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Abstract

Adaptive immune system uses T cell receptors (TCRs) to recognize pathogens and to con-

sequently initiate immune responses. TCRs can be sequenced from individuals and meth-

ods analyzing the specificity of the TCRs can help us better understand individuals’ immune

status in different disorders. For this task, we have developed TCRGP, a novel Gaussian

process method that predicts if TCRs recognize specified epitopes. TCRGP can utilize the

amino acid sequences of the complementarity determining regions (CDRs) from TCRα and

TCRβ chains and learn which CDRs are important in recognizing different epitopes. Our

comprehensive evaluation with epitope-specific TCR sequencing data shows that TCRGP

achieves on average higher prediction accuracy in terms of AUROC score than existing

state-of-the-art methods in epitope-specificity predictions. We also propose a novel analysis

approach for combined single-cell RNA and TCRαβ (scRNA+TCRαβ) sequencing data by

quantifying epitope-specific TCRs with TCRGP and identify HBV-epitope specific T cells

and their transcriptomic states in hepatocellular carcinoma patients.

Author summary

Humans have dedicated cells called T cells that recognize potentially harmful invaders

using T cell receptors (TCRs) and protect us from infections. Each person has billions of

T cells and millions of different kinds of TCRs that enable us to recognize a large variety

of invaders. When for example a virus enters the body, T cells with TCRs recognizing that

virus multiply and fight it. After such attacks, T cells that recognized the virus, remain in

the body, forming an immunological memory. T cells thus characterize a person’s infec-

tion history, but in order to reveal it, we need to determine which epitopes, molecular sig-

natures of the invaders, different TCRs can recognize. We can characterize which TCRs

recognize certain epitopes experimentally, but this is a time and sample consuming task

and is not often possible with scarce patient samples such as biopsies. However, previously

produced experimental data has enabled us to develop a computational method, TCRGP,

that can predict which epitopes a TCR recognizes with a higher accuracy than previous
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methods. As a computational method, TCRGP spares resources from time and sample

consuming experimental validations and offers an interesting way to analyze publicly

available TCR data.

This is a PLOS Computational BiologyMethods paper.

Introduction

The adaptive immune system implements various complex mechanisms for surveillance

against both pathogens and pathological cells arising in our body. To initiate an adequate

adaptive immune response, a peptide, called epitope, must first be bound by the major histo-

compatibility complex (MHC) class I or II molecule expressed on the surface of a nucleated

cell or a professional antigen-presenting cell, respectively. The peptide-MHC (pMHC) com-

plex is then presented to T cells which can recognize the complex via T cell receptor (TCR)

proteins, consequently leading to T cell activation and proliferation by clonal expansion [1].

During clonal expansion, a fraction of T cells gain a long-living memory phenotype and there-

fore a clonal population of T cells with identical TCR rearrangements remain for years against

the recognized antigen [2], thus forming a potentially decodable immunological signature.

Learning these signatures could have implications in broad range of clinical applications

including infectious diseases, autoimmunity and tumor immunology.

T cells undergo non-homologous recombination during T cell development, which

involves rearrangement of the germline TCR loci from a large collection of variable (V), diver-

sity (D) and joining (J) gene segments as well as template-independent insertions and deletions

at the V-D and D-J junctions [3, 4]. TCRs are formed by a pair of α- and β-chains (90-95% of

T cells) or γ and δ-chains (5-10%) and V(D)J recombination happens in each locus indepen-

dently. It is estimated that this rearrangement can result in the range of 1018 different TCR

genes [5, 6] which provides enormous diversity for epitope-specific T cell repertoires.

The complementarity determining regions (CDRs) of a TCR determine whether the TCR

recognizes and binds to an antigen or not [7]. Of these regions, CDR3 is the most variable and

primarily interacts with the peptide, while CDR1 and CDR2 primarily interact with the peptide

binding groove of the MHC protein presenting the peptide but they can also be directly in con-

tact with the peptide [8, 9]. Dash et al. [10] noted that also a loop between CDR2 and CDR3

(IMGT positions 81-86 [11]), which they called CDR2.5, has sometimes been observed to

make contact with pMHC in solved structures.

