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Abstract 

Bac kgr ound: Pr ecise pr ediction of e pitope pr esentation on human leukocyte antigen (HLA) molecules is crucial for adv ancing v ac- 
cine development and immunotherap y. Con ventional HLA–peptide binding affinity prediction tools often focus on specific alleles 
and lack a uni v ersal appr oach for compr ehensi v e 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, inte gr ating Tr ansformer and 

Residue CNN ar c hitectures. Tr ansHLA utilizes the ESM2 large language model for sequence and structure embeddings, achieving high 

pr edicti v e 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 significantl y enhances v accine design and immunotherap y b y efficiently identifying br oadl y r eacti v e pe ptides. 
Our resources, including data and code, are publicly accessible at https://github.com/SkywalkerLuke/TransHLA 

Ke yw ords: epitope presentation, pretrained language model, deep learning 
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Key Points: 

� We de v eloped Tr ansHLA, a deep learning tool for pr e- 
dicting epitopes across all HLA alleles using Transformer 
and Residue CNN arc hitectur es. 

� The model uses ESM2 embeddings to impr ov e pr edictiv e 
accuracy and efficiency. 

� TransHLA shows superior specificity and sensitivity 
in identifying immunogenic epitopes and neoepitopes 
compared to existing models. 

� Our a ppr oac h offers potential adv ancements in v accine 
design and imm unother a py thr ough enhanced peptide 
analysis. 

Introduction 

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 in volve- 
ment in the multifaceted arenas of autoimmunity, allergies, and 

or gan tr ansplant r ejection [ 1 , 2 ]. HLA class I and II 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 
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the original work is pr operl y cited. 
hat can bind to HLAs [ 4–6 ]. The burgeoning interest in HLA pep-
ide binding has r e v ealed the pr esentation of antigenic peptides

y over 22,000 HLA alleles. This wealth of information constitutes
 substantial database for deep learning models, offering ample 
esources for their development and training [ 7 ]. 

Ther e ar e 2 categories of models used to predict the binding
ffinity between peptides and HLA alleles . T he first category in-

ludes models trained individually for specific alleles, requiring 
sers to input a peptide and select a specific allele. Examples of
his category are MHCnuggets [ 4 ] and Anthem [ 8 ]. As these mod-
ls assume that peptides binding to the same allele share similar
 har acteristics, they ar e dependent on the alleles pr esent in the
raining data, thus exhibiting limited generalization performance 
hen applied to extensive peptides compared to the second cat-

gory . The second category , known as pan-allele models, does not
trictly limit predictions to specific HLA alleles. Instead, they take 

oth the epitope and HLA allele sequences as input, as seen in
odels like MHCflurry [ 5 ], NetMHCpan (RRID: SCR_006604) [ 9 ],
etMHCIIpan [ 9 ], DeepSeqpanII [ 6 ], TransPHLA [ 10 ], MixMHCpred

 11 ], and MixMHC2pred [ 12 ]. This combined embedding a ppr oac h
llows for a ric her featur e set, enhancing generalization perfor-
ance. Both categories r equir e sim ultaneous input of peptides

nd alleles to identify potential epitopes 
Ho w e v er, while these methods can accur atel y determine the

ffinity between specific HLA residues and pe ptides, the y rely
eavily on the selection of HLA sites and lack a universal ap-
r oac h that focuses solely on peptides to efficiently filter out
 Open Access article distributed under the terms of the Cr eati v e Commons 
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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 
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nvalid peptide segments. To overcome this issue, our TransHLA
oes not predict binding affinity but instead predicts whether a
eptide is a potential presented epitope. Tr ansHLA onl y r equir es
eptides as input and is built upon a combination of Transformer
 13 ] and Residual CNN (convolutional neural network) architec-
ur es [ 14 ], le v er a ging both the sequence and structural attributes
f peptides to assess the HLA binding potential. To impr ov e fea-
ur e extr action, we utilized a pr etr ained pr otein langua ge model
alled Evolutionary Scale Modeling 2 (ESM2) [ 15 ], which employs
n autoencoder arc hitectur e to derive a semantic and structural
 epr esentation of the sequence . We ha ve selected several state-
f-the-art sequence classification models, namely, TextCNN [ 16 ],
extRCNN [ 17 ], DPCNN [ 18 ], and RNN-ATTs [ 19 ], for benchmark-

ng and comparison purposes. In addition, in the case study, we
mplo y ed state-of-the-art peptide–HLA allele binding prediction
oftware to perform predictions for all alleles. We then compared
hese predictions with the results obtained from TransHLA. For
LA-I molecules, Tr ansHLA ac hie v es an accuracy of 84.72% and
rea under the curve (AUC) of 91.95% in IEDB test data: a 0.97%
mpr ov ement in accur acy ov er the second-place method. For HLA-
I molecules, TransHLA achieves an accuracy of 79.94% with an
UC of 88.14% in IEDB test data: a 2.53% impr ov ement in accu-
 acy ov er the second-place method. The compr ehensiv e anal ysis
f the results consistently demonstrated that TransHLA outper-
ormed the other models in general epitope prediction for both
LA-I binding and HLA-II binding. 

aterials and Methods 

atasets 

ata collection 

he datasets used in this work were collected and curated
rom IEDB (RRID: SCR_006604) [ 20 ], CEDAR [ 21 ], VDJdb [ 22 ], Im-

uneCode [ 23 ], dbPepNeo2.0 [ 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 

Imm uneCode : We do wnload the raw data, and add them into
he analysis data. 

dbPepNeo2.0 : HC neoantigens 
NEPDB : “Response” as positive samples 
We also r emov ed peptides containing special c har acters. 

r ain–v alidation–test data construction 

he IEDB database provided the source of our tr ain, v alidation,
nd test. The other 4 databases—CEDAR, VDJdb, ImmuneCode,
nd dbP epNeo2.0—w er e utilized exclusiv el y for external test to
ssess the generalizability of our models . T he NEPDB was uti-
ized for assessing the performance on the neoepitope prediction.
ur particular emphasis was on epitopes originating from human
osts that exhibited a positive outcome in ligand elution/mass
pectrometry assa ys . For e pitopes presented by HLA-II, the pe p-
ide length varied between 13 and 21 amino acids [ 9 ], whereas for
pitopes presented by HLA-I, the peptide length was within the
ange of 8 to 14 amino acids [ 9 ]. 

