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Abstract

Background: Precise prediction of epitope presentation on human leukocyte antigen (HLA) molecules is crucial for advancing vac-
cine development and immunotherapy. Conventional HLA-peptide binding affinity prediction tools often focus on specific alleles
and lack a universal approach for comprehensive HLA site analysis. This limitation hinders efficient filtering of invalid peptide
segments.

Results: We introduce TransHLA, a pioneering tool designed for epitope prediction across all HLA alleles, integrating Transformer and
Residue CNN architectures. TransHLA utilizes the ESM2 large language model for sequence and structure embeddings, achieving high
predictive accuracy. For HLA class I, it reaches an accuracy of 84.72% and an area under the curve (AUC) of 91.95% on IEDB test data. For
HLA class II, it achieves 79.94% accuracy and an AUC of 88.14%. Our case studies using datasets like CEDAR and VDJdb demonstrate
that TransHLA surpasses existing models in specificity and sensitivity for identifying immunogenic epitopes and neoepitopes.

Conclusions: TransHLA significantly enhances vaccine design and immunotherapy by efficiently identifying broadly reactive peptides.
Our resources, including data and code, are publicly accessible at https://github.com/SkywalkerLuke/TransHLA
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that can bind to HLAs [4-6]. The burgeoning interest in HLA pep-
Key Points: tide binding has revealed the presentation of antigenic peptides
by over 22,000 HLA alleles. This wealth of information constitutes
a substantial database for deep learning models, offering ample
resources for their development and training [7].

There are 2 categories of models used to predict the binding
affinity between peptides and HLA alleles. The first category in-

® We developed TransHLA, a deep learning tool for pre-
dicting epitopes across all HLA alleles using Transformer
and Residue CNN architectures.

® The model uses ESM2 embeddings to improve predictive
accuracy and efficiency.

® TransHLA shows superior specificity and sensitivity
in identifying immunogenic epitopes and neoepitopes

cludes models trained individually for specific alleles, requiring
users to input a peptide and select a specific allele. Examples of

compared to existing models. this category are MH.Cnugg‘ets~ [4] and Anthem [8]. As these‘m.od—
* Our approach offers potential advancements in vaccine els assume that peptides binding to the same allele share similar

design and immunotherapy through enhanced peptide characteristics, they are dependent on the alleles present in the
training data, thus exhibiting limited generalization performance

when applied to extensive peptides compared to the second cat-
egory. The second category, known as pan-allele models, does not
strictly limit predictions to specific HLA alleles. Instead, they take
Introduction both the epitope and HLA allele sequences as input, as seen in
models like MHCflurry [5], NetMHCpan (RRID: SCR_006604) [9],
NetMHCIIpan [9], DeepSegpanll [6], TransPHLA [10], MixMHCpred
[11], and MixMHC2pred [12]. This combined embedding approach
allows for a richer feature set, enhancing generalization perfor-
mance. Both categories require simultaneous input of peptides

analysis.

The intricate process of epitope presentation by human leuko-
cyte antigen (HLA) molecules is a cornerstone of the immune sys-
tem’s ability to combat pathogens, neoplasms, and its involve-
ment in the multifaceted arenas of autoimmunity, allergies, and
organ transplant rejection [1, 2]. HLA class I and Il molecules play
a pivotal role in presenting crucial antigen peptides to T cells [3],
thereby triggering downstream immune responses.

Due to the extensive polymorphism of HLA molecules, their
affinity for a wide range of peptides can vary significantly, posing
a challenge for vaccine design in accurately identifying peptides

and alleles to identify potential epitopes

However, while these methods can accurately determine the
affinity between specific HLA residues and peptides, they rely
heavily on the selection of HLA sites and lack a universal ap-
proach that focuses solely on peptides to efficiently filter out
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invalid peptide segments. To overcome this issue, our TransHLA
does not predict binding affinity but instead predicts whether a
peptide is a potential presented epitope. TransHLA only requires
peptides as input and is built upon a combination of Transformer
[13] and Residual CNN (convolutional neural network) architec-
tures [14], leveraging both the sequence and structural attributes
of peptides to assess the HLA binding potential. To improve fea-
ture extraction, we utilized a pretrained protein language model
called Evolutionary Scale Modeling 2 (ESM2) [15], which employs
an autoencoder architecture to derive a semantic and structural
representation of the sequence. We have selected several state-
of-the-art sequence classification models, namely, TextCNN [16],
TextRCNN [17], DPCNN [18], and RNN-ATTs [19], for benchmark-
ing and comparison purposes. In addition, in the case study, we
employed state-of-the-art peptide-HLA allele binding prediction
software to perform predictions for all alleles. We then compared
these predictions with the results obtained from TransHLA. For
HLA-I molecules, TransHLA achieves an accuracy of 84.72% and
area under the curve (AUC) of 91.95% in IEDB test data: a 0.97%
improvementin accuracy over the second-place method. For HLA-
II molecules, TransHLA achieves an accuracy of 79.94% with an
AUC of 88.14% in IEDB test data: a 2.53% improvement in accu-
racy over the second-place method. The comprehensive analysis
of the results consistently demonstrated that TransHLA outper-
formed the other models in general epitope prediction for both
HLA-I binding and HLA-II binding.

Materials and Methods

Datasets
Data collection

The datasets used in this work were collected and curated
from IEDB (RRID: SCR_006604) [20], CEDAR [21], VDJdb [22], Im-
muneCode [23], dbPepNeo02.0 [24], and NEPDB [25] databases.

The filtering criteria for each database are as follows:

IEDB: “MHC Ligand,” “Linear Peptide,” “Host” as Human, and
“Outcome” as Positive

CEDAR: “MHC Ligand,” “Linear Peptide,” “Host” as Human, and
“Outcome” as Positive

VDJdb: “Species” as Human

ImmuneCode: We download the raw data, and add them into
the analysis data.

dbPepNeo2.0: HC neoantigens

NEPDB: “Response” as positive samples

We also removed peptides containing special characters.