It is well known that the CDR3β of a TCR is important in recognizing peptides presented to

the T cell, but it still remains unclear which specific physicochemical or structural features of

the CDR3β or of other parts of the TCR determine the antigen recognition specificity of the T

cell. High-throughput sequencing of V- and J-segment enriched DNA has enabled large-scale

characterization of TCR sequences, initially only for the CDR3β with bulk methods [6, 12] but

recently for the whole paired TCRαβ at single-cell resolution using plate or droplet-based

methods [13, 14]. Nevertheless, profiling of epitope-specific TCRs remains exhaustive as they

require sample-consuming experiments with distinct pMHC-multimers for each epitope of

interest. Therefore, there is a great need for models that examine which epitopes a TCR can

recognize or to which TCRs an epitope can bind to [15]. Curated databases of experimentally

verified TCR-peptide interactions have recently been launched, such as VDJdb, IEDB, and

McPAS [16–18]. Such data sources enable more comprehensive, data-driven analysis of TCR-
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specific TCR sequences are available in the

immunoSEQ Analyzer database (https://clients.

adaptivebiotech.com) at https://clients.

adaptivebiotech.com/pub/cheng-2018-sciimmunol

and https://clients.adaptivebiotech.com/pub/covid-

2020, respectively. Finally, the single-cell data for T

cells from liver cancer patients is available at Gene

Expression Omnibus (https://www.ncbi.nlm.nih.

gov/geo) under accession number GSE98638.
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peptide interactions, and allow the use of statistical machine learning techniques for the afore-

mentioned tasks. Yet only a few computational methods for predicting recognition between

TCRs and epitopes [10, 19–22] and for clustering similar TCRs [9, 23, 24] have been published.

In addition to supervised and unsupervised methods for predicting TCR-epitope interactions,

computational methods and web services such as [25] have also been proposed to predict the

structure of TCRs based on their amino acid sequences.

We propose a method called TCRGP which builds on non-parametric modelling using

Gaussian process (GP) classification. The probabilistic formulation of GPs allows robust

model inference already from small data sets, which is a great benefit as currently there exists

very limited amounts of reported TCR-epitope interactions in curated databases. As the space

of all TCRs that can recognize a certain epitope is potentially very large, it is important to

avoid overfitting to the limited sample of TCRs that is available. Indeed, TCRGP clearly out-

performs the current state-of-the art methods for predicting the epitope specificity of TCRs. At

the same time TCRGP can scale to exploit extremely large data sets of epitope-specific TCRs,

which we expect to become more common in the future. We also analyze the effects of utilizing

different sections of the TCR amino acid sequence and learn which of them are most impor-

tant and examine how the number of TCRs used for training affects the predictions. Finally,

we demonstrate the potential of TCRGP by analyzing single-cell RNA+TCRαβ-sequencing

data from hepatocellular carcinoma patients.

Results

Gaussian process classifier

Gaussian processes (GP) are a flexible class of models that have become popular in machine

learning and statistics with various applications in molecular biology, bioinformatics and

other fields [26–30]. We have developed TCRGP, a GP based probabilistic classifier which can

be trained to predict TCRs’ specificity to any epitope given sufficient training data for the spec-

ified epitope. GPs implement a Bayesian nonparametric kernel method for learning from data.

They differ from standard parametric models in that instead of learning the parameters of a

predefined function, they define priors for the entire class of nonlinear functions and learn a

suitable function for the prediction task. Properties of GPs are defined by the kernel function,

which is a function of objects that we want to classify. TCRGP uses Gaussian process classifica-

tion with variational inference [31, 32]

To train a GP classifier for predicting if TCRs recognize a certain epitope, a set of training

data consisting of TCRs that are known to recognize and to not recognize that epitope are

required. TCRGP can utilize CDR3 amino acid sequences from both TCR α- and β-chains as

well as CDR1, CDR2, and CDR2.5 sequences which can be determined from Vα- and Vβ-

genes. The different CDRs are then aligned within each CDR type using the IMGT definitions

and a numerical presentation of them is formed using principal components of a modified

BLOSUM62 substitution matrix (see Fig 1A).

