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Abstract
Motivation: Correctly identifying epitope-binding T-cell receptors (TCRs) is important to both understand their underlying biological mechanism 
in association to some phenotype and accordingly develop T-cell mediated immunotherapy treatments. Although the importance of the CDR3 
region in TCRs for epitope recognition is well recognized, methods for profiling their interactions in association to a certain disease or phenotype 
remains less studied. We developed EpicPred to identify phenotype-specific TCR–epitope interactions. EpicPred first predicts and removes un
likely TCR–epitope interactions to reduce false positives using the Open-set Recognition (OSR). Subsequently, multiple instance learning was 
used to identify TCR–epitope interactions specific to a cancer type or severity levels of COVID-19 infected patients.
Results: From six public TCR databases, 244 552 TCR sequences and 105 unique epitopes were used to predict epitope-binding TCRs and to fil
ter out non-epitope-binding TCRs using the OSR method. The predicted interactions were used to further predict the phenotype groups in two 
cancer and four COVID-19 TCR-seq datasets of both bulk and single-cell resolution. EpicPred outperformed the competing methods in predict
ing the phenotypes, achieving an average AUROC of 0.80 ± 0.07.
Availability and implementation: The EpicPred Software is available at https://github.com/jaeminjj/EpicPred.

1 Introduction
T-cell receptors (TCRs) are integral to the adaptive immune 
system, where they serve as the primary mechanism for T 
cells to recognize and bind to specific antigens. These anti
gens are presented by the major histocompatibility complex 
(MHC) in antigen-presenting cells (Carlberg and Velleuer 
2022). The binding specificity of TCRs is determined by their 
variable regions that interact with epitopes and is crucial to 
the recognition of a wide array of pathogens. Understanding 
TCR–epitope interactions is vital, especially in the context of 
phenotypes (Lee et al. 2020). This understanding not only 
helps classifying immune responses but also plays a signifi
cant role in the development of vaccines and targeted 
immunotherapy.

Recent research has extensively explored the way to predict 
epitopes with TCR sequences. Still, the task remains challeng
ing due to the sheer diversity of epitopes, exceeding 104 to 
106 distinct types, and the modest accuracy achieved in their 
prediction. The complexity of the immune system’s specificity 
is such that accurate epitope prediction requires sophisticated 
modeling. Recent developments have seen the advent of 

BERT-based approaches for TCR encoding, which have 
shown promise in this domain. Notable among these are 
models like TCR-BERT (Wu et al. 2021) and TCRconv 
(Jokinen et al. 2023), which leverage the BERT architecture 
to capture the intricate binding patterns between the TCR 
and its binding epitope. Beyond BERT-based approaches, 
ESM-2 (Evolutionary Scale Modeling) (Lin et al. 2023) and 
ProtT5 (Elnaggar et al. 2021) represent additional 
transformer-based methods that have demonstrated strong 
capabilities in understanding protein sequences. Recently, to 
accurately predict the binding affinity between epitope and 
TCRs, some of models are using TCRs that do not bind to 
epitopes, such as EPIC-TRACE (Croce et al. 2024) and 
MixTCRpred (Korpela et al. 2023). These models can be 
finetuned post-initial training to adapt to more detailed tasks 
offering versatile applications for epitope prediction that 
could potentially improve the accuracy and applicability of 
TCR analysis in immunological research. The utility of TCRs 
in phenotype prediction models has been predominantly fo
cused on distinguishing cancerous conditions rather than 
assessing one’s phenotype. In COVID-19, models that exploit 
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TCR data for predictive purposes are particularly scarce. 
Notable exceptions, such as DeepTCR (Sidhom et al. 2021) 
and MINN-SA (Kim et al. 2022), employ multiple instance 
learning (MIL) strategies. They often compress all TCR 
sequences into a single vector, potentially overlooking non
contributing TCRs and resulting in substantial information 
loss during dimension reduction. Here, we refer to noncontri
buting TCRs as the ones that do not bind to epitopes and 
thus are not considered as factors contributing to one’s sever
ity progression. This highlights the need for a model that ef
fectively identifies epitope-binding TCRs (EB-TCRs) to 
preserve relevant information. Models like DeepCAT 
(Beshnova et al. 2020) and DeepLION (Xu et al. 2022) ad
dress this by focusing on TCRs unique to patients compared 
to healthy individuals. However, these approaches often face 
challenges in generating unbiased training data and require 
substantial amounts of data to produce reliable results, which 
can be challenging. In this study, we present EpicPred, an 
attention-based deep learning framework designed to predict 
the severity of COVID-19 using the TCR beta chain sequen
ces. Studies based on the TCR beta chain play a crucial role 
in identifying disease-specific features, such as predicting dis
ease severity in COVID-19 patients (Xu et al. 2023) or devel
oping bispecific antibodies targeting specific T-cell receptor 
beta variable regions for the treatment of T-cell cancers (Paul 
et al. 2021). EpicPred incorporates both epitope prediction 
and phenotype prediction, as illustrated in Fig. 1. Leveraging 
BERT-based learning for TCR sequences and employing 
open-set recognition (OSR) for the detection of uninforma
tive TCRs, EpicPred was able to identify EB-TCRs in real 
datasets. Furthermore, using the attention-based MIL for 
phenotype prediction, our framework achieved better perfor
mance in classifying cancer samples and the severity of 
COVID-19 patients compared to competing methods. 
EpicPred provides a biological basis to identify which TCRs 

play a key role in influencing phenotype prediction, enabling 
us to understand the underlying immune mechanisms and the 
specific TCR–epitope interactions that contribute to particu
lar phenotypic outcomes.