Train—validation—test data construction

The IEDB database provided the source of our train, validation,
and test. The other 4 databases—CEDAR, VDJdb, ImmuneCode,
and dbPepNeo2.0—were utilized exclusively for external test to
assess the generalizability of our models. The NEPDB was uti-
lized for assessing the performance on the neoepitope prediction.
Our particular emphasis was on epitopes originating from human
hosts that exhibited a positive outcome in ligand elution/mass
spectrometry assays. For epitopes presented by HLA-II, the pep-
tide length varied between 13 and 21 amino acids [9], whereas for
epitopes presented by HLA-I, the peptide length was within the
range of 8 to 14 amino acids [9].

To construct the train-validation-test datasets for both HLA-
II and HLA-I, the positive samples were collected from IEDB [20]
using the filtering criteria “MHC Ligand,” “Linear Peptide,” “Host”
as Human, and “Outcome” as Positive. For negative samples, we

Table 1: The number of samples on training datasets and inde-
pendent test datasets

Datasets Types Count
HLA-I epitopes Positive 459,442
Negative 459,442
HLA-II epitopes Positive 312,245
Negative 312,245

used diamond [26] to blast the positive peptide sequences against
the nonredundant (nr) database [27], recovering the proteins from
which the sequences originated. From these proteins, random
fragments excluding the positive sequences were selected to en-
sure nonoverlap. For the positive samples, we removed peptides
that did not align with any protein in the nr database using dia-
mond.

In this way, we obtained negative samples that are represen-
tative of the potential peptide repertoire but do not include the
known positive epitopes. Sequence redundancy was removed us-
ing CD-HIT [28] with a threshold of 0.8. Finally, we obtained bal-
anced datasets for both HLA-II and HLA-I as follows: 312,245 pos-
itive samples and an equal number of negative samples for epi-
topes presented by HLA-II, as well as 459,442 positive and nega-
tive samples for epitopes presented by HLA-I. The datasets were
divided into train, validation, and test sets in a ratio of 7:1:2. The
details can be found in Table 1.

To concurrently ascertain the reasonableness of our data dis-
tribution, we examined the frequencies of HLA alleles associated
with peptide binding within the IEDB database. The frequency dis-
tribution of HLA alleles demonstrates highly similar characteris-
tics across the training, validation, and test datasets (Fig. 2 and
Supplementary Fig. S5). Our train-validation—test data include
258 different HLA-I alleles and 227 different HLA-II alleles. Ad-
ditionally, due to the larger number of HLA-A types, we plotted
the top 50 alleles, while for HLA-B and HLA-C, all alleles were in-
cluded. In Supplementary Fig. S5, we also plotted the top 50 alleles
for HLA-DR, HLA-DQ, and HLA-DP.

Pretrained embeddings for sequence and
structure

Pretrained protein language models [15, 29, 30] have been exten-
sively applied in various tasks, such as protein classification, by
providing intricate representations of protein sequences [31-33].
Additionally, AlphaFold2 [34] and ColabFold [35] have set high
standards in protein structure prediction.

In our approach, we address the issue of HLA-I binding epi-
topes with lengths less than 14 and HLA-II binding epitopes with
lengths less than 21 by padding the end with ones. This padding
technique ensures that the sequences have the required lengths.
Subsequently, we utilize the ESM2 protein language model to ex-
tract sequence embeddings and predict structure embeddings for
these epitopes [15].The specific details on how the ESM2 embed-
dings and deep learning architecture are utilized are illustrated in
Figure 1.

The architectures of the deep learning model

The transformer module

To enhance the extraction of global features, we incorporated the
Transformer encoder module [13, 36], which utilizes inputs in the
form of pretrained sequence features extracted by ESM2, repre-
sented as a E e R1280xpeptidelength mairix. The module leverages a
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Figure 1: Overview of data acquisition and predictive modeling using TransHLA. (A) Data acquisition: The dataset, derived from the IEDB, features a
variety of peptide sequences that bind to HLA class I or Il molecules. For negative sample generation, nonoverlapping random peptide fragments were
sourced by matching positive peptides to their originating proteins through sequence alignment. Then, the nonoverlapping random peptide fragments
were processed with CD-HIT to achieve a reduced redundancy, resulting in the final set of negative samples. (B) With ESM2’s advanced modeling
capabilities, we generated high-dimensional sequence embeddings for the peptides associated with both HLA classes. Concurrently, structural insights
were obtained through ESM2’s contact map predictions, yielding structure embeddings. These 2 distinct yet complementary sets of embeddings were
crafted to capture the intricate nature of peptide-HLA interaction, describes the process from data input to epitope presentation prediction. (C) The
architecture of the different modules, including the CNN Module 1, CNN Module 2, and the Transformer module.

multihead attention mechanism to facilitate effective global fea-
ture extraction.

Within each attention head, 3 key components are involved: Q
(query), K (key), and V (value). Q represents the current position
being attended, while K and V represent other positions in the
peptide sequence. By computing the attention weights between
Q and K, the model determines the importance of each position
and assigns higher weights to more relevant positions. The values
are then combined based on these attention weights to generate

the output representation, and the scaled dot-product attention
is calculated as

Attention(Q, K, V) = softmax (QKT> \% (1)
o Ve

dy, is the dimension of the key vectors.
The multihead attention is achieved through a series of opera-
tions to transform the input vectors Q, K, and V for h times (where
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Figure 2: This figure illustrates the experimental distribution of major HLA-I alleles in the IEDB. We plotted the alleles by type, where panel A shows
the distribution for all data, B for the training dataset, C for the test dataset, and D for the validation dataset. Left represents HLA-A alleles, middle

represents HLA-B alleles, and right represents HLA-C alleles.

h is the number of heads). Each transformed vector undergoes
scaled dot-product attention independently. Finally, the attention
outputs are concatenated and further transformed. This process
can be expressed as follows:

MultiHead(Q, K, V) = Concat(heady, ..., head,)Wp

where head; = Attention(QWQ}., KWr;, VWVj) 2)

In the given equation, Wq,, Wy;, and Wy, represent weight matri-
ces for each head corresponding to the Q, K, and V vectors, respec-
tively. Wy denotes the weight matrix for the output. This formula-
tion allows for weight sharing across heads, reducing redundancy
and promoting a more compact representation.