Using the numerical presentations, a separate covariance matrix is created for each CDR

type. The covariance matrices measure similarity between all pairs of TCRs (separately for

each CDR type). The GP then learns optimal parameters for the kernel functions that define

the covariance matrices for each CDR type and learns simultaneously an optimal combination

of these kernel functions. As the model can determine itself the weights for each CDR type, it

can learn which CDRs are important for the classification task. Due to the probabilistic nature

of GPs, we can use marginal likelihood maximisation for the optimisation and do not require

additional data for validating the learned parameters. This is a great benefit, when there exists

limited amounts of epitope-specific TCRs, which is currently the case with many epitopes.
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Moreover, by using sparse variational inference, the GPs can also scale to extremely large data

sets when more data is available (see Fig 1B).

Once the TCRGP classifier has been trained, it can be used to provide predictions to new,

previously unseen, TCRs. The certainty of the predictions is encoded in the predicted values: If

the prediction for a TCR is close to one, it is very likely to recognize the epitope in question, if

it is close to zero, the TCR very likely does not recognize the epitope. However, if the predic-

tion is around 0.5, the model cannot give a prediction with much certainty to that TCR (see

Fig 1C). A more detailed description of TCRGP can be found from the Materials and Methods

section.

We use two data sets to demonstrate TCRGP’s accuracy in predicting TCR epitope specific-

ity: a recently published data set of tetramer sorted TCR sequences for 10 epitopes, introduced

by Dash et al. [10] (Dash data), and a new dataset of medium and high quality epitope-specific

TCR sequences extracted from VDJdb database [16] (VDJdb data). The Dash data provides a

large set of epitope-specific paired TCRαβ-data and the VDJdb data provides a comprehensive

selection of available epitope-specific TCRβ-data currently available. We also considered using

using TCRs from IEDB [17] and McPAS [18], but they had significant overlap with VDJdb

Fig 1. TCRGP pipeline for training a classifier to predict if new unseen TCRs recognize a certain epitope. (A) Sequence preparation. For the

training, TCRs specific to the epitope of interest and control sequences not recognizing the epitope are required. TCRGP can utilize CDR3, CDR1,

CDR2, and CDR2.5 sequences from both TCR α- and β-chains. A separate alignment is created for each CDR type and the aligned sequences are given

numerical presentations. We use principal components of a modified BLOSUM62 substitution matrix to encode each amino acid. We utilize all 21

components, but in this illustration we only show the first components. (B) Using the numerical presentation, we create separate covariance matrices

for each CDR type. During the training of the Gaussian process classifier, an optimal combination of the base kernels and their parameters are learned.

(C) When the classifier has been trained, we can make probabilistic predictions for new TCRs.

https://doi.org/10.1371/journal.pcbi.1008814.g001
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and their collections of TCRβs were not as extensive. Both of the selected data sets are com-

bined with a set of background TCRs, also presented by Dash et al. [10] that are not expected

to recognize the epitopes in the two data sets. Our work is accompanied by an efficient soft-

ware implementation that contains trained models for predicting TCRs’ specificity to epitopes

involved in data sets used in this study as well as tools for building new epitope specificity

models from new datasets. The implementation and used data sets are available at github.com/

emmijokinen/TCRGP.

Significance of utilizing different CDRs

To evaluate the benefit of using different CDRs, we used the Dash data which includes 4635

pMHC-tetramer sorted single-cell sequenced TCRαβ clonotypes from 10 epitope-specific rep-

ertoires. We trained our TCRGP model using either only CDR3 or also with CDR1, CDR2,

and CDR2.5 from TCRα, TCRβ, or both. We applied leave-one-subject-out cross-validation as

described in Materials and Methods Section. Fig 2A presents the cross-validation results for a

single BMLF1280-288-epitope from EBV and demonstrates how the classification results vary

between different subjects likely due to the variety of the TCRs.