2 Datasets
The data used in this study were categorized for two distinct 
purposes. The first dataset was used for pretraining contex
tual learning and finetuning with epitope prediction. The sec
ond dataset includes TCR sequences from both single-cell 
and bulk data collected from cancer patients and COVID-19- 
infected patients. These datasets were used to evaluate the 
performance of phenotype prediction.

2.1 TCR beta chain CDR3 sequence dataset
We collected seven public datasets for pretraining (TCRdb, 
Chen et al. 2021), finetuning the epitope prediction models 
[IEDB (Vita et al. 2019), McPAS-TCR (Tickotsky et al. 
2017), PIRD (Zhang et al. 2020), VDJdb (Shugay et al. 
2018), 10× (Link to 10×), and neoTCR (Zhou et al. 2023)]. 
In our study, we utilized only the TCR beta chain CDR3 
sequences for training, because the amount of beta chain 
sequences significantly exceeds that of the alpha chain. 
Moreover, the majority of related researches focus on the 
complementarity-determining region 3 (CDR3) of the TCR 
beta chain, as this region, being somatically generated, pre
dominantly dictates the antigen-binding specificity. The 
details of each public dataset are summarized in Table 1. We 
applied filters for all the public datasets to exclude TCR 
sequences that were either shorter than 8 or longer than 22 
length of amino acids. Additionally, sequences containing 
noisy CDR3 regions with nonstandard amino acids (i.e. those 
not among the canonical set of 20 amino acids) were re
moved. We included only the epitopes that had at least 200 

Figure 1. Workflow of the EpicPred model for sample phenotype prediction. EpicPred consists of two stages: (i) predicting epitope-binding TCRs and (ii) 
training the phenotype prediction model. In Stage 1, BERT is used to perform contextual learning on CDR3 sequences from TCRdb. The model integrates 
an MLP and an OSR layer, utilizing TCR–epitope data to predict 105 epitopes, enhancing the recognition of known and novel epitopes that are likely to 
bind to a TCR. In Stage 2, patient TCR CDR3 sequences are encoded using the BERT model trained in Stage 1. Binding scores are computed for each 
TCR, and sequences are filtered based on these scores before clustering. Epitope specific clustered TCRs are then used in an attention-based MIL model 
to predict the phenotype of a given input sample. Here, moderate and severe phenotype labels were shown as an example.
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known binding TCRs. The details of the TCR beta chain 
CDR3 sequences and binding epitopes used for training are 
provided in Supplementary Tables S1 and S2. For analyzing 
cancer samples, we incorporated neoTCR epitopes that had 
more than 10 TCRs per epitope due to their small number of 
annotated TCR–epitope instances (Supplementary Table S3). 
These TCRs are experimentally validated EB-TCRs. The 10× 
dataset predominantly consists of TCRs that are non- 
epitope-binding TCR (NEB-TCR).

2.2 Phenotype sample dataset
For the analysis, four COVID-19 sample datasets were collected. 
They were sourced from the National Research Foundation 
of Korea [KNIH (Jo et al. 2022), n¼721], ISB-Swedish 
COVID-19 Biobanking Unit [SU (Su et al. 2020), n¼269], 
Adaptive Biotechnologies [Active (Athar et al. 2019), n¼308], 
and Cancer Research UK-Newcastle [CRUK (Stephenson et al. 
2021), n¼49]. Additionally, we collected gastrointestinal cancer 
and lung cancer patient TCR-seq samples from Geneplus 
Technology Ltd in Shenzhen used in Lan et al. (2020). Detailed 
information of each dataset is shown in Table 2.

3 Materials and methods
3.1 Workflow of EpicPred
EpicPred represents a novel approach to predict the pheno
type of patients using EB-TCRs. EpicPred consists of two 
stages: (i) predicting EB-TCRs and (ii) training the phenotype 
prediction model.