The CNN module

To enhance feature extractions, TransHLAs employs 2 structurally
identical CNNs, each consisting of a CNN module 1 for region em-
bedding, followed by multiple layers of CNN module 2. These mod-
ules process both the pretrained sequence features E and the con-
tact map structural features extracted by ESM2, with the contact
map being a symmetric matrix S € Rreptide-lengthxpeptide length Regid-
ual connections are implemented between each module to pre-

vent gradient vanishing and ensure effective training of the deep
network structure.

CNN Module 1

It first applies a text region embedding layer to get a dense repre-
sentation of sequences:

x = RegionEmbed(E) (3)

where x € RM*P and M is the number of text regions and D is the
region embedding dimension.

This is followed by a convolution block, which contains 2 con-
volutional layers, each with 256 feature maps:

z; = ConvBlock(x) (4)

where z; € RMx256,

CNN Module 2

Following the CNN module 1, the CNN module 2 commences with
a pooling layer that reduces the length of the feature map to
half of its original size. Subsequently, CNN module 2 employs a
convolutional block with the same structure as the one in CNN
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module 1, featuring an isometric convolutional layer with 256
channels.
Z:

x; = Downsample(z) (5)

where x; € RM/2x256

z, = ConvBlock(xq) (6)

where z, € RM/2x256,
This is repeated for L times, with the downsampling layer and
Ith CNN modules being

x; = Downsample(z) 7)

z),, = ConvBlock(x;) (8)

where z,, € RM/2x256,

After the final downsample layer, we add a batchnorm layer,
which helps reduce internal covariate shift and acts as a regular-
ization technique.

z),; = BatchNorm(z,) ©)

The TIM loss

The TransHLA framework is developed based on a modified trans-
ductive information maximization (TIM) loss function, as intro-
duced by Boudiaf et al. [37], which merges conventional cross-
entropy with a mutual information component, tailored for em-
pirical analysis. We address the empirical mutual information
within dataset X (comprising amino acid sequences) linked to
their respective outcomes Y (which now signify epitope presen-
tation). The first factor is the empirical conditional entropy of the
outcomes given the data, denoted as H(Y|X), which reduces un-
certainty in predictions for unlabeled samples, encouraging the
model to output confident predictions. The next factor is the em-
pirical marginal entropy of the outcomes, denoted as H(Y), which
encourages a uniform distribution of labels, preventing bias to-
ward any particular class. To further calibrate the binary classi-
fication process, the cross-entropy loss, indicated as CE, between
the model’s predictions and the actual outcomes is incorporated.
By integrating these entropy terms, the TIM loss enhances the
model’s generalization in few-shot scenarios without the need for
complex meta-learning schemes. The formulation for these com-
ponents is defined as follows:

K

HY): = - Zﬁk log Pi
k=1
~ 1 K
HY IX):=——== "> pilog(pa)
‘Xl ieX k=1
1 K
CE: = X 3 yilog (px) (10)
ieX k=1

Let |X| denote the total count of sequences within the dataset,
with i being the sequence identifier in X and K representing the
possible outcome categories. The variable pj, is the predicted like-
lihood of the ith amino acid sequence being classified within the
kth category. The binary variable yy is used to indicate if the ith
sequenceis actually categorized under class k. We assign K = 2 for
this model since the task at hand is a binary classification prob-
lem.

The final loss function for TransHLA is defined as

L(X;Y) = CE—H(Y) 4+ aH(Y | X) (11)

where o is a hyperparameter that determines the rate of conver-
gence for each term in the loss function. In experiments, we set
a = 0.04, considering the standard cross-entropy loss and stan-
dard mutual information.

By selecting these particular hyperparameter values, we main-
tain fairness and impartiality in TransHLA’s training process.

Performance evaluation

In the benchmark results with other sequence classification mod-
els, we employed the aforementioned metrics, including accuracy
(ACCQ), recall, F1 score (F1), and Matthews correlation coefficient
(MCQ), to evaluate the performance of TransHLA.

TP+ TN

AC= T PP TN N (12)
TP
Recall = TN (13)
2TP
= P N+ P (14)
TP x TN — EP x FN
MCC = x * (15)

/(TP +FP) x (TP +FN) x (TN +FP) x (TN + FN)

Additionally, in the comparison results with other HLA—epitope
binding software across extensive datasets, we augmented our
assessment with 2 further metrics, precision and specificity.
These additional indicators highlight how our methodology has
overcome the limitations commonly associated with traditional
affinity-binding software, particularly the tendency to incorrectly
classify negative samples as positive.

.. TP
P = 16
recision = w55 (16)
e TN
= — 17
Speci ficity TN TP (17)

TP (true positive) represents the number of correctly identified
true epitopes, TN (true negative) represents the number of cor-
rectly identified normal peptides, FP (false positive) represents
the number of instances where normal peptides were incorrectly
identified as epitopes, and FN (false negative) represents the num-
ber of instances where epitopes were incorrectly identified as nor-
mal peptides.

In addition to these metrics, we also utilize receiver operating
characteristic (ROC) and precision-recall (PR) curves as significant
evaluation tools for classification accuracy. The area under the
ROC curve (AU-ROC) and the area under the precision-recall curve
(AU-PRC) values quantify the overall performance by measuring
the area beneath the ROC and PR curves, respectively.

Results

Benchmark results with other sequence
classification models

Since this article focuses on the epitope presentation classifica-
tion problem, a corresponding software for comparison has not
been established. We conducted comparison experiments on in-
dependent test sequences from IEDB, including 92,347 HLA-I bind-
ing epitopes, 65,105 HLA-II binding epitopes, and 157,879 random
sequences with the state-of-the-art sequence classification mod-
els, including TextCNN [16], TextRCNN [17], DPCNN [18], and RNN-
ATTs [19].