AUROC scores of the predictions for different combinations of CDRs and α/β chains are

summarized in Fig 2B. For comparison, we also trained TCRdist [10] in the same manner. Fig

2B shows that both methods, TCRGP and TCRdist, perform on average better when using

TCRβ than when using TCRα, although using both α- and β-chains generally provides the best

results. There are few exceptions, as shown in Fig 2B–2D and S1 Fig and Table 1. For example,

with epitope pp65 both methods perform better when using CDR3α instead of CDR3β. Overall

TCRGP is better than TCRdist in utilizing information from CDRs other than CDR3. TCRGP

achieves higher AUROC scores on average when trained using all CDRs instead of only

CDR3, whereas with TCRdist the AUROC scores seem to be similar or better when only

CDR3 is utilized. Notably TCRGP outperforms TCRdist in prediction accuracy for 57 of the

60 comparisons (Table 1 and S1 Fig). To quantify the significance of accuracy differences

between different methods, we applied Wilcoxon signed-rank test to paired AUROC scores

across epitopes. We used the test to study three questions: do AUROC scores differ between

TCRGP and previous methods, is it better to use all CDRs or only CDR3s, and which chains

should be used to produce best results. The Benjamini-Hochberg corrected P-values for these

tests can be found from S2 File. These results support the above observations: TCRGP outper-

forms TCRdist, with TCRGP it is beneficial to use all CDRs, and the use of β chain generally

gives better AUROC scores than α chain, although it is best to use both chains. It is notewor-

thy, that although Dash et al. [10] use leave-one-subject-out control, the results shown here

differ somewhat from their results. The differences are likely caused by differences in the back-

ground TCRs as we have selected them randomly from the larger set of background TCRs pro-

vided by Dash et al.
Fig 2B–2D, Table 1, and S1 Fig also show that the AUROC scores can have notable differ-

ences between different epitopes even when the same combinations of CDRs and α/β chains

have been utilized. Some of these differences may be explained by the differences in the num-

ber of available training samples, for example for CMV-epitope pp65495-503 there were only 76

TCRs from 6 subjects in the Dash data, which may have contributed to a lower prediction

accuracy. To address this, we evaluated the models also using leave-one-out cross-validation

with only unique, private TCRs to see how the models perform when predictions are done

only on new TCRs. With both TCRGP and TCRdist, the average AUROC scores improve

slightly (S3 Fig), demonstrating that the models can predict if completely new TCR sequences

are specific to these epitopes and that the larger number of TCRs used for training (due to the
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larger folds in leave-one-out cross validation) improve the model performances. A summary

of all prediction results is shown in S1 File.

To better understand the significance of the different CDRs for TCR-pMHC recognition, we

also examined more closely how TCRGP weighted the kernels created for the different CDRs,

when all CDRs from both chains were utilized. Fig 2C illustrates which CDRs were found

important for the different epitopes. As one might expect, with most of the epitopes most

weight was given to the CDR3β, but with all epitopes some weight was also given to other

CDRs, suggesting that the classifier benefits from utilizing several CDRs. This is in agreement

with an alignment of 52 TCR sequences from TCR-pMHC PDB structure complexes, which

demonstrates that all CDRs can be within 5Å of a peptide [9]. For example with CMV-

epitope pp65495-503, experimental characterization of the structure (PDBid 3GSN) showed

Fig 2. Epitope-specificity prediction with the Dash data. (A) The left panel shows the cross-validated ROC curves for each subject in the Dash data

for BMLF1280-288, when TCRGP has been trained using all CDRs from TCRα and TCRβ. The mean AUROC score is 0.905. The right panel shows the

cross-validated ROC curve for all subjects and also the corresponding threshold values. From this figure we can determine which threshold values

correspond to different true positive rates (TPRS) and false positive rates (FPRS). (B) Violin plots present the distributions of AUROC scores for the

different epitopes obtained with models utilizing varying CDRs. The blue parts of the violin plots illustrate the AUROC scores of predictions made by

TCRGP for all the epitopes. The orange sides illustrate the AUROC scores obtained with TCRdist. Each point within a violin plot presents the mean

AUROC score obtained for one epitope. The used chains (α and/or β) and CDRs (three or all) are indicated below each panel. (C) Comparison of

AUROC scores obtained with TCRGP and TCRdist using only CDR3 from TCRαβ, TCRβ, or TCRα for each epitope separately. The epitopes have been

arranged in increasing order of AUROC scores obtained by TCRGP using CDR3 from α- and β-chains (blue line). (D) Comparison of AUROC scores

obtained with TCRGP and TCRdist using all CDRs from TCRαβ, TCRβ, or TCRα for each epitope separately. The epitopes have been arranged in

increasing order of AUROC scores obtained by TCRGP using all CDRs from α- and β-chains (blue line). (E) Fractions of total weight given to kernels

corresponding to different CDRs, when TCRGP has been trained to predict which TCRs are specific to the epitopes in the Dash data using all CDRs

from both TCR chains.