To construct the tr ain–v alidation–test datasets for both HLA-
I and HLA-I, the positive samples were collected from IEDB [ 20 ]
sing the filtering criteria “MHC Ligand,” “Linear Peptide,” “Host”
s Human, and “Outcome” as P ositive . For negative samples, we
sed diamond [ 26 ] to blast the positive peptide sequences against
he nonredundant (nr) database [ 27 ], r ecov ering the pr oteins fr om
hich the sequences originated. From these proteins, random

r a gments excluding the positive sequences were selected to en-
ur e nonov erla p. For the positiv e samples, we r emov ed peptides
hat did not align with an y pr otein in the nr database using dia-

ond. 
In this w ay, w e obtained negative samples that are represen-

ative of the potential peptide r epertoir e but do not include the
nown positive epitopes. Sequence redundanc y w as removed us-
ng CD-HIT [ 28 ] with a threshold of 0.8. Finally, we obtained bal-
nced datasets for both HLA-II and HLA-I as follows: 312,245 pos-
tive samples and an equal number of negative samples for epi-
opes presented by HLA-II, as well as 459,442 positive and nega-
ive samples for epitopes presented by HLA-I. The datasets were
ivided into tr ain, v alidation, and test sets in a ratio of 7:1:2. The
etails can be found in Table 1 . 

To concurr entl y ascertain the r easonableness of our data dis-
ribution, we examined the frequencies of HLA alleles associated
ith peptide binding within the IEDB database . T he frequency dis-

ribution of HLA alleles demonstrates highly similar characteris-
ics across the training, validation, and test datasets (Fig. 2 and
upplementary Fig. S5 ). Our tr ain–v alidation–test data include
58 different HLA-I alleles and 227 different HLA-II alleles. Ad-
itionally, due to the larger number of HLA-A types, we plotted
he top 50 alleles, while for HLA-B and HLA-C, all alleles were in-
luded. In Supplementary Fig. S5 , we also plotted the top 50 alleles
or HLA-DR, HLA-DQ, and HLA-DP. 

retrained embeddings for sequence and 

tructure 

r etr ained pr otein langua ge models [ 15 , 29 , 30 ] hav e been exten-
iv el y a pplied in v arious tasks, suc h as pr otein classification, by
r oviding intricate r epr esentations of pr otein sequences [ 31–33 ].
dditionally, AlphaFold2 [ 34 ] and ColabFold [ 35 ] have set high
tandards in protein structure prediction. 

In our a ppr oac h, we addr ess the issue of HLA-I binding epi-
opes with lengths less than 14 and HLA-II binding epitopes with
engths less than 21 by padding the end with ones . T his padding
ec hnique ensur es that the sequences hav e the r equir ed lengths.
ubsequently, we utilize the ESM2 protein language model to ex-
ract sequence embeddings and predict structure embeddings for
hese epitopes [ 15 ].The specific details on how the ESM2 embed-
ings and deep learning arc hitectur e ar e utilized ar e illustr ated in
igure 1 . 

he architectures of the deep learning model 
 he transf ormer module 
o enhance the extraction of global featur es, we incor por ated the
ransformer encoder module [ 13 , 36 ], which utilizes inputs in the
orm of pr etr ained sequence featur es extr acted by ESM2, r epr e-
ented as a E ∈ R 

1280 ×p ep t ide _ l engt h matrix. The module le v er a ges a

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf008#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf008#supplementary-data
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A

B

C

Figure 1: Ov ervie w of data acquisition and pr edictiv e modeling using Tr ansHLA. (A) Data acquisition: The dataset, deriv ed fr om the IEDB, featur es a 
variety of peptide sequences that bind to HLA class I or II molecules. For negative sample generation, nonoverlapping random peptide fragments were 
sour ced b y matc hing positiv e peptides to their originating pr oteins thr ough sequence alignment. T hen, the nono v erla pping r andom peptide fr a gments 
wer e pr ocessed with CD-HIT to ac hie v e a r educed r edundancy, r esulting in the final set of negativ e samples. (B) With ESM2’s adv anced modeling 
ca pabilities, we gener ated high-dimensional sequence embeddings for the peptides associated with both HLA classes. Concurr entl y, structur al insights 
were obtained through ESM2’s contact map predictions, yielding structure embeddings . T hese 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 
arc hitectur e of the different modules, including the CNN Module 1, CNN Module 2, and the Transformer module. 
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multihead attention mechanism to facilitate effective global fea- 
tur e extr action. 