The performance metrics are presented in Table 2. TransHLA
exhibits enhanced performance in classifying HLA-I epitopes
across 5 metrics, including ACC, F1, recall, MCC, and AUC (AU-
ROC). The corresponding values for TransHLA are 0.847, 0.846,
0.694, and 0.920, respectively. In comparison, the second-ranked
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Table 2: Benchmark results with other sequence classification models

Type Method ACC (%) F1 (%) Recall (%) MCC AUC (%)
HLA-I TransHLA 84.72 84.59 83.92 0.69 91.95
TextCNN 81.63 79.61 83.50 0.63 89.37
TextRCNN 81.21 76.65 83.78 0.64 87.62
DPCNN 83.75 83.76 83.96 0.68 90.97
RNN-ATTs 81.17 82.27 81.46 0.63 87.98
HLA-II TransHLA 79.94 81.07 86.19 0.60 88.14
TextCNN 73.26 73.49 72.64 0.47 80.64
TextRCNN 70.96 72.02 69.28 0.42 78.21
DPCNN 77.41 77.91 75.98 0.55 85.30
RNN-ATTs 69.04 69.83 67.89 0.38 75.81

In the table note, please indicate that the bold values represent the highest values under the respective metric.

software obtains scores of 0.838, 0.838, 0.68, and 0.910 for the
same metrics, respectively. Figure 3A, C illustrates the ROC and
PR curves of the compared models.

HLA-II binding predictions are known to be more complex com-
pared to HLA-I predictions [12, 38-40]. Consequently, the perfor-
mance of the models, in general, is inferior in terms of HLA-II bind-
ing metrics of other models, with an average decrease of 9.3% in
ACC, 7.26% in F1,11.73% in recall, 0.19 in MCC, and 9.00% in AUC.
However, evenin the challenging task of HLA-II binding prediction,
TransHLA demonstrates robust classification performance. Com-
pared to the values achieved in HLA-I binding prediction, Tran-
SHLA only experiences a decrease of 4.78% in ACC, 3.52% in F1,
0.09 in MCC, and 3.81% in AUC. Remarkably, TransHLA achieves
an increase of 2.27% in recall. Furthermore, in the prediction of
HLA-II epitope binding, TransHLA demonstrates superior perfor-
mance across all evaluation metrics. Compared to the next best-
performing models, TransHLA achieves an improvement of 0.25
in ACC, an enhancement of 0.316 in the F1 score, a boost of 1.02
in recall, and a substantial improvement of 0.548 in MCC.

The prediction performance in different alleles

To further discuss TransHLA's performance across different alle-
les, we calculated the positive sample prediction accuracy, or re-
call, for alleles sorted by the number of corresponding epitopes
from high to low. The detailed results are shown in Supplementary
Fig. S6. Overall, when frequencies are higher, prediction perfor-
mance tends to improve. For example, in HLA class I, when the
frequency is above 42, the average performance is around 80%;
some achieve 90%, such as HLA-Bx40:01 and HLA-Bx44:03. How-
ever, when the frequency is below 42, some alleles show fluctu-
ating results, with accuracy for certain alleles dropping to below
55%, such as HLA-B41:05, HLA-B41:04, and HLA-B15, leading to
lower overall effectiveness compared to class II. In HLA class II,
when frequencies exceed 200, the overall accuracy is higher, about
80% or more. For frequencies between 100 and 200, such as HLA-
DRAO01:01/DRB107:01 to HLA-DQA102:01/DQB03:03, performance
is slightly lower, with accuracy around 50% to 65%. However, even
alleles with fewer epitopes can still achieve relatively high accu-
racy. In class I, examples include HLA-B41:05, HLA-B41:04, and
HLA-B15, while in class II, examples are HLA-DRB*03:01 and some
alleles with even lower frequencies.

Meanwhile, due to the random allocation of epitopes to train—
validation—test sets, some test epitopes’ alleles did not appear in
the train and validation sets. These data were also included in
our analysis. For class I, epitopes such as ALWGFFPVL, LDTNAD-
KQLSF, WQQGLRVSF, and ILDTAGKEEY were included. For class
11, epitopes like PKYVKQNTLKLAT and ISTNIRQAGVQYSRA were

analyzed. We found that our model predicted these peptides as
positive samples with probabilities greater than 0.8. The specific
prediction results are in Supplementary Table S3, and the corre-
sponding alleles are listed in Supplementary Table S4.

Comparison results with other HLA-epitope
binding software in the case study

We employed our software along with various state-of-the-art
epitope-HLA binding prediction tools, including Mhcflurry [5],
NetMHCpan4.1b [9], NetMHCIIpan4.3b [9], TransPHLA [10], An-
them [8], MixMHCpred [11], DeepSeqPanll [6], MixMHClIpred [12],
and Mhcnuggets [4], to evaluate their accuracy in correctly identi-
fying sequence as potential epitopes from CEDAR [21], VDJdb [22],
ImmuneCode [23], and dbPepNe02.0 [24] datasets. Our analysis
yielded a total of 21,387 HLA-I binding epitopes and 3,580 HLA-
II binding epitopes in the case study. Our criterion for deeming a
peptide as a presentation-worthy epitope is that it must exhibit
binding affinity to at least 1 major HLA allele. Mhcflurry contains
11,576 HLA-I alleles, Mhcnuggets contains 118 HLA-II alleles and
106 HLA-I alleles, and DeepSeqPanll contains 61 HLA-II alleles.
The detailed information of alleles used in each tool can be found
in the Data Availability section of this article.