https://doi.org/10.1371/journal.pcbi.1008814.g002
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CDR3β, CDR1β, CDR3α and CDR1α to be within 5Å of the peptide, and also CDR2β within

5.8Å of the peptide. Another TCR-pMHC-complex structure (PDBid 5D2L) for the same

pp65495-503-epitope suggests that CDR2β was also within 5 Å of the peptide. Indeed, the opti-

mized weights for the pp65495-503-epitope (Fig 2C) show some correspondence to the observed

contacts. Although with many epitopes CDR3β was considered as the most important CDR,

this was not the case with all epitopes. For example with mCMV-epitope m139419-426 CDR3α is

more important for the prediction, while with EBV-epitope BMLF1280-288 most of the weight

was given to CDR2α and CDR2β. Still, also with BMLF1280-288 epitope the CDR3β alone pro-

vided discriminative information, as demonstrated by the high AUROC score (0.818) when

TCRGP was trained only with CDR3β-sequences (see Table 1 or S1 Fig).

Comparisons to other methods

Currently only a few methods for predicting the epitope-specificity of TCRs have been pub-

lished, including TCRdist [10] and a random forest (RF) classifier by De Neuter et al. [19].

TCRdist uses a BLOSUM62 based distance measure between amino acids and defines the dis-

tance between two (aligned) TCRs as a weighted sum over the amino acid distances. Using this

distance measure, they determine if a TCR is closer to an epitope-specific cluster of TCRs or to

a cluster of background TCRs. De Neuter et al. use feature vectors formed by biophysical and

other features extracted from TCR amino acid sequences to train a RF classifier. Gielis et al.
[33] have later published a web server TCRex that is based on the RF classifier. However, we

have utilized the implementation from the original article to be able to train models with the

same training sets as with the other models in the comparisons. More recently also methods

relying on neural networks have been proposed, such as DeepTCR, NetTCR, and Ergo [20–22].

DeepTCR relies on convolutional networks and uses one-hot encoding to present CDR3 and

V/D/J-genes from α- and β-chains, or a subset of these, to learn embeddings for the sequences.

NetTCR, which is intended for HLA-A�02:01 restricted epitopes, also uses convolutional

neural networks, but utilizes BLOSUM50 encoding for presenting the CDR3β and the epitope

sequence. Ergo uses LSTM (long-short term memory) network to encode the peptide sequence

and either LSTM or an autoencoder to encode the CDR3 and utilize feed forward networks for

predictions. Here we provide comparisons between TCRGP, TCRdist, RF, and DeepTCR.

Table 1. Mean AUROC scores for the Dash data using leave-one-subject-out cross-validation. TCRGP models and TCRdist models were trained using either only

CDR3s or all CDRs from TCRαβ, TCRβ, or TCRα.

Method TCRGP TCRdist

chains αβ β α αβ β α

cdrs 3 all 3 all 3 all 3 all 3 all 3 all

mean 0.871 0.913 0.830 0.883 0.823 0.856 0.834 0.828 0.807 0.797 0.781 0.732

EBV BMLF1280-288 0.876 0.906 0.818 0.877 0.862 0.877 0.875 0.830 0.816 0.774 0.821 0.778

CMV pp65495-503 0.702 0.821 0.587 0.871 0.759 0.787 0.645 0.691 0.636 0.670 0.672 0.822