3.1.1 Stage1: Predicting EB-TCRs
To embed the TCR sequences into vectors, we used the BERT 
language model that employs a masked language model for 
learning language structures. Pretraining of the model was 
conducted using only TCR beta chain sequences collected 
from TCRdb. Each TCR sequence consists of an amino acid 

chain of length L drawn from an alphabet D of the 20 stan
dard amino acids, i.e. D¼ fA;C;S; . . .g. The model was con
figured with a hidden representation dimension size of 768, 
consistent with the standard BERT architecture. We adjusted 
the intermediate representation dimensionality to 1536, in 
contrast to the default BERT setting of 3072, to optimize 
computational efficiency and model capability. The model 
was designed with 12 attention heads and an equivalent num
ber of transformer layers to ensure depth and complexity dur
ing learning. For pretraining, we used a batch size of 24 and a 
training duration of 100 000 stages, involving �2.4 million 
sequences, with early stopping implemented based on the val
idation loss. TCRs composed of L amino acids underwent 
transformation via BERT into an embedding matrix with 
dimensions of ðLþ2Þ× 768. The matrix includes two addi
tional features compared to the length of each TCR, repre
sented by the classification [CLS] and separator [SEP] tokens. 
The [CLS] token, important for capturing the aggregate in
formation of the sequence, plays a pivotal role in the classifi
cation finetuning process. Standard BERT training applies 
the cross-entropy loss function for each TCR, defined as τ, 
treating all tokens in the sequence equally when computing 
the error gradient. However, for TCR sequences, certain 
regions may hold more biological importance depending on 
their position within the sequence. To address this, our loss 
scaling function dynamically adjusts the model’s focus by in
creasing the importance of tokens located closer to the mid
point of a TCR sequence. This approach aligns with 
observations in previous studies (Newman and Riley 2007) 
that highlight the conserved and biologically informative na
ture of central regions within TCR sequences, which are criti
cal for epitope recognition and binding. For each input TCR 
sequence i of length Li, let mi denote the position of the 
masked token. We compute the weight wi for the TCR se
quence i based on the token’s proximity to the midpoint of 
the sequence which is scaled by the scaling factor δ as follows, 
where δ is set to 0.6: 

wi ¼ log
Li
2

j Li
2 − mij

þ ɛ

 !

× δ:

Here, ɛ represents a small positive constant. Such weighted 
averaging ensures that sequences with more centrally located 
masked tokens contribute more to the overall loss, guiding 
the model to focus on these regions during training. The 
weight wi is used to compute the loss for Stage 1 (lossS1) as 
follows, where N is the number of TCR sequences: 

lossS1 ¼
1
N

XN

i¼1

wi × τi:

After contextual learning, a multilayer perceptron (MLP) 
combined with the maximal entropy loss (MEL) function 
(Vareto et al. 2024) were applied for epitope prediction, us
ing the [CLS] token from each TCR sequence. The dataset 
used for this training process corresponds to the EB-TCR 
data described in Section 2.1. Specifically, TCR sequences 
binding to the 105 epitopes were selected and processed using 
a stratified 5-fold cross-validation method. Among the five 
folds, the model and data producing the best performance 
during testing were chosen for the final training and evalua
tion. A set of 105 epitopes, denoted as G, was taken, where 

Table 1. Datasets and number of TCRs and unique epitopes used for 
contextual learning and training the epitope-binding TCRs 
prediction model.

Dataset Purpose TCR sequences Unique epitopes

TCRdb Contextual learning 2 770 131 None
neoTCR Epitope prediction 440 18
IEDB 125 048 93
McPAS-TCR 9504 23
PIRD 5463 15
VDJdb 4097 29
10X 100 000 None
Total 244 552 105

Table 2. Datasets and number of samples used for phenotype prediction.

Phenotype Dataset Data type Healthy Moderate Severe

COVID-19 KNIH Single-cell 81 283 44
Bulk 96 364 92

SU Single-cell 16 192 43
Active Bulk 0 315 83
CRUK Single-cell 12 32 5

Phenotype Dataset Data type Healthy Cancer

Cancer Gastrointestinal  
cancer

Bulk 260 151

Lung cancer Bulk 260 184
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each individual epitope is represented as g. The model was 
trained using the Adam Optimizer (learning rate¼ 0.001) to 
minimize the MEL. The MEL function calculates the binding 
probability using the ASm [Adjusted Softmax with margin 
(Liu et al. 2016)] function, incorporating a margin (m) to in
crease the separation between different epitopes. The binding 
probability, γ, for a TCR–epitope pair is defined as: 

γ ¼ ASmðlogitgÞ ¼
elogitg − m

elogitg − mþ
P

g06¼g elogitg0
;

where logitg represents the raw score (logit) produced by the 
model for the epitope g, and the margin m adjusts the logits 
to improve classification. The margin reduces the distance of 
TCRs that bind to a common epitope and maximizes the dis
tance of TCRs that bind to different epitopes, thereby en
hancing the model’s ability to predict the correct binding 
epitope class. This function ensures that the logits are ad
justed by a margin to amplify differences between the target 
epitope and all other epitopes (g0 6¼ g). Following the compu
tation of ASm, the MEL that utilizes the adjusted softmax 
function is defined as follows: 

MEL ¼
− log ASmðLLðRðtÞÞÞ if t 2 G

−
1
jGj

XjGj

g¼1
log ASðLLðRðtÞÞÞ if t 62 G

:

8
><

>:

Here, LL denotes the last layer of the MLP that generates 
logits, and RðtÞ represents the feature extraction values from 
a TCR sequence t. For TCRs from negative dataset, the loss 
function is designed to distribute the scores uniformly across 
all epitopes in the set G. This distribution helps the model to 
effectively distinguish TCRs that bind to previously unseen 
epitopes so that the classifier does not bias toward any spe
cific known epitope making the classifier more general. 
Collectively, the output of Stage 1 is the probabilities for a 
TCR binding to each of the 105 epitopes and the encoded 
vector of each TCR output by the BERT model.