In this case study, we added random sequences in the same
quantity as the identified persistent epitopes. The results of the
experiments are presented in Table 3. For the prediction of HLA-I
binding, we compared the performance of the TransHLA against
Mhcflurry, NetMHCpan, MixMHCpred, TransPHLA, Anthem, and
Mhcnuggets. In the prediction of HLA-II binding, we compared
the performance of the TransHLA, DeepSeqPanll, Mhcnuggets,
MixMHC2pred, NetMHCIIpan, and MixMHC2pred. The details of
the parameters used in the mentioned methods can be found
in the Supplementary File. TransHLA, Mhcflurry, and NetMHC-
pan demonstrated good performance in predicting HLA-I bind-
ing. Among the 7 models, TransHLA achieved the highest ACC
of 83.09%, precision of 85.22%, and specificity of 86.11%, followed
by Mhcflurry with 82.96%, 81.95%, and 81.38% in the same met-
rics. Besides, TransHLA, in conjunction with the Mhcflurry and
NetMHCpan, obtained the highest MCC of 0.66 in this experi-
ment. Mhcflurry had the highest F1 score of 83.24%, while Tran-
sHLA obtained the second highest F1 score of 82.96%. Upon closer
examination of the F1 score metrics, it was observed that Tran-
sHLA attained the highest TN rate of 86.1%, which surpassed
that of MhcFlurry and NetMHCpan at 81.4% and 76.2%. Con-
versely, NetMHCpan exhibited the highest TP rate at 86.0%. This
differential performance indicates that TransHLA demonstrates a
more robust capability in filtering out noise during epitope iden-
tification. In the prediction of HLA-II binding, TransHLA showed
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Figure 3: This figure evaluates TransHLA'’s epitope prediction capabilities, benchmarked against other models using 2 key statistical metrics: AUROC
and AUPRC. Panels (A) and (C) examine HLA-I class performance, with (A) showing AUROC and (C) presenting AUPRC. The graphs demonstrate
TransHLA’s proficiency in distinguishing between epitope and nonepitope peptides for HLA-I, where AUROC indicates its discriminative power and
AUPRC reflects the precision-recall trade-off. Panels (B) and (D) extend the analysis to HLA-II, with (B) displaying AUROC and (D) illustrating AUPRC.
The performance depicted emphasizes TransHLA’s effectiveness in identifying HLA-II epitopes, highlighting its ability to differentiate between classes
under imbalanced distributions. Together, the panels demonstrate TransHLA’s advantage over conventional models in epitope prediction for both HLA

classes.

better performance than other models, achieving the highest
scores in ACC (66.88%), F1 (64.08%), MCC (0.34), precision (66.99%),
and specificity (74.67%). In contrast, while Mhcnuggets achieved
a high recall of 89.69% in HLA-II binding, its precision was only
50.04%, indicating that it misjudged a large number of nega-
tive samples as epitopes. This causes a lot of noise to be mixed
into the screening results. NetMHClIIpan 4.3b and MixMHC2pred
achieved ACC scores of 60.34% and 61.62%, respectively, on HLA-
II, but they had much lower specificity scores than TransHLA.
DeepSeqgPanll performed worse than the other models in HLA-
II binding, with 49.68% ACC. To further validate TransHLA's ro-
bustness in real-world scenarios with more negative than posi-

tive samples, we conducted an experiment with a 1:4 positive-
to-negative sample ratio. TransHLA achieved an ACC of 84.75%
and a specificity of 86.11% for HLA-I binding, as well as an ACC of
71.14% and a specificity of 74.12% for HLA-II. Detailed results are
in Supplementary Table S2.

TransHLA extracts a high-quality peptide
embedding in a low dimension

To assess the feature extraction capability of the model, we un-
dertook dimension reduction and visualization of the penulti-
mate layer features derived from the self-trained models outlined
in test data, along with random embeddings and the TransHLA
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Table 3: Comparison results with other HLA-epitope binding software in the external epitope datasets case study

Type Method ACC (%) F1 (%) Recall (%) MCC Precision (%) Specificity (%)
HLA-I TransHLA 83.09 82.56 80.06 0.66 85.22 86.11
Mhcflurry 82.96 83.24 84.57 0.66 81.95 81.38
Mhcnuggets 50.07 66.67 99.87 0.02 50.04 0.29
TransPHLA 62.68 71.75 94.78 0.33 57.72 30.58
Anthem 74.46 77.06 85.80 0.50 69.94 63.12
NetMHCpan4.1b 81.08 81.97 86.01 0.62 78.29 76.15
MixMHCpred 79.27 80.85 87.51 0.59 75.13 71.03
HLA-II TransHLA 66.88 64.08 59.09 0.34 66.99 74.67
DeepSegPanll 49.68 49.89 50.10 —0.00 49.68 48.10
Mhcnuggets 50.13 64.26 89.69 0.00 50.07 10.59
NetMHCIIpan4.3b 60.14 62.76 67.18 0.20 58.89 53.10
MixMHC2pred 61.62 61.79 62.07 0.23 61.52 61.17

In the table note, please indicate that the bold values represent the highest values under the respective metric.

embeddings. The principal components analysis (PCA) [41] lays
out the learned representations for HLA-I epitope binding predic-
tion (Fig. 4).

When comparing with random embedding, both DPCNN
(Fig. 41-D, II-D) and TransHLA (Fig. 4I-H, II-H) demonstrate su-
perior embedding effects on HLA-I and HLA-II binding epitopes,
thereby exhibiting distinct discrimination between positive and
negative samples. However, in the low-dimensional visualization
of DPCNN, a considerable number of positive and negative sam-
ples overlap at the junction, while TransHLA exhibits a more ap-
parent boundary in comparison.

Good performance achieved in TCR experiments
validated NeoEpitope prediction by TransHLA

To validate the effectiveness of TransHLA in NeoEpitope predic-
tion, we employed newly identified epitopes with immunogenicity
verified by T Cell Receptor(TCR) experiments from NEPDB [25] as
positive samples and compared our software with several other
widely used tools for NeoEpitope prediction, including NetMHC-
pan, Mhcflurry, Mhcnuggets, MixMHCpred, TransPHLA, and An-
them. In NEPDB, we collected a total of 139 neoantigens presented
by HLA-I alleles. Additionally, we used a 1:1 ratio of randomly se-
lected negative samples to form our final dataset.