IAV M158-66 0.781 0.833 0.782 0.834 0.769 0.768 0.769 0.768 0.774 0.729 0.716 0.686

IAV PB1-F262-70 0.847 0.937 0.822 0.803 0.753 0.801 0.820 0.862 0.802 0.753 0.729 0.636

IAV NP366-374 0.906 0.928 0.897 0.907 0.821 0.847 0.874 0.818 0.841 0.788 0.781 0.709

IAV PA224-233 0.952 0.975 0.939 0.961 0.882 0.930 0.914 0.914 0.887 0.862 0.869 0.777

IAV PB1703-711 0.929 0.953 0.913 0.919 0.862 0.929 0.913 0.819 0.901 0.844 0.849 0.711

mCMV m139419-426 0.877 0.888 0.721 0.806 0.844 0.821 0.773 0.785 0.656 0.779 0.769 0.683

mCMV M38316-323 0.926 0.922 0.917 0.924 0.868 0.902 0.921 0.918 0.920 0.914 0.844 0.789

mCMV M45985-993 0.920 0.962 0.891 0.923 0.851 0.916 0.876 0.879 0.846 0.838 0.796 0.772

https://doi.org/10.1371/journal.pcbi.1008814.t001

PLOS COMPUTATIONAL BIOLOGY Predicting recognition between T cell receptors and epitopes with TCRGP

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1008814 March 25, 2021 7 / 27

https://doi.org/10.1371/journal.pcbi.1008814.t001
https://doi.org/10.1371/journal.pcbi.1008814


To compare TCRGP to these other methods, we experimented with the VDJdb data and we

again used leave-one-subject-out cross-validation as described in Materials and Methods Sec-

tion. We trained TCRGP and TCRdist using only CDR3β and then also with the other CDRβs.

Fig 3A shows the ROC curves when TCRGP was trained with all CDRβs to predict which

TCRs are specific to the HCV-epitope NS31436-1444.

RF and DeepTCR also utilize the CDR3β sequence, but use Vβ-gene instead of the other

CDRβs. RF could also utilize the J-gene and DeepTCR J- and D-genes, but unfortunately, the

background TCR data set from Dash et al. [10] did not contain information of these genes.

Fig 3. Epitope specificity prediction with the VDJdb data. (A) The left panel shows the cross-validated ROC curves for each subject in the VDJdb

data for HCV NS31436-1444-epitope, when TCRGP has been trained using TCRα and TCRβ with all CDRs. The mean AUROC score is 0.944. The right

panel shows the cross-validated ROC curve for all subjects and also the threshold values for classification are shown. From this figure we can determine

which threshold values correspond to different true positive rates (TPRS) and false positive rates (FPRS). (B) One violin plot presents the distribution

estimate of mean AUROC scores obtained with one method for all epitopes in our VDJdb data. Below each violin plot there is the name of the method

used and in the brackets which CDRβs have been used (3 for CDR3, all for CDR1, CDR2, CDR2.5, and CDR3). Each point within a violin plot presents

the mean AUROC score obtained for one epitope. RF refers to the Random Forest TCR-classifier of De Neuter et al. [19]. RF using only CDR3β has not

been included in this figure as it could not provide predictions for all of the 22 epitopes. (C) Comparison of AUROC scores obtained with the different

methods for each epitope separately. The epitopes have been arranged in increasing order of AUROC scores obtained by TCRGP using all CDRβs

(orange line) (D) For each epitope from the VDJdb dataset, TCRGP models were trained using different numbers of unique epitope-specific TCRβs,

always complemented with the same number of control TCRβs. For each point of the learning curve the model was trained with 100 random samples of

the TCRβs, using either CDR1, CDR2, CDR2.5, and CDR3 (blue curves), or only CDR3 (orange curves). The darker lines show the mean of the

predictions and the shaded areas ± the standard deviation for the 100 folds. The points indicate the tested sample sizes. Here learning curves for four

peptides are shown. (E) Leave-one-out cross-validated AUROC scores correlate with the diversity and number of samples (Pearson correlation -0.66).

The sizes of the circles indicate the number of unique TCRs used for training.

https://doi.org/10.1371/journal.pcbi.1008814.g003
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However, according to De Neuter et al., not much weight was given to the J-gene at least in

their experiments. Moreover, when RF and DeepTCR utilize CDR3β and Vβ-gene and

TCRGP and TCRdist use all CDRs, all four methods get the same sequence information,

although in a slightly different form, as the other CDRβs are derived from the Vβ-gene.

Fig 3B shows the distribution estimates of mean AUROC scores for each model trained for

the 22 different epitopes. With the VDJdb data, we can see that TCRGP and TCRdist both per-

form better, when all CDRβs have been utilized. Remarkably, TCRGP achieves higher mean

AUROC scores