3.1.2 Stage 2: Training the phenotype prediction model
Using the pretrained BERT model, specialized in contextual 
learning and finetuning with epitope prediction, each TCR beta 
chain CDR3 sequence (T) within a sample was encoded into a 
768-dimensional vector for patient sample data. Based on the 
TCR–epitope-binding probabilities from Stage 1, we filtered out 
NEB-TCRs with low-binding probability. Subsequently, we ap
plied K-means clustering to group similar TCR sequences. 
Clustered TCR sequences were used to train a phenotype pre
diction model. Here, two types of loss functions were used, 
which are based on cross-entropy. The first is the TCR-specific 
loss (LossT) that focuses on determining whether a single TCR 
sequence within a sample is related to a phenotype, while the 
second is the sample-specific loss (LossS), which focuses on 
detecting a group of TCRs related to a phenotype. We 
employed attention aggregation on the TCR sequences 
(T1;T2; . . . ;TN, where N represents the total number of TCR 
sequences) per patient, grouping them according to their clus
ters. This approach resulted in the creation of K distinct vectors 
(C1;C2; . . . ;CK, where K represents the total number of clus
ters), each representing a cluster representation vector. These K 
vectors were then subjected to another round of attention aggre
gation, which integrated them into a final sample representation 

vector S. We applied attention aggregation (Ilse et al. 2018) to 
each cluster with the following equation when n number of 
TCRs belonged to cluster k. 

wi ¼
exp fZ>tanhðZA>i ÞgPn

i¼1 exp fZ>tanhðVA>i Þg
: (1) 

For the ith TCR attention weight, Ai is calculated with the 
trainable parameters Z and V. Additionally, for each TCR se
quence, the read count ratio, ri, is included by dividing the in
dividual TCR’s read count by the total read count of all 
TCRs for each sample. The output C from the attention layer 
is a weighted combination of the TCR sequence features in 
the kth cluster, computed by the following equation. 

Ck ¼
Xn

i¼1

wiTiri: (2) 

With K cluster representation vectors, we applied attention 
aggregation to create the sample representation vector S. The 
loss in Stage 2 (lossS2) is created with sample-specific loss 
(lossS) and TCR-specific loss (lossT) with S and T as the fol
lowing equation using cross-entropy loss. 

lossS2 ¼ ð1 − λÞlossSþðλÞlossT : (3) 

For each loss function, EpicPred used the weighted cross- 
entropy to account for class imbalances. Class weights in the 
loss function were adjusted dynamically, reflecting the class 
distribution within the dataset of interest.

3.2 Performance evaluation
The performance of EpicPred was compared with four prom
inent models in predicting phenotype: DeepTCR, DeepLION, 
DeepCAT, and MINN-SA, each offering unique insights into 
the phenotype state in terms of TCR sequences.

We aimed to evaluate how well each model predicted 
Healthy, Moderate, and Severe COVID-19 cases. Specifically, 
to obtain severity-related EB-TCRs, two types of binary classifi
cation were performed: (i) Healthy vs Severe and (ii) Moderate 
vs Severe. For the cancer dataset, the model was designed to 
classify samples into two classes: Healthy and Cancerous, distin
guishing between normal and disease states. For bulk TCR 
data, we used the top 100 abundant TCRs based on their read 
counts. For DeepCAT, DeepLION, and MINN-SA, we address 
the challenge of training data imbalance by modifying the loss 
function to include weights proportional to group ratios, ensur
ing training on sample balanced datasets. DeepTCR provides 
an internal function to deal with unbalanced samples by apply
ing class weights. In addition, we evaluated the impact of identi
fying NEB-TCRs and removing them from the training set in 
the pretraining Stage 1 by skipping such procedure. We 
employed 10-fold cross-validation, using 80% of the data for 
training, 10% for validation, and 10% for testing in each fold 
to ensure balanced model evaluation.

