training dataset and 24 are unique to the Chinese population, 
indicating adequate but improvable coverage of population-specific HLA alleles. c Bar chart showing the top 10 
most common HLA alleles in the Chinese population based on occurrence frequency. Allele A*11:01 is the most 
prevalent, followed by A*24:02 and A*02:01, highlighting the importance of prioritizing these alleles in population-
specific binding predictions
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peptides drop to 0.852 and 0.802, respectively. Third, comparison with other methods 
shows that most methods perform well for 9-mer peptides. TransBindpMHCI achieves 
an AUPR score of 0.941, significantly outperforming NetMHCpan_BA (0.834) and 
MHCflurry_BA (0.920) while slightly surpassing TransPHLA (0.936). Fourth, the range 
of supported peptide lengths varies across methods. Methods such as TransPHLA, Net-
MHCpan_BA, NetMHCpan_EL, MHCflurry_BA, and MHCflurry_AP perform well for 
peptide lengths of 8–11 amino acids, with TransPHLA approaching TransBindpMHCI’s 
performance on certain metrics. Fifth, TransBindpMHCI demonstrates greater general-
izability for long peptides, whereas most methods exhibit significant instability for pep-
tides longer than 11 amino acids. Despite the inherent challenges in predicting longer 
peptide-MHC interactions, TransBindpMHCI maintains relatively stable performance. 
Finally, other methods have strict length limitations. DeepNetBim supports only 9-mer 
peptide predictions, while SMM and SMMPMBEC are limited to lengths of 8–11 amino 
acids. Although these methods exhibit competent performance within their supported 
ranges, they are generally outperformed by TransBindpMHCI.

Prediction Performance by MHC-I Type. We next evaluated the prediction perfor-
mance of TransBindpMHCI across different MHC-I types in antigen recognition tasks 
and investigated potential influencing factors. Current prediction methods are often 
trained on datasets derived from European populations, leading to uncertainty in pep-
tide-MHC binding predictions for non-European populations, such as Chinese popula-
tions. To address this, we further assessed the prediction capability of TransBindpMHCI 
for common HLA molecules in the Chinese population. A dataset compiled by Zhang 
[41] contains 107 common HLA-I allele types in the Chinese population. Of these, 83 
alleles overlap with the 160 MHC-I types in our training dataset, achieving a coverage of 
77.57% of Chinese HLA types (Fig. 5b).

We compared the performance of multiple methods in predicting peptide binding for 
the 10 most common HLA alleles in the Chinese population (Fig.  5c, Supplementary 
Table S5). The results indicate that for HLA-A*11:01, HLA-A*24:02, HLA-A*02:01, and 
HLA-C*03:04, TransBindpMHCI consistently ranks among the top three methods and 
outperforms other methods in most evaluation metrics. Specifically, for HLA-A11:01 
and HLA-C03:04, TransBindpMHCI achieves ROC-AUC scores of 0.957 and 0.964, 
AUPR scores of 0.938 and 0.937, and strong performance in accuracy, F1 score, and sen-
sitivity. For HLA-A24:02 and HLA-A02:01, while precision is slightly lower than that of 
NetMHCpan_BA and MHCflurry_BA, TransBindpMHCI shows significant advantages 
in comprehensive metrics, such as F1 score and AUPR. In contrast, NetMHCpan_EL 
and DeepAttentionPan perform poorly across all HLA allele types (Supplementary 
Fig. S6).

Overall, TransBindpMHCI demonstrates robust prediction accuracy across most 
MHC-I types, with ROC-AUC scores ranging from 0.900 to 0.990 and precision, MCC, 
and F1 scores exceeding 0.900 in most cases. For specific MHC-I types such as HLA-
A02:04 and HLA-A02:05, TransBindpMHCI achieves near-perfect ROC-AUC scores 
of 1.000, indicating the presence of well-defined peptide binding patterns. However, for 
MHC-I types with more complex binding patterns (e.g., HLA-A30:01 and HLA-A30:02), 
ROC-AUC scores are slightly lower, suggesting challenges in prediction accuracy.

In summary, TransBindpMHCI consistently delivers high performance across differ-
ent MHC-I types, with minor variations between specific alleles. Its overall reliability 
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and strong generalizability highlight its utility in peptide-MHC binding predictions, 
making it a valuable tool for immunotherapy and vaccine development.

Discussion
The TransBindpMHCI model presented in this study demonstrates exceptional per-
formance and broad applicability in the field of MHC-I peptide binding prediction. By 
integrating large-scale mass spectrometry data and employing an innovative model 
architecture and training strategy, it effectively addresses key challenges in this field, 
including limited data diversity, insufficient support for variable peptide lengths, and 
inadequate cross-species generalization.

Compared to existing methods, the superiority of TransBindpMHCI stems from 
several key innovations. First, at the data and training level, we constructed a compre-
hensive dataset of over 1.4 million mass spectrometry entries, which more authenti-
cally reflects the processes of antigen processing and presentation. More importantly, 
we pioneered a mixed-species training strategy using both human and murine data, 
enabling the model’s direct application in preclinical mouse models—a capability lack-
ing in many existing tools. Second, in terms of model architecture, the unique dual-tier 
Transformer encoder not only extracts local and global features efficiently but also sig-
nificantly enhances computational speed. This architectural advantage allows it to effec-
tively handle variable-length peptides (8–15 amino acids), addressing a major limitation 
of traditional models like the CNN-based MHCflurry and proving crucial for discov-
ering neoantigens derived from gene fusions or alternative splicing. Furthermore, the 
model exhibits strong generalization to rare alleles and non-European populations, such 
as common HLA alleles in the Chinese population, thereby addressing the population 
bias common in existing models.

At the clinical level, the model’s successful validation on HPV vaccine and tumor neo-
antigen datasets highlights its practical utility. It not only accurately identifies experi-
mentally validated pHLA complexes but also demonstrates immense potential for 
personalized cancer vaccine design and immunotherapy. By bridging the gap between 
preclinical (murine) and clinical (human) research, TransBindpMHCI is poised to sig-
nificantly accelerate the screening of vaccine candidates and reduce development costs. 
The freely accessible online platform we provide further promotes the adoption and 
application of this tool within the research community.

Furthermore, the analysis of the HPV Dataset revealed that traditional probability 
thresholds (e.g., 0.5) might be too stringent for certain clinical applications, such as iden-
tifying viral neoantigens with lower binding affinities. Our results showed that while 
standard tools like NetMHCpan missed the majority of these “weak binders”, Trans-
former-based architectures (TransBindpMHCI and TransPHLA) successfully recov-
ered a substantial portion of them. This suggests that TransBindpMHCI is well-suited 
for screening tasks where sensitivity is paramount, allowing researchers to explore a 
broader landscape of potential vaccine candidates.

Despite these significant advancements, we acknowledge several limitations and 
future directions. The datasets used for clinical validation remain relatively small, 
and the model’s reliability must be further tested on larger, more heterogeneous clini-
cal datasets covering a wider range of cancer types, diseases, and populations. Future 
research could focus on three areas: first, integrating multimodal data, such as genomic 
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and protein structural information, to enhance predictive accuracy; second, exploring 
optimized fine-tuning strategies; and third, constructing a large-scale pre-trained model 
tailored specifically for neoantigen prediction to achieve greater adaptability and predic-
tive capacity in broader applications.
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