Within each attention head, 3 k e y components are involved: Q
(query), K (k e y), and V (v alue). Q r epr esents the curr ent position 

being attended, while K and V r epr esent 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 mor e r ele v ant positions . T he values 
are then combined based on these attention weights to generate 
he output r epr esentation, and the scaled dot-pr oduct attention
s calculated as 

Attention (Q, K, V ) = softmax 

( 

QK T √ 

d k 

) 

V (1) 

 k is the dimension of the k e y vectors. 
The multihead attention is achieved through a series of opera-

ions to transform the input vectors Q, K, and V for h times (where
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A

B

C

D

Figur e 2: T his figur e illustr ates the experimental distribution of major HLA-I alleles in the IEDB . W e plotted the alleles b y type, where panel A sho ws 
the distribution for all data, B for the training dataset, C for the test dataset, and D for the validation dataset. Left r epr esents HLA-A alleles, middle 
r epr esents HLA-B alleles, and right r epr esents HLA-C alleles. 
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 is the number of heads). Each transformed vector undergoes
caled dot-product attention independently . Finally , the attention
utputs are concatenated and further transformed. This process
an be expressed as follows: 

MultiHead (Q, K, V ) = Concat ( head 1 , . . . , head h ) W O 

where head j = Attention (QW Q j , KW K j , VW V j ) (2) 

In the given equation, W Q j , W K j , and W V j r epr esent weight matri-
es for each head corresponding to the Q, K, and V v ectors, r espec-
iv el y. W O denotes the weight matrix for the output. This formula-
ion allows for weight sharing across heads, reducing redundancy
nd promoting a more compact representation. 

he CNN module 
o enhance feature extractions, TransHLAs employs 2 structurally
dentical CNNs, each consisting of a CNN module 1 for region em-
edding, follo w ed b y multiple lay ers of CNN module 2. These mod-
les process both the pretrained sequence features E and the con-
act map structural features extracted by ESM2, with the contact

ap being a symmetric matrix S ∈ R 

p ep t ide _ l engt h ×p ep t ide _ l engt h . Resid-
al connections are implemented between each module to pre-
 ent gr adient v anishing and ensur e effectiv e tr aining of the deep
etwork structure. 

NN Module 1 

t first applies a text region embedding layer to get a dense repre-
entation of sequences: 

x = RegionEmbed (E ) (3)

here x ∈ R 

M ×D , and M is the number of text regions and D is the
egion embedding dimension. 

This is follo w ed b y a conv olution bloc k, whic h contains 2 con-
 olutional lay ers, each with 256 feature maps: 

z 1 = ConvBlock (x ) (4)

here z 1 ∈ R 

M ×256 . 

NN Module 2 

ollowing the CNN module 1, the CNN module 2 commences with
 pooling layer that reduces the length of the featur e ma p to
alf of its original size. Subsequently, CNN module 2 employs a
onvolutional 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 1 : 

x 1 = Downsample (z 1 ) (5) 

where x 1 ∈ R 

M/ 2 ×256 . 

z 2 = ConvBlock ( x 1 ) (6) 

where z 2 ∈ R 

M/ 2 ×256 . 
This is repeated for L times, with the downsampling layer and 

lth CNN modules being 

x l = Downsample (z l ) (7) 

z l+1 = ConvBlock (x l ) (8) 

where z l+1 ∈ R 

M/ 2 l ×256 . 
After the final downsample layer, we add a batchnorm layer,

which helps reduce internal covariate shift and acts as a regular- 
ization technique. 

z l+1 = BatchNorm (z l+1 ) (9) 

The TIM loss 
The Tr ansHLA fr ame work is de v eloped 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 r espectiv e outcomes Y (whic h now signify epitope pr esen- 
tation). The first factor is the empirical conditional entropy of the 
outcomes given the data, denoted as ̂ H (Y| X) , whic h r educes un- 
certainty in predictions for unlabeled samples, encour a ging the 
model to output confident predictions . T he next factor is the em- 
pirical mar ginal entr opy of the outcomes, denoted as ̂ H (Y ) , which 

encour a ges a uniform distribution of labels, pr e v enting bias to- 
w ar d 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 incor por ated.
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 . T he formulation for these com- 
ponents is defined as follows: 

̂ H (Y ) : = −
K ∑ 

k =1 ̂

 p k log ̂  p k 

̂ H (Y | X) : = − 1 
| X| 

∑ 

i ∈ X 

K ∑ 

k =1 

p ik log (p ik ) 

CE : = − 1 
| X| 

∑ 

i ∈ X 

K ∑ 

k =1 

y ik log ( p ik ) (10) 

Let | X| denote the total count of sequences within the dataset,
with i being the sequence identifier in X and K r epr esenting the 
possible outcome categories . T he variable p ik is the predicted like- 
lihood of the i th amino acid sequence being classified within the 
k th category. The binary variable y ik is used to indicate if the i th 

sequence is 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 ) + α ̂ H (Y | X) (11) 
here α is a hyper par ameter that determines the rate of conver-
ence for each term in the loss function. In experiments, we set
= 0 . 04 , considering the standard cr oss-entr opy loss and stan-

ard mutual information. 
By selecting these particular hyper par ameter v alues, we main-

ain fairness and impartiality in T ransHLA ’s training process. 

erformance e v alua tion 

n the benchmark results with other sequence classification mod- 
ls, w e emplo y ed the afor ementioned metrics, including accur acy
ACC), r ecall, F1 scor e (F1), and Matthe ws corr elation coefficient
MCC), to e v aluate the performance of Tr ansHLA. 