4 Results
4.1 Predicting EB-TCRs
In Stage 1, the goal was to accurately discriminate between 
EB-TCRs and NEB-TCRs, while also predicting the correct 
epitope class for each TCR. This approach enables the model 
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not only to predict whether a TCR will bind to an epitope 
but also to score the likelihood of the interaction with high 
precision, facilitating the classification of TCRs based on 
their binding properties. The F1-score was evaluated on both 
a closed and an open set of TCR–epitope interactions using 
5-fold cross-validation to compare the model’s performance 
across the two settings. The closed test set is comprised of 
only EB-TCRs, whereas the open test set includes both EB 
and NEB-TCRs. The task using the closed test set was to ob
serve how many true TCR–epitope interactions were cap
tured with different probability thresholds, as shown in  
Table 3. The variation in accuracy based on the sequence 
similarity between the training and test sets is depicted in 
Supplementary Fig. S1. The performance mildly dropped for 
dissimilar sequences but showed to be robust even for the 
most distant sequences, indicating that the model is general 
to some extent. Also, we compared the performance of pre
dicting epitopes with existing models with TCR-BERT, 
DeepTCR, TCRconv, and TCRGP (Jokinen et al. 2021). We 
selected the top 10%, 20%, 30%, 50%, 70%, and 90% 
TCRs based on their binding probability scores and com
pared their F1-scores (Supplementary Table S4). The struc
tural features of these models, including details about 
pretrained data and loss functions, are summarized in 
Supplementary Table S5. The models were trained using the 
same EB-TCR dataset, however, they do not consider NEB- 
TCR data, making EpicPred uniquely comprehensive in its 
evaluation of TCR specificity. Additionally, we evaluated the 
model’s performance for epitope prediction using different 
pretrained models to compare how the choice of pretrained 
model influences prediction accuracy (Supplementary Table 
S6). Also, it was tested with different percentages of the 
masking tokens (i.e. 10%, 15%, 20%, and 25%), which 
results are provided in Supplementary Table S7. For the open 
test set, the task was to measure the classification accuracy of 
discriminating the EB and NEB-TCRs, which results are 
shown in Table 4. In both results, by retaining a sufficient 
number of TCRs, the most robust accuracy was achieved at 
threshold 0.2 across 105 epitopes, with an F1-score above 
0.7. We used this threshold for filtering TCRs with low 

probability for binding to an epitope before predicting phe
notypes in single-cell TCR data. Additionally, the perfor
mance was compared under the same conditions with 
neoTCRs for the open test set, as presented in Supplementary 
Table S8. Since the sequences of EB-TCRs were further iden
tified by the OSR added BERT model, their embedded vec
tors are expected to differ between the EB and NEB-TCRs. 
Indeed, the EB and NEB-TCRs embedded vectors showed 
clear difference before and after the training as shown in the 
t-distributed Stochastic Neighbor Embedding (t-SNE) plots in  
Fig. 2A and B, respectively. Each dot represents a TCR se
quence embedded by the t-SNE components 1 and 2. The top 
figure represent the frequency of the cells when collapsed on 
the component 1.

4.2 EB-TCR based phenotype prediction
Before comparing the model’s performance, we analyzed the 
CDR3 gene usage and diversity in the two COVID-19 data
sets. Using the default pipeline (Park et al. 2023), which iden
tifies differences in TCR repertoire, we found that the usage 
and diversity of CDR3 varied within the KNIH dataset 
(Supplementary Figs S2–S4). Notably, severe patients exhib
ited substantial differences in V and J gene usage and Chao 
diversity index (Chao et al. 2014) compared to healthy 
patients. While the previous study analyzed a different data
set (SU, Active dataset), we applied the same analysis specifi
cally to the KNIH cohort. The phenotype prediction 
performance for patients with COVID-19 and cancer data
sets was compared across the competing models that were 
trained with default parameters provided by each method. To 
address data imbalances, we adjusted the training process by 
employing weighted cross-entropy. Severity levels were pre
dicted for the KNIH, SU, and Active datasets. Additionally, 
to assess the influence of EB-TCR prediction, we performed a 
comparative study by excluding the EB-TCR prediction com
ponent during training. TCR filtering was applied to exclude 
NEB like TCRs where the epitope prediction probability was 
below 0.2, which showed the most robust results in both the 
open and closed sets. To assess the impact of excluding NEB- 
like TCRs, we applied the subset of TCRs to other models, 

Table 3. The F1-scores for predicting the epitopes that TCRs bind to.a

Closed test set

Threshold (γ) 0.1 0.2 0.3 0.5 0.7 0.9
Precision 0.75 ± 0.01 0.80 ± 0.03 0.93 ± 0.09 0.96 ± 0.02 0.92 ± 0.03 0.98 ± 0.03
Recall 0.35 ± 0.01 0.65 ± 0.01 0.67 ± 0.02 0.82 ± 0.01 0.90 ± 0.03 0.95 ± 0.02
F1-score 0.40 ± 0.1 0.70 ± 0.05 0.75 ± 0.01 0.87 ± 0.02 0.92 ± 0.03 0.97 ± 0.01
Remain percentage 72% 40% 25% 17% 12% 10%

a A TCR was predicted to bind to an epitope if the predicted probability exceeded a threshold. The performance was tested for a range of different 
thresholds. The remaining percentage refers to the ratio of TCRs that have been predicted to bind to at least one of the 105 epitopes.