The results of the comparison between these tools are pre-
sented in Table 4. Among the compared methods, TransHLA and
Mhcflurry achieved the top 2 performances. Specifically, Tran-
SsHLA attained the highest accuracy of 90.65%, followed closely
by Mhcflurry, which reached an accuracy of 89.56%. Furthermore,
although NetMHCpan4.1b achieved a recall of 98.56%, its speci-
ficity was only 71.94%, highlighting its tendency to misclassify
negative samples as positive. In contrast, TransHLA maintained
a strong balance between recall and specificity, achieving a speci-
ficity of 87.77% and a high recall of 93.52%. Interestingly, all mod-
els demonstrated higher recall in prediction compared to MHC
experimental validation, with epitopes validated by TCR exper-
iments (Table 4) performing significantly better in predictions
than those validated solely by MHC experiments (Table 3). Tran-
sHLA demonstrated the highest specificity, precision, ACC, F1,
and MCC, ensuring that it does not miss a large number of im-
munogenic epitopes while effectively filtering out most negative
samples.

Ablation study

To evaluate the contribution of different components of TransHLA
to its performance on test data, we conducted an ablation study

on 7 variants: without the transformer module, omitting struc-
ture pretrained embedding, removing sequence pretrained em-
bedding, deleting the CNN module, without any pretrained em-
bedding, changing TIM loss to cross-entropy loss, and randomly
extending the peptide sequence by 0 to 3 units on each end us-
ing proteins aligned with Diamond. The performance metrics for
different modules across both HLA-I and HLA-II models are illus-
trated in Table 5.

Based on the comparisons conducted, it is evident that the se-
quence embedding approach is significantly more effective in cap-
turing the peptide features, achieving 84.56% and 79.68% accu-
racy in HLA-I and HLA-II, respectively. However, the extended se-
quences only achieved 75.60% and 77.63% accuracy in HLA-I and
HLA-II, respectively. This may be due to the fact that, after epitope
extension, the distinguishing features are no longer as prominent.
Epitopes are a specific type of peptide with unique overall chem-
ical and structural properties, such as hydrophobicity, aromatic-
ity, and secondary structure. Although the extended sequences in-
clude the original fragments, they can be considered new peptide
fragments that may no longer retain the original characteristics
of the epitope, thus potentially confusing the model [42-44].

The CNN modules, due to their difference in global feature
extraction compared to pretrained transformers, contribute sub-
stantially to performance enhancement, achieving 84.18% and
79.38% accuracy in HLA-T and HLA-II. Additionally, other modules
also play their respective roles in the overall efficacy of the sys-
tem. This is corroborated by ablation studies, which demonstrate
that each module contributes positively to the model’s predictive
capabilities.

Chemical and secondary structure patterns of
epitopes in antigen presentation

We further utilized Biopython [45] to investigate the chemical
properties and secondary structure of the peptide segments. The
analyzed chemical properties included aromaticity, hydrophobic-
ity, flexibility, instability index, isoelectric point, average molec-
ular weight, and mean charge at pH 7. For flexibility, we used a
window size of 9-mer length [46] with a sliding step of 1 and av-
eraged the resulting values. For peptides with a length less than
9, a flexibility value of 0 was assigned. Secondary structure anal-
ysis covered helix, sheet, and coil content. Using XGBoost [47] for
feature selection on the same dataset as TransHLA, we identi-
fied the top 3 features for HLA-I as helix content, aromaticity, and
flexibility, while for HLA-II, the top 3 were aromaticity, helix con-
tent, and hydrophobicity (Supplementary Table S1). We further
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Figure 4: This figure displays the PCA-based 2-dimensional feature space distribution of HLA-I and HLA-II epitope presentation test sets. The space is
split into 2 regions: region I for HLA-I epitopes and region II for HLA-II epitopes. Each region shows positive samples as blue dots and negative samples
as red dots, with representations from various model embeddings (A-H), including random pattern, TextCNN, TextRCNN, RNN-ATTs, DPCNN, random
initial, ESM2 pretrained sequence, structure pretrained, and TransHLA.

Table 4: Comparison results with other HLA-epitope binding software in the NeoEpitope prediction case study

Type Method ACC (%) F1 (%) Recall (%) MCC Precision (%) Specificity (%)
HLA-I TransHLA 90.65 90.91 93.52 0.81 88.43 87.77
MHCflurry 89.56 90.23 96.40 0.80 84.81 82.73
Mhcnuggets 50.00 66.67 100.00 0.00 50.00 0.00
TransPHLA 64.03 73.40 99.28 0.40 58.23 28.78
Anthem 82.01 84.08 94.96 0.66 75.43 69.06
NetMHCpan4.1b 85.25 86.98 98.56 0.73 77.84 71.94
MixMHCpred 84.89 86.36 95.68 0.71 78.70 74.10

In the table note, please indicate that the bold values represent the highest values under the respective metric.
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Table 5: Ablation study on different modules

Type Method ACC (%) F1 (%) Recall MCC AUC (%)
HLA-I TransHLA 84.72 84.59 83.92 0.69 91.95
w/ Transformer module 84.18 83.89 82.39 0.68 91.26
w/ CNN module 83.43 83.09 84.85 0.67 90.70
w/ structure pretrained embedding 83.78 84.80 81.85 0.68 91.39
w/ sequence pretrained embedding 73.37 73.45 73.56 0.4782 80.72
w/ any embedding 84.56 84.68 84.87 0.68 91.33
w/ TIM loss 84.04 83.86 82.98 0.68 90.93
extend sequence 75.60 75.98 77.21 0.51 83.20
HLA-II TransHLA 79.94 81.07 86.19 0.60 88.14
w/ Transformer module 79.38 79.42 79.31 0.59 87.31
w/ CNN module 74.43 74.09 74.85 0.49 82.36
w/ structure pretrained embedding 79.68 80.47 79.41 0.59 87.49
w/ sequence pretrained embedding 67.52 61.21 51.41 0.37 76.84
w/ any embedding 78.35 78.44 77.87 0.57 86.13
w/ TIM loss 79.14 78.14 74.79 0.58 86.56
extend sequence 77.63 77.34 78.07 0.55 85.02

In the table note, please indicate that the bold values represent the highest values under the respective metric.

analyzed these features in epitopic versus nonepitopic regions
and compared feature distributions between true positives and
true negatives predicted by TransHLA.