ACC = 

T P + T N 

T P + F P + T N + F N 

(12) 

Recall = 

T P 
T P + F N 

(13) 

F 1 = 

2 T P 
2 T P + F N + F P 

(14) 

MCC = 

T P × T N − F P × F N √ 

(T P + F P) × (T P + F N) × (T N + F P) × (T N + F N) 
(15) 

Additionally, in the comparison results with other HLA–epitope 
inding software across extensive datasets, we augmented our 
ssessment with 2 further metrics, precision and specificity.
hese additional indicators highlight how our methodology has 
vercome the limitations commonly associated with traditional 
ffinity-binding softwar e, particularl y the tendency to incorr ectl y
lassify negative samples as positive. 

Precision = 

T P 
T P + F P 

(16) 

Speci f icity = 

T N 

T N + F P 
(17) 

P (true positive) represents the number of correctly identified 

rue epitopes, TN (true negative) represents the number of cor-
 ectl y identified normal peptides, FP (false positive) represents
he number of instances where normal peptides were incorrectly 
dentified as epitopes, and FN (false negative) represents the num-
er of instances where epitopes wer e incorr ectl y identified as nor-
al peptides. 
In addition to these metrics, we also utilize r eceiv er oper ating

 har acteristic (ROC) and pr ecision–r ecall (PR) curv es as significant
 v aluation tools for classification accuracy. The area under the
 OC curve (AU-R OC) and the ar ea under the pr ecision–r ecall curv e

AU-PRC) values quantify the overall performance by measuring 
he area beneath the ROC and PR curves, respectively. 

esults 

enchmark results with other sequence 

lassification models 

ince this article focuses on the epitope presentation classifica- 
ion problem, a corresponding software for comparison has not 
een established. We conducted comparison experiments on in- 
ependent test sequences from IEDB, including 92,347 HLA-I bind- 

ng epitopes, 65,105 HLA-II binding epitopes, and 157,879 random 

equences with the state-of-the-art sequence classification mod- 
ls, including TextCNN [ 16 ], TextRCNN [ 17 ], DPCNN [ 18 ], and RNN-
TTs [ 19 ]. 

The performance metrics are presented in Table 2 . TransHLA
xhibits enhanced performance in classifying HLA-I epitopes 
cross 5 metrics, including ACC , F1, recall, MCC , and A UC (A U-
OC). The corr esponding v alues for Tr ansHLA ar e 0.847, 0.846,
.694, and 0.920, r espectiv el y. In comparison, the second-r anked
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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. 
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oftwar e obtains scor es of 0.838, 0.838, 0.68, and 0.910 for the
ame metrics, r espectiv el y. Figur e 3 A, C illustr ates the ROC and
R curves of the compared models. 

HLA-II binding predictions are known to be more complex com-
ared to HLA-I predictions [ 12 , 38–40 ]. Consequently, the perfor-
ance of the models, in general, is inferior in terms of HLA-II bind-

ng metrics of other models, with an av er a ge decr ease of 9.3% in
CC, 7.26% in F1, 11.73% in recall, 0.19 in MCC, and 9.00% in AUC.
o w e v er, e v en in the challenging task of HLA-II binding prediction,
r ansHLA demonstr ates r obust classification performance. Com-
ared to the values achieved in HLA-I binding pr ediction, Tr an-
HLA only experiences a decrease of 4.78% in ACC, 3.52% in F1,
.09 in MCC, and 3.81% in AUC. Remarkabl y, Tr ansHLA ac hie v es
n increase of 2.27% in recall. Furthermore, in the prediction of
LA-II epitope binding, TransHLA demonstrates superior perfor-
ance across all evaluation metrics. Compared to the next best-

erforming models, Tr ansHLA ac hie v es an impr ov ement of 0.25
n ACC, an enhancement of 0.316 in the F1 score, a boost of 1.02
n recall, and a substantial improvement of 0.548 in MCC. 

he prediction performance in different alleles 

o further discuss TransHLA’s performance across different alle-
es, we calculated the positive sample pr ediction accur acy, or r e-
all, for alleles sorted by the number of corresponding epitopes
rom high to low. The detailed results are shown in Supplementary
ig. S6 . Ov er all, when fr equencies ar e higher, pr ediction perfor-
ance tends to impr ov e. For example, in HLA class I, when the

r equency is abov e 42, the av er a ge performance is ar ound 80%;
ome ac hie v e 90%, suc h as HLA-B ∗40:01 and HLA-B ∗44:03. How-
 v er, when the frequency is below 42, some alleles show fluctu-
ting results, with accuracy for certain alleles dropping to below
5%, such as HLA-B41:05, HLA-B41:04, and HLA-B15, leading to
o w er ov er all effectiv eness compar ed to class II. In HLA class II,
hen frequencies exceed 200, the overall accuracy is higher, about
0% or more. For frequencies between 100 and 200, such as HLA-
RA01:01/DRB107:01 to HLA-DQA102:01/DQB03:03, performance 

s slightly lo w er, with accurac y around 50% to 65%. Ho w ever, even
lleles with fewer epitopes can still achieve relatively high accu-
acy. In class I, examples include HLA-B41:05, HLA-B41:04, and
LA-B15, while in class II, examples are HLA-DRB ∗03:01 and some
lleles with e v en lo w er frequencies. 

Meanwhile, due to the random allocation of epitopes to train–
alidation–test sets, some test epitopes’ alleles did not appear in
he train and validation sets . T hese data were also included in
ur analysis. For class I, epitopes such as ALWGFFPVL, LDTNAD-
QLSF , WQQGLRVSF , and ILDTAGKEEY were included. For class

I, e pitopes lik e PKYVKQNTLKLAT and ISTNIRQAGVQYSRA were
nalyzed. We found that our model predicted these peptides as
ositive samples with probabilities greater than 0.8. The specific
r ediction r esults ar e in Supplementary Table S3 , and the corre-
ponding alleles are listed in Supplementary Table S4 . 

omparison results with other HLA–epitope 

inding software in the case study 

e emplo y ed our softw ar e along with v arious state-of-the-art
pitope–HLA binding prediction tools, including Mhcflurry [ 5 ],
etMHCpan4.1b [ 9 ], NetMHCIIpan4.3b [ 9 ], TransPHLA [ 10 ], An-

hem [ 8 ], MixMHCpred [ 11 ], DeepSeqP anII [ 6 ], MixMHCIIpr ed [ 12 ],
nd Mhcnuggets [ 4 ], to e v aluate their accur acy in corr ectl y identi-
ying sequence as potential epitopes from CEDAR [ 21 ], VDJdb [ 22 ],
mmuneCode [ 23 ], and dbPepNeo2.0 [ 24 ] datasets. Our analysis
ielded a total of 21,387 HLA-I binding epitopes and 3,580 HLA-
I binding epitopes in the case study. Our criterion for deeming a
eptide as a presentation-worthy epitope is that it must exhibit
inding affinity to at least 1 major HLA allele. Mhcflurry contains
1,576 HLA-I alleles, Mhcnuggets contains 118 HLA-II alleles and
06 HLA-I alleles, and DeepSeqPanII contains 61 HLA-II alleles.
he detailed information of alleles used in each tool can be found

n the Data Availability section of this article. 
In this case stud y, we ad ded random sequences in the same

uantity as the identified persistent epitopes . T he results of the
xperiments ar e pr esented in Table 3 . For the prediction of HLA-I
inding, we compared the performance of the Tr ansHLA a gainst
hcflurry, NetMHCpan, MixMHCpred, TransPHLA, Anthem, and
hcnuggets. In the prediction of HLA-II binding, we compared

he performance of the Tr ansHLA, DeepSeqP anII, Mhcnuggets,
ixMHC2pr ed, NetMHCIIpan, and MixMHC2pr ed. The details of

he parameters used in the mentioned methods can be found
n the Supplementary File. TransHLA, Mhcflurry, and NetMHC-
an demonstrated good performance in predicting HLA-I bind-

ng. Among the 7 models, Tr ansHLA ac hie v ed the highest ACC
f 83.09%, precision of 85.22%, and specificity of 86.11%, follo w ed
y Mhcflurry with 82.96%, 81.95%, and 81.38% in the same met-
ics . Besides , TransHLA, in conjunction with the Mhcflurry and
etMHCpan, obtained the highest MCC of 0.66 in this experi-
ent. Mhcflurry had the highest F1 score of 83.24%, while Tran-

HLA obtained the second highest F1 score of 82.96%. Upon closer
xamination of the F1 score metrics, it was observed that Tran-
HLA attained the highest TN rate of 86.1%, which surpassed
hat of MhcFlurry and NetMHCpan at 81.4% and 76.2%. Con-
 ersel y, NetMHCpan exhibited the highest TP rate at 86.0%. This
ifferential performance indicates that Tr ansHLA demonstr ates a
or e r obust ca pability in filtering out noise during epitope iden-

ification. In the prediction of HLA-II binding, TransHLA sho w ed

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf008#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf008#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf008#supplementary-data
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Figur e 3: T his figur e e v aluates Tr ansHLA’s epitope pr ediction ca pabilities, benc hmarked a gainst other models using 2 k e y 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 
Tr ansHLA’s pr oficienc y in distinguishing betw een e pitope and none pitope pe ptides for HLA-I, where AUROC indicates its discriminati ve po w er 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. 
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better performance than other models, ac hie ving the highest 

scores in ACC (66.88%), F1 (64.08%), MCC (0.34), precision (66.99%),
and specificity (74.67%). In contrast, while Mhcnuggets ac hie v ed 

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 . T his causes a lot of noise to be mixed 

into the screening results. NetMHCIIpan 4.3b and MixMHC2pred 

ac hie v ed ACC scor es of 60.34% and 61.62%, r espectiv el y, on HLA- 
II, but they had m uc h lo w er specificity scor es than Tr ansHLA.
DeepSeqPanII 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- 
ive samples, we conducted an experiment with a 1:4 positive-

o-negativ e sample r atio. Tr ansHLA ac hie v ed an ACC of 84.75%
nd a specificity of 86.11% for HLA-I binding, as well as an ACC of
1.14% and a specificity of 74.12% for HLA-II. Detailed results are
n Supplementary Table S2 . 

r ansHLA extr acts a high-quality peptide 

mbedding in a low dimension 

o assess the featur e extr action ca pability of the model, we un-
ertook dimension reduction and visualization of the penulti- 
ate layer features derived from the self-trained models outlined 

n test data, along with random embeddings and the TransHLA

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf008#supplementary-data
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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 

DeepSeqPanII 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. 
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mbeddings . T he principal components analysis (PCA) [ 41 ] lays
ut the learned r epr esentations for HLA-I epitope binding predic-
ion (Fig. 4 ). 

When comparing with random embedding, both DPCNN
Fig. 4 I-D , II-D) and T r ansHLA (Fig. 4 I-H, II-H) demonstr ate su-
erior embedding effects on HLA-I and HLA-II binding epitopes,
hereby exhibiting distinct discrimination between positive and
egative samples. Ho w ever, in the lo w-dimensional visualization
f DPCNN, a considerable number of positive and negative sam-
les ov erla p at the junction, while Tr ansHLA exhibits a mor e a p-
arent boundary in comparison. 

ood performance ac hiev ed in TCR experiments 

 alida ted NeoEpitope prediction by TransHLA 

o validate the effectiveness of TransHLA in NeoEpitope predic-
ion, w e emplo y ed ne wl y identified epitopes with imm unogenicity
erified by T Cell Receptor(TCR) experiments from NEPDB [ 25 ] as
ositive samples and compared our software with several other
idely used tools for NeoEpitope prediction, including NetMHC-
an, Mhcflurry, Mhcnuggets, MixMHCpred, TransPHLA, and An-
hem. In NEPDB, we collected a total of 139 neoantigens presented
 y HLA-I alleles. Additionally, w e used a 1:1 ratio of r andoml y se-
ected negative samples to form our final dataset. 

The results of the comparison between these tools are pre-
ented in Table 4 . Among the compared methods, TransHLA and
hcflurry ac hie v ed the top 2 performances. Specificall y, Tr an-

HLA attained the highest accuracy of 90.65%, follo w ed closely
y Mhcflurry, whic h r eac hed an accur acy of 89.56%. Furthermor e,
lthough NetMHCpan4.1b ac hie v ed a recall of 98.56%, its speci-
city was only 71.94%, highlighting its tendency to misclassify
egative samples as positive. In contrast, TransHLA maintained
 strong balance between recall and specificity, achieving a speci-
city of 87.77% and a high recall of 93.52%. Interestingly, all mod-
ls demonstrated higher recall in prediction compared to MHC
xperimental validation, with epitopes validated by TCR exper-
ments (Table 4 ) performing significantly better in predictions
han those validated solely by MHC experiments (Table 3 ). Tran-
HLA demonstrated the highest specificity, precision, ACC, F1,
nd MCC, ensuring that it does not miss a large number of im-
unogenic epitopes while effectiv el y filtering out most negative

amples. 

blation study 

o e v aluate the contribution of different components of TransHLA
o its performance on test data, we conducted an ablation study
n 7 variants: without the transformer module, omitting struc-
ur e pr etr ained embedding, r emoving sequence pr etr ained em-
edding, deleting the CNN module, without an y pr etr ained em-
edding, changing TIM loss to cross-entropy loss, and randomly
xtending the peptide sequence by 0 to 3 units on each end us-
ng proteins aligned with Diamond. The performance metrics for
iffer ent modules acr oss both HLA-I and HLA-II models are illus-
rated in Table 5 . 

Based on the comparisons conducted, it is evident that the se-
uence embedding a ppr oac h is significantl y mor e effectiv e in cap-
uring the peptide featur es, ac hie ving 84.56% and 79.68% accu-
acy in HLA-I and HLA-II, respectively. Ho w ever, the extended se-
uences onl y ac hie v ed 75.60% and 77.63% accur acy in HLA-I and
LA-II, r espectiv el y. T his ma y be due to the fact that, after epitope
xtension, the distinguishing features are no longer as prominent.
pitopes are a specific type of peptide with unique ov er all c hem-
cal and structural properties, such as hydrophobicity, aromatic-
ty, and secondary structure. Although the extended sequences in-
lude the original fr a gments, they can be considered new peptide
r a gments that may no longer retain the original c har acteristics
f the epitope, thus potentially confusing the model [ 42–44 ]. 

T he CNN modules , due to their difference in global feature
xtr action compar ed to pr etr ained tr ansformers, contribute sub-
tantially to performance enhancement, achieving 84.18% and
9.38% accuracy in HLA-I and HLA-II. Additionally, other modules
lso play their r espectiv e r oles in the ov er all efficacy of the sys-
em. This is corr obor ated by ablation studies, which demonstrate
hat each module contributes positively to the model’s predictive
apabilities. 

hemical and secondary structure patterns of 
pitopes in antigen presentation 

e further utilized Biopython [ 45 ] to investigate the chemical
roperties and secondary structure of the peptide segments . T he
nal yzed c hemical pr operties included ar omaticity, hydr ophobic-
ty , flexibility , instability index, isoelectric point, av er a ge molec-
lar weight, and mean c har ge at pH 7. For flexibility, we used a
indow size of 9-mer length [ 46 ] with a sliding step of 1 and av-

r a ged the resulting values. For peptides with a length less than
, a flexibility value of 0 was assigned. Secondary structure anal-
sis cov er ed helix, sheet, and coil content. Using XGBoost [ 47 ] for
eature selection on the same dataset as TransHLA, we identi-
ed the top 3 features for HLA-I as helix content, aromaticity, and
exibility, while for HLA-II, the top 3 were aromaticity, helix con-
ent, and hydrophobicity ( Supplementary Table S1 ). We further

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf008#supplementary-data
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Figur e 4: T his figure displa ys the PC A-based 2-dimensional featur e space distribution of HLA-I and HLA-II epitope pr esentation test sets . T he space is 
split into 2 r egions: r egion 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 pr etr ained sequence, structur e pr etr ained, and Tr ansHLA. 

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. 



10 | GigaScience , 2025, Vol. 14 

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 pr etr ained 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 pr etr ained 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. 
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nal yzed these featur es in epitopic v ersus nonepitopic r egions
nd compar ed featur e distributions between true positives and
rue negatives predicted by TransHLA. 

Thr ough rigor ous statistical anal yses conducted on our test
ataset, we made some intriguing observ ations r egarding the he-

ix content of epitopes and nonepitopes. For helix content fea-
ure, our findings demonstrate that epitopes consistently exhibit
igher helix content in comparison to nonepitopes (Fig. 5 A left, C

eft) with a statistically significant P value of less than 1 × 10 −6 .
urthermore, we also examined the helix content of true-positive
nd true-negative samples predicted by TransHLA and found a
imilar trend (Fig. 5 A, C) with a P value of less than 1 × 10 −6 

Fig. 5 A right, C right). Aromaticity exhibits a similar pattern to he-
ix content, where epitopes are significantly higher than nonepi-
opes ( Supplementary Fig. S4A, C ). Upon conducting a compar-
tiv e anal ysis of Fig. 5 B, D, a notable div er gence was observ ed
hen testing the model on the case study dataset. Specifically,

pitopes associated with HLA class I consistently exhibited their
 har acteristic higher helix content, as evidenced by a statistically
ignificant P value of less than 1 × 10 −6 . Conversely, in the case
f epitopes associated with HLA class II, this c har acteristic was
ot maintained, as indicated with the helix content of the epi-
opes being lo w er than that of nonepitopes. Consequently, the
erformance of Tr ansHLA declined compar ed to the benchmark
eported in test data. Moreover, from Supplementary Fig. S4B, D ,
e can see that ar omaticity, whic h is related to structural stabil-

ty [ 48 , 49 ], follows a similar trend with helix content F eature . In
upplementary Fig. S3C, D , HLA-II epitopes show lower hydropho-
icity compared to HLA-I epitopes and nonepitopes, aligning with
heir role in presenting exogenous antigens in aqueous environ-

ents . T his hydrophilicity facilitates hydrogen bonding with wa-
er, stabilizing peptide structures [ 50–52 ]. As for flexibility, due to
he special handling of this featur e, we onl y calculated this fea-
ure for peptides 10 residues or longer and found it to have lim-
ted statistical utility ( Supplementary Fig. S2 ). Flexibility sho w ed
igher importance in HLA-I epitopes due to shorter peptides (8–
 residues) being assigned a value of zero, artificially inflating its
 ele v ance. 

Further exploring the positive epitope samples, which include
P and FN, as well as the negative epitope samples, which include
N and FP, we made an intriguing observation (Fig. 5 E, F). There

s a significant distribution gap in helix content between the cor-
 i  
 ectl y classified samples (TP and TN) and the incorr ectl y classified
amples (FP and FN) predicted by TransHLA ( p − value ≤ 1 × 10 −6 ).
nter estingl y, the incorr ectl y classified samples (FN and FP) ex-
ibit r elativ el y similar flexibility distributions . T his similarity in
pitope c har acteristics between the FN and FP samples likely con-
ributes to the high difficulty in accurate prediction. Similarly,
rom Supplementary Figs. S3 and S4E, F , we can observe that hy-
rophobicity and aromaticity exhibit similar conclusions. 

Statistical data indicate that both HLA-I and HLA-II epitopes
r e mor e rigid and stable, supporting the notion that rigidity fa-
ilitates epitope recognition [ 48 , 49 , 53 , 54 ]. Our model shows that
eptide segments with higher helix content and aromaticity are
or e likel y to be recognized as epitopes in both classes. A k e y

istinction lies in hydrophobicity—HLA-I epitopes are more hy-
rophobic, while HLA-II epitopes are more hydrophilic, likely re-
ecting their roles in presenting intracellular and extracellular
ntigens, r espectiv el y, with the latter often exposed to aqueous
n vironments . 

onclusion and Discussion 

n this study, we intr oduced Tr ansHLA, a pr etr ained langua ge
odel–based deep learning fr ame work for pr edicting epitopes

resented by both HLA-I and HLA-II. TransHLA uses a large lan-
uage model to extract structural and text features of candi-
ate sequences and then processes these features using CNN and
ransformer modules. Experimental results on the benchmark
ataset show that TransHLA outperforms cutting-edge sequence
lassification models in predicting both HLA-I and HLA-II binding
pitopes. 

In comparison to traditional epitope–HLA binding methods,
hic h r el y on both epitope and HLA allele information, Tr ansHLA
llows users to perform epitope screening without requiring HLA
lleles as input. While HLA typing can be accur atel y performed
sing RNA sequencing or WES data in personalized medicine con-
exts, TransHLA is designed to streamline allele-specific binding
redictions during the screening of immunogenic epitopes, serv-

ng as a preliminary step for the widely used tools that focus on
LA–epitope binding affinity. When discov ering ne w epitopes, we
bserved that binding affinity models tend to more easily mis-
lassify ordinary peptide sequences as epitopes as the number of
nput alleles increases . T his phenomenon arises because, despite

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf008#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf008#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf008#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf008#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf008#supplementary-data
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A B

C D

E F

Figur e 5: T his compr ehensiv e figur e pr esents a series of violin plots illustr ating the “helix content” structur e pr operty of peptides acr oss v arious 
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 compar ativ e helix content distributions . T he 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, 
r espectiv el y. 
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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 dispr oportionatel y 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 disco very. T his limitation is 
particularl y pr oblematic in scenarios suc h as selecting antigens 
for a population-wide v accination, wher e the population contains 
man y differ ent alleles. In suc h cases, the v ariability acr oss alleles 
further complicates the ability of binding affinity models to reli- 
abl y identify epitopes. Fr om T able 3 and T able 4 , it is evident that 
inding affinity prediction software achieves significantly lo w er 
pecificity in epitope detection tasks compared to TransHLA, fur- 
her highlighting the limitations of these models. TransHLA effec- 
iv el y addr esses this issue by adopting a novel training strategy:
ombining all epitopes into a single class as positive samples and
sing a 1:1 ratio of negative samples for training. This approach
llows the predictor to learn the unified features of epitopes, en-
bling it to better distinguish epitopes from ordinary peptide se-
uences. By le v er a ging this str ategy, Tr ansHLA not onl y r etains
ost potential epitopes while filtering out nonpresented nega- 

iv es, significantl y r educing the need for extensive chemical ex-
eriments and lo w ering costs, but also pr ov es particularl y adv an-
ageous in tasks like population-wide antigen selection by improv- 
ng the robustness and reliability of epitope detection. 

In conclusion, Tr ansHLA serv es as a po w erful complemen-
ary tool that expedites the precise screening of epitopes. Tran-
HLA efficiently filters out nonepitope sequences and ac hie v es
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igher accur acy compar ed to conv entional methods. In a gener al
eoEpitope dataset verified by TCR experiments, TransHLA
c hie v es an accuracy of 90.65% for HLA-I epitopes. 

vailability of Source Code and 

equirements 

� Project name: TransHLA 

� Pr oject homepa ge: https:// github.com/ Sk yw alkerLuke/
TransHLA 

� RRID: SCR _ 026171 
� BioTools ID: biotools: transhla 
� Operating system(s): Platform independent 
� Pr ogr amming langua ge: Python 

� Other r equir ements: Python 3.9 or higher, p ytor ch 2.0 or
higher 

� License: MIT license 

dditional Files 

upplementary Fig. S1. The figure presents an ablation study for
ur pr edictiv e model in differ ent modules, sho wing ho w perfor-
ance metrics—AUROC and AUPRC—are affected by the removal

f specific modules for both HLA-I (panels A and C) and HLA-II
panels B and D) classes. Changes in these metrics underscore
he contribution of each component to the model’s accuracy in
pitope pr ediction, pr oviding insight into the model’s arc hitectur e
nd the pivotal elements for its effectiveness across HLA classes. 
upplementary Fig. S2. This compr ehensiv e figur e pr esents a se-
ies of violin plots illustrating the “Flexibility” c hemical pr operty
f peptides acr oss v arious sample subsets for HLA-I and HLA-II
olecules. Panel (A) delineates the Flexibility distribution in in-

ependent test samples for HLA-I, separated into positive and
egative samples, with each subgroup’s statistical significance
ssessed via t -tests and annotated with corresponding P values.
 anel (C) mirr ors this setup for HLA-II independent test samples,
ighlighting the compar ativ e Flexibility distributions . T he exter-
al dataset distributions for HLA-I and HLA-II are respectively
howcased in panels (B) and (D), emphasizing the metric’s exter-
al v alidity. P anels (E) and (F) delv e deeper, contr asting the Flexi-
ility of true positives and false negatives against true negatives
nd false positives within HLA-I and HLA-II datasets, r espectiv el y.
upplementary Fig. S3. This compr ehensiv e figur e pr esents a
eries of violin plots illustrating the “Hydr ophobicity” c hemical
roperty of peptides across various sample subsets for HLA-I and
LA-II molecules. Panel (A) delineates the Hydrophobicity dis-

ribution in independent test samples for HLA-I, separated into
ositive and negative samples, with each subgroup’s statistical
ignificance assessed via t -tests and annotated with correspond-
ng P v alues. P anel (C) mirr ors this setup for HLA-II independent
est samples, highlighting the compar ativ e Hydr ophobicity distri-
utions . T he external dataset distributions for HLA-I and HLA-
I ar e r espectiv el y showcased in panels (B) and (D), emphasizing
he metric’s external v alidity. P anels (E) and (F) delve deeper, con-
rasting the Hydrophobicity of true positives and false negatives
 gainst true negativ es and false positiv es within HLA-I and HLA-II
atasets, r espectiv el y. 
upplementary Fig. S4. This compr ehensiv e figur e pr esents a se-
ies of violin plots illustrating the “Ar omaticity” c hemical pr op-
rty of peptides across various sample subsets for HLA-I and HLA-
I molecules. Panel (A) delineates the Aromaticity distribution in
ndependent test samples for HLA-I, separated into positive and
egative samples, with each subgroup’s statistical significance
ssessed via t -tests and annotated with corresponding P values.
 anel (C) mirr ors this setup for HLA-II independent test samples,
ighlighting the compar ativ e Ar omaticity distributions . T he ex-
ernal dataset distributions for HLA-I and HLA-II are respectively
howcased in panels (B) and (D), emphasizing the metric’s exter-
al v alidity. P anels (E) and (F) delv e deeper, contr asting the Ar o-
aticity of true positives and false negatives against true nega-

ives and false positives within HLA-I and HLA-II datasets, respec-
iv el y. 
upplementary Fig. S5. This figure illustrates the experimental
istribution of major HLA-II alleles in the IEDB . W e plotted the al-

eles by type, where panel A shows the distribution for all data, B
or the training dataset, C for the test dataset, and D for the vali-
ation dataset. Left r epr esents HLA-DR alleles, middle r epr esents
LA-DQ alleles, and right r epr esents HLA-DP alleles. 
upplementary Fig. S6. This figur e illustr ates the pr ediction
esults of TransHLA on the test set for different HLA alleles.
anel A shows the results corresponding to HLA-I alleles, while
anel B displays those for HLA-II alleles. The number of epitopes
orr esponding to eac h allele is annotated to the right of each
ar. 
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 CC: accuracy; A U-PRC: ar ea under the pr ecision–r ecall curv e;
U-ROC: area under the receiver operating characteristic curve;
NN: convolutional neural network; ESM2: Evolutionary Scale
odeling 2; FN: false negative; FP: false positive; HLA: human

eukocyte antigen; MCC: Matthews correlation coefficient; PCA:
rincipal components anal ysis; PR: pr ecision–r ecall; ROC: r eceiv er
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