Table 4. Performance metrics for the open test set for classifying EB and NEB-TCRs, which were tested with different probability thresholds.

Open test set

Threshold (γ) 0.1 0.2 0.3 0.5 0.7 0.9
Precision 0.78 ± 0.09 0.84 ± 0.04 0.88 ± 0.05 0.92 ± 0.02 0.94 ± 0.05 0.96 ± 0.01
Recall 0.78 ± 0.1 0.79 ± 0.09 0.65 ± 0.02 0.64 ± 0.01 red0.62 ± 0.08 0.61 ± 0.09
F1-score 0.80 ± 0.05 0.73 ± 0.05 0.72 ± 0.01 0.71 ± 0.05 0.71 ± 0.08 0.71 ± 0.01
Ratio of NEB-TCR 71% 25% 15% 10% 6% 4%
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including DeepTCR, DeepCAT, and MINN-SA (Fig. 3 and 
Supplementary Table S9). DeepLION was not included in 
this comparison due to its requirement for a balanced number 
of TCRs per sample.

As shown in Fig. 3 and Table 5, there was a noticeable im
provement in performance, particularly with single-cell data. 
Thus, we show that identifying EB-TCRs positively contrib
utes to the clustering process, which allows for the simulta
neous learning of interactions among similar TCRs. While 
the competing methods mainly focused on detecting cancer
ous samples, EpicPred was further applied to COVID-19 in
fectious patients to predict their severity. We retrained each 
model with the bulk cancer data for predicting healthy and 
cancer patients, where EpicPred yielded higher accuracy than 
the competing models as shown in Table 6. For each dataset, 
the embedding vectors of TCRs were clustered using K-means. 
The number of clusters k was set to 7 due to the overall high 
Area Under the Receiver Operating Characteristic (AUROC) 
in the three datasets as shown in Table 7.

4.3 COVID-19 severity related cell sub populations 
with distinct EB-TCRs
Utilizing single-cell RNA-seq samples and EpicPred’s atten
tion scores, cells with high or low attention scores were 
searched. Cells with higher scores play an important role in 
predicting phenotypes, while those with lower scores have 
less impact on the prediction results. We categorized cells 
into two groups based on two percentiles: the top 30% repre
senting cells with high attention and the bottom 30% repre
senting low attention. Here, single-cell gene expression data 

of the KNIH and SU datasets were used that were comprised 
of 87 623 and 26 387 cells, respectively. Initially, genes 
expressed in fewer than three cells were removed resulting in 
6253 and 7752 genes in the KNIH and SU datasets, respec
tively. We generated t-SNE plots using the TCR embedding 
vectors (1 × 768 dimension) and the single-cell embedding 
vectors (1 × 2500 dimension) (Supplementary Fig. S5). They 
were color coded by (A) cell type, (B) attention score, and (C) 
the predicted epitope labels. The cell types and epitope classes 
did not exhibit clear distinctions in the TCR t-SNE or the 
scRNA-seq t-SNE plots. However, there was a noticeable 
separation in attention score labels in both plots. To clarify 
the observation, Fig. 4 visualizes the proportions of cells that 
fall into the high and low attention groups. These propor
tions are categorized based on the cell types and the epitopes 
they bind to (referred to as cell features). Specifically, for 
each cell feature, the proportion of cells in the high attention 

group is calculated as follows: # high attention cells
# highþ low attention cells

. Only 

categories with a minimum of 1000 cells are shown. We di
vided cell features to three groups as “cell types,” “SARS- 
CoV-2 epitopes,” and “non SARS-CoV-2 epitopes,” and con
ducted t-tests between the high and low attention cells. It can 
be seen that only Severe Acute Respiratory Syndrome 
Coronavirus 2 (SARS-CoV-2) epitopes cell features signifi
cantly differed between the low and high attention groups as 
shown in Supplementary Fig. S6. For epitopes not associated 
with SARS-CoV-2, no significant difference was observed be
tween the two attention groups. However, for SARS-CoV-2 
epitopes, we observed a marked disparity in the ratios, 

Figure 2. The frequency plot (top) and the t-SNE plot (bottom) visualize the embedded vectors of EB and NEB-TCRs. Each dot in the plot represents a 
TCR embedded sequence and top figure shows the frequency of the TCRs when collapsed on the t-SNE component 1. As shown, the EB and NEB-TCRs 
did not show difference (A) before the finetuning in Stage 1 but were clearly differentiated (B) after the finetuning.
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indicating that cells recognizing SARS-CoV-2 epitopes tend 
to have higher attention scores. It implies that the attention 
mechanism of the EpicPred model may be particularly 

sensitive to epitopes related to SARS-CoV-2, suggesting po
tential for further investigation into immune responses to the 
virus. We conducted motif analysis on sequences with high 

Table 5. Performance of moderate and severe COVID-19 prediction with and without finetuning of EB-TCRs.