Through rigorous statistical analyses conducted on our test
dataset, we made some intriguing observations regarding the he-
lix content of epitopes and nonepitopes. For helix content fea-
ture, our findings demonstrate that epitopes consistently exhibit
higher helix content in comparison to nonepitopes (Fig. 5A left, C
left) with a statistically significant P value of less than 1 x 107°.
Furthermore, we also examined the helix content of true-positive
and true-negative samples predicted by TransHLA and found a
similar trend (Fig. 5A, C) with a P value of less than 1 x 107
(Fig. 5A right, Cright). Aromaticity exhibits a similar pattern to he-
lix content, where epitopes are significantly higher than nonepi-
topes (Supplementary Fig. S4A, C). Upon conducting a compar-
ative analysis of Fig. 5B, D, a notable divergence was observed
when testing the model on the case study dataset. Specifically,
epitopes associated with HLA class I consistently exhibited their
characteristic higher helix content, as evidenced by a statistically
significant P value of less than 1 x 107°. Conversely, in the case
of epitopes associated with HLA class II, this characteristic was
not maintained, as indicated with the helix content of the epi-
topes being lower than that of nonepitopes. Consequently, the
performance of TransHLA declined compared to the benchmark
reported in test data. Moreover, from Supplementary Fig. S4B, D,
we can see that aromaticity, which is related to structural stabil-
ity [48, 49], follows a similar trend with helix content Feature. In
Supplementary Fig. S3C, D, HLA-II epitopes show lower hydropho-
bicity compared to HLA-I epitopes and nonepitopes, aligning with
their role in presenting exogenous antigens in aqueous environ-
ments. This hydrophilicity facilitates hydrogen bonding with wa-
ter, stabilizing peptide structures [50-52]. As for flexibility, due to
the special handling of this feature, we only calculated this fea-
ture for peptides 10 residues or longer and found it to have lim-
ited statistical utility (Supplementary Fig. S2). Flexibility showed
higher importance in HLA-I epitopes due to shorter peptides (8-
9 residues) being assigned a value of zero, artificially inflating its
relevance.

Further exploring the positive epitope samples, which include
TP and FN, as well as the negative epitope samples, which include
TN and FP, we made an intriguing observation (Fig. 5E, F). There
is a significant distribution gap in helix content between the cor-

rectly classified samples (TP and TN) and the incorrectly classified
samples (FP and FN) predicted by TransHLA (p — value < 1 x 107°).
Interestingly, the incorrectly classified samples (FN and FP) ex-
hibit relatively similar flexibility distributions. This similarity in
epitope characteristics between the FN and FP samples likely con-
tributes to the high difficulty in accurate prediction. Similarly,
from Supplementary Figs. S3 and S4E, F, we can observe that hy-
drophobicity and aromaticity exhibit similar conclusions.

Statistical data indicate that both HLA-I and HLA-II epitopes
are more rigid and stable, supporting the notion that rigidity fa-
cilitates epitope recognition [48, 49, 53, 54]. Our model shows that
peptide segments with higher helix content and aromaticity are
more likely to be recognized as epitopes in both classes. A key
distinction lies in hydrophobicity—HLA-I epitopes are more hy-
drophobic, while HLA-II epitopes are more hydrophilic, likely re-
flecting their roles in presenting intracellular and extracellular
antigens, respectively, with the latter often exposed to aqueous
environments.

Conclusion and Discussion

In this study, we introduced TransHLA, a pretrained language
model-based deep learning framework for predicting epitopes
presented by both HLA-I and HLA-II. TransHLA uses a large lan-
guage model to extract structural and text features of candi-
date sequences and then processes these features using CNN and
Transformer modules. Experimental results on the benchmark
dataset show that TransHLA outperforms cutting-edge sequence
classification models in predicting both HLA-I and HLA-II binding
epitopes.

In comparison to traditional epitope-HLA binding methods,
which rely on both epitope and HLA allele information, TransHLA
allows users to perform epitope screening without requiring HLA
alleles as input. While HLA typing can be accurately performed
using RNA sequencing or WES data in personalized medicine con-
texts, TransHLA is designed to streamline allele-specific binding
predictions during the screening of immunogenic epitopes, serv-
ing as a preliminary step for the widely used tools that focus on
HLA-epitope binding affinity. When discovering new epitopes, we
observed that binding affinity models tend to more easily mis-
classify ordinary peptide sequences as epitopes as the number of
input alleles increases. This phenomenon arises because, despite
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Figure 5: This comprehensive figure presents a series of violin plots illustrating the “helix content” structure property of peptides across various
sample subsets for HLA-I and HLA-II molecules. Panel (A) delineates the helix content distribution in independent test samples for HLA-I, separated
into positive and negative samples, with each subgroup’s statistical significance assessed via t-tests and annotated with corresponding P values. Panel
(C) mirrors this setup for HLA-II independent test samples, highlighting the comparative helix content distributions. The external dataset distributions
for HLA-I and HLA-II are respectively showcased in panels (B) and (D), emphasizing the metric’s external validity. Panels (E) and (F) delve deeper,
contrasting the helix content of true positives and false negatives against true negatives and false positives within HLA-I and HLA-II datasets,

respectively.

binding affinity models being trained on benchmark datasets, the
inclusion of multiple alleles introduces increased sequence diver-
sity and variability in binding motifs or features, leading to higher
uncertainty and reduced prediction accuracy. Additionally, for cer-
tain alleles with a disproportionately low number of epitopes
available for training or other limitations, the insufficient train-
ing further exacerbates this issue. For example, in netMHCpan4.1,
the allele HLA-A03:02 has only 13 epitopes available for training,
resulting in an AUC of just 0.6331. As a result of these challenges,
these models often misidentify nonpresented negative samples
as potential epitopes, which increases the experimental burden
and adds additional costs for epitope discovery. This limitation is
particularly problematic in scenarios such as selecting antigens
for a population-wide vaccination, where the population contains
many different alleles. In such cases, the variability across alleles
further complicates the ability of binding affinity models to reli-
ably identify epitopes. From Table 3 and Table 4, it is evident that

binding affinity prediction software achieves significantly lower
specificity in epitope detection tasks compared to TransHLA, fur-
ther highlighting the limitations of these models. TransHLA effec-
tively addresses this issue by adopting a novel training strategy:
combining all epitopes into a single class as positive samples and
using a 1:1 ratio of negative samples for training. This approach
allows the predictor to learn the unified features of epitopes, en-
abling it to better distinguish epitopes from ordinary peptide se-
quences. By leveraging this strategy, TransHLA not only retains
most potential epitopes while filtering out nonpresented nega-
tives, significantly reducing the need for extensive chemical ex-
periments and lowering costs, but also proves particularly advan-
tageous in tasks like population-wide antigen selection by improv-
ing the robustness and reliability of epitope detection.

In conclusion, TransHLA serves as a powerful complemen-
tary tool that expedites the precise screening of epitopes. Tran-
SHLA efficiently filters out nonepitope sequences and achieves
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higher accuracy compared to conventional methods. In a general
NeoEpitope dataset verified by TCR experiments, TransHLA
achieves an accuracy of 90.65% for HLA-I epitopes.

Availability of Source Code and
Requirements

® Project name: TransHLA

® Project homepage:
TransHLA

® RRID: SCR _ 026171

® BioTools ID: biotools: transhla

® Operating system(s): Platform independent

® Programming language: Python

® Other requirements: Python 3.9 or higher, pytorch 2.0 or
higher

® License: MIT license

https://github.com/SkywalkerLuke/

Additional Files

Supplementary Fig. S1. The figure presents an ablation study for
our predictive model in different modules, showing how perfor-
mance metrics—AUROC and AUPRC—are affected by the removal
of specific modules for both HLA-I (panels A and C) and HLA-II
(panels B and D) classes. Changes in these metrics underscore
the contribution of each component to the model’s accuracy in
epitope prediction, providing insight into the model’s architecture
and the pivotal elements for its effectiveness across HLA classes.
Supplementary Fig. S2. This comprehensive figure presents a se-
ries of violin plots illustrating the “Flexibility” chemical property
of peptides across various sample subsets for HLA-I and HLA-II
molecules. Panel (A) delineates the Flexibility distribution in in-
dependent test samples for HLA-I, separated into positive and
negative samples, with each subgroup’s statistical significance
assessed via t-tests and annotated with corresponding P values.
Panel (C) mirrors this setup for HLA-II independent test samples,
highlighting the comparative Flexibility distributions. The exter-
nal dataset distributions for HLA-I and HLA-II are respectively
showcased in panels (B) and (D), emphasizing the metric’s exter-
nal validity. Panels (E) and (F) delve deeper, contrasting the Flexi-
bility of true positives and false negatives against true negatives
and false positives within HLA-I and HLA-II datasets, respectively.
Supplementary Fig. S3. This comprehensive figure presents a
series of violin plots illustrating the “Hydrophobicity” chemical
property of peptides across various sample subsets for HLA-I and
HLA-II molecules. Panel (A) delineates the Hydrophobicity dis-
tribution in independent test samples for HLA-I, separated into
positive and negative samples, with each subgroup’s statistical
significance assessed via t-tests and annotated with correspond-
ing P values. Panel (C) mirrors this setup for HLA-II independent
test samples, highlighting the comparative Hydrophobicity distri-
butions. The external dataset distributions for HLA-I and HLA-
II are respectively showcased in panels (B) and (D), emphasizing
the metric’s external validity. Panels (E) and (F) delve deeper, con-
trasting the Hydrophobicity of true positives and false negatives
against true negatives and false positives within HLA-I and HLA-II
datasets, respectively.

Supplementary Fig. S4. This comprehensive figure presents a se-
ries of violin plots illustrating the “Aromaticity” chemical prop-
erty of peptides across various sample subsets for HLA-I and HLA-
II molecules. Panel (A) delineates the Aromaticity distribution in
independent test samples for HLA-I, separated into positive and

negative samples, with each subgroup’s statistical significance
assessed via t-tests and annotated with corresponding P values.
Panel (C) mirrors this setup for HLA-II independent test samples,
highlighting the comparative Aromaticity distributions. The ex-
ternal dataset distributions for HLA-I and HLA-II are respectively
showcased in panels (B) and (D), emphasizing the metric’s exter-
nal validity. Panels (E) and (F) delve deeper, contrasting the Aro-
maticity of true positives and false negatives against true nega-
tives and false positives within HLA-I and HLA-II datasets, respec-
tively.

Supplementary Fig. S5. This figure illustrates the experimental
distribution of major HLA-II alleles in the IEDB. We plotted the al-
leles by type, where panel A shows the distribution for all data, B
for the training dataset, C for the test dataset, and D for the vali-
dation dataset. Left represents HLA-DR alleles, middle represents
HLA-DQ alleles, and right represents HLA-DP alleles.
Supplementary Fig. S6. This figure illustrates the prediction
results of TransHLA on the test set for different HLA alleles.
Panel A shows the results corresponding to HLA-I alleles, while
panel B displays those for HLA-II alleles. The number of epitopes
corresponding to each allele is annotated to the right of each
bar.
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