Dataset KNIH (Single-cell) KNIH (Bulk) SU Active

Methods EpicPred EpicPred (w/o  
EB-TCR prediction)

EpicPred EpicPred (w/o  
EB-TCR prediction)

EpicPred EpicPred (w/o  
EB-TCR prediction)

EpicPred EpicPred (w/o  
EB-TCR prediction)

F1-score  
(micro)

0.84 ± 0.03 0.81 ± 0.05 0.77 ± 0.14 0.51 ± 0.05 0.83 ± 0.06 0.68 ± 0.03 0.85 ± 0.05 0.81 ± 0.04

AUROC 0.79 ± 0.04 0.51 ± 0.14 0.72 ± 0.12 0.52 ± 0.01 0.79 ± 0.06 0.60 ± 0.09 0.81 ± 0.16 0.62 ± 0.08

Table 6. Performance comparison of six TCR based prediction models for classifying normal versus disease using cancer (Gastric, Lung cancer) and 
COVID-19 (KNIH) datasets.

Dataset Metric EpicPred EpicPred  
(w/o EB-TCR prediction)

DeepTCR DeepLION DeepCAT MINN-SA

Gastrointestinal cancer F1-score (micro) 0.71 ± 0.05 0.62 ± 0.01 0.62 ± 0.08 0.57 ± 0.04 0.52 ± 0.02 0.62 ± 0.01
AUROC 0.78 ± 0.04 0.72 ± 0.02 0.70 ± 0.05 0.54 ± 0.08 0.51 ± 0.05 0.58 ± 0.06

Lung cancer F1-score (micro) 0.74 ± 0.11 0.72 ± 0.11 0.71 ± 0.04 0.67 ± 0.04 0.58 ± 0.05 0.6 ± 0.04
AUROC 0.85 ± 0.03 0.82 ± 0.04 0.82 ± 0.01 0.71 ± 0.07 0.60 ± 0.03 0.62 ± 0.05

KNIH (scTCR) F1-score (micro) 0.86 ± 0.01 0.75 ± 0.02 0.50 ± 0.10 0.58 ± 0.06 0.55 ± 0.01 0.65 ± 0.06
AUROC 0.88 ± 0.01 0.78 ± 0.08 0.73 ± 0.09 0.52 ± 0.14 0.51 ± 0.11 0.50 ± 0.10

KNIH (Bulk) F1-score (micro) 0.71 ± 0.05 0.58 ± 0.01 0.58 ± 0.13 0.60 ± 0.11 0.69 ± 0.06 0.69 ± 0.04
AUROC 0.75 ± 0.01 0.71 ± 0.05 0.72 ± 0.09 0.56 ± 0.13 0.63 ± 0.12 0.68 ± 0.15

Table 7. Comparison of phenotype classification accuracy for each dataset using different number of clusters for K-means clustering.

K-means clustering AUROC

Dataset k¼3 k¼5 k¼7 k¼ 9 k¼ 11 k¼ 20 k¼ 30

Gastric cancer 0.75 ± 0.03 0.76 ± 0.04 0.78 ± 0.04 0.76 ± 0.01 0.76 ± 0.04 0.71 ± 0.08 0.70 ± 0.1
Lung cancer 0.88 ± 0.01 0.86 ± 0.08 0.85 ± 0.03 0.80 ± 0.05 0.80 ± 0.05 0.78 ± 0.05 0.80 ± 0.03
KNIH 0.83 ± 0.03 0.88 ± 0.01 0.88 ± 0.01 0.90 ± 0.05 0.88 ± 0.01 0.81 ± 0.06 0.82 ± 0.07

Figure 4. The ratio of cell types and predicted epitopes with high and low attention in the (A) KNIH and (B) SU datasets.
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attention scores. Using logomaker (Tareen and Kinney 
2020), motif sequences were generated based on the TCR se
quence length where similar motifs were captured across the 
KNIH, SU, and Active datasets. We find that the motifs sug
gest a commonality in the binding sites and sequence struc
tures that contribute to high attention scores (Supplementary 
Fig. S7), and thus high TCR–epitope-binding possibility.

We further investigated the biological characteristics of T 
cells with high attention scores by differentially expressed 
genes (DEGs) analysis. Wilcoxon rank-sum test was con
ducted between cells with high attention scores and all other 
cells. DEGs with an adjusted P-value below .05 and a log 
fold change >0.5 were searched, which are shown in Fig. 5A 
and C and list of genes are included in Supplementary Tables 
S10 and S11. A total of 564 and 126 DEGs were searched in 
the KNIH and SU datasets.

5 Discussion
EpicPred has been designed to overcome the constraints of tra
ditional models that oversimplify TCR sequence data into a 

single vector representation, a process that can obscure the intri
cacies of individual TCRs and introduce biases in the analysis. 
By adopting epitope prediction tool before predicting pheno
type, EpicPred adeptly aggregates TCRs based on their affinity 
with epitopes. Moreover, the integration of the OSR algorithm 
allowed us to improve the phenotype prediction, effectively 
compensating for the limitations in the scarcely available EB- 
TCR information. Furthermore, by examining the attention val
ues, we were able to identify TCR sequences that particularly 
bind with SARS-CoV-2 epitopes, which were translatable to the 
single-cell transcriptome allowing us to identify the DEGs that 
were possibly affected by them. Especially, the disparity in epi
tope representation vectors and attention across the different se
verity levels showed that SARS-CoV-2 epitopes exhibit different 
TCR affinity.

In the single-cell datasets from KNIH and SU, DEGs were 
searched between the high attention and low attention cells. 
Downstream analysis on the DEGs was conducted using the 
QIAGEN Ingenuity Pathway Analysis (PA; QIAGEN Inc. 
link to IPA). Using IPA’s Core Analysis feature, significantly 
enriched canonical pathways were searched and constructed 

Figure 5. The Wilcoxon rank sum test results of the DEGs in cells from the high attention group in KNIH and SU datasets. Only genes with an adjusted 
P-value <.05 and logFC > 0.5 were considered. (A) and (C) show the DEG volcano plots. (B) and (D) the two largest networks identified from the DEG 
analysis of the SU and KNIH datasets using IPA. The color of each node indicates a change in expression: red represents upregulated genes, while green 
represents downregulated genes. The edges between nodes illustrate predicted relationships regarding biological function: orange signifies activation, 
blue denotes inhibition, and gray represents an effect that is not predicted.
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related gene networks as shown in Fig. 5C and D. Pathways 
with an absolute z-score of 2 or greater and an adj. P-value 
of .05 or less were considered statistically significant. 
The largest network identified in the KNIH dataset was the 
“Class I MHC-mediated antigen processing and presentation 
pathway,” which plays a crucial role in the immune response 
against viral infections, including SARS-CoV-2 (Zhang et al. 
2021). The process of antigen processing and presentation is 
crucial for initiating and regulating the immune response 
against SARS-CoV-2, the virus responsible for COVID-19. It 
involves the presentation of viral antigens by MHC molecules 
to T cells, which is known to be essential for the adaptive im
mune response (Vabret et al. 2020). In the pathway analysis, 
neutrophils emerged as a key component of the innate im
mune response, which is also important to the pathophysiol
ogy of COVID-19. Elevated neutrophil counts and their 
activation are commonly associated with severe COVID-19 
cases. Neutrophils migrate to infection sites, releasing neutro
phil extracellular traps to contain pathogens (Barnes et al. 
2020, Makatsariya et al. 2020). The pathway analysis results 
are listed in the Supplementary Tables S12 and S13. In the SU 
dataset, network analysis revealed the EIF2 signaling path
way as the largest network, and the EIF2AK4 (GCN2) re
sponse to amino acid deficiency pathway emerged as one of 
the significant canonical pathways in the analysis. These 
pathways are known to be essential for regulating cellular 
stress responses, particularly in the context of immune regu
lation and metabolic stress. Recent studies (Ravishankar 
et al. 2015, Policard et al. 2021), have shown that these path
ways modulate immune responses, particularly in macro
phages. It has been implicated in controlling inflammation 
and promoting tolerance to apoptotic cells, which is essential 
in preventing autoimmune responses. For instance, GCN2 is 
crucial for producing regulatory cytokines like IL-10 and 
TGF-β, which helps suppress inflammation and maintain im
mune tolerance.

To ensure the robustness of our model and assess potential 
overfitting, we validated the model on two independent data
sets, SU and CRUK, after training on the KNIH dataset with 
5-fold cross-validation. The model achieved an AUROC of 
0.80 and an F1-score of 0.84 on the SU dataset, and an 
AUROC of 0.81 with an F1-score of 0.85 on the CRUK data
set showing that EpicPred is general.

Our investigation into EpicPred’s misclassification in
volved a detailed examination of samples with clinical sever
ity that were incorrectly predicted as moderate, and vice 
versa. It involved an assessment of clinical features and 
WHO scores to elucidate the causes of such discrepancy. 
Supplementary Fig. S8A shows that severe cases misclassified 
as moderate presented clinical characteristics were inconsis
tent with the expected profile of severe COVID-19 patients. 
In contrast, Supplementary Fig. S8B indicates that samples er
roneously predicted as severe exhibited clinical parameters 
typically associated with advanced Stages of the phenotype, 
particularly reflected in WHO scores. It implies that integrat
ing clinical data with TCR profiling can improve the model’s 
diagnostic accuracy. For further research, we like to expand 
our focus beyond COVID-19, integrating BCR, TCR, and 
HLA type data with an extended epitope database for a more 
general interpretation of phenotype and epitope specificity.

All benchmarks were run on a machine equipped with 256 
CPU cores under NUMA architecture, 512 GB of RAM, and 
an NVIDIA RTX A6000 GPU with 49 140 MiB of VRAM. 

On average, the pretraining phase took �7 h, the epitope pre
diction phase around 3 h, and the final sample prediction 
phase about 10 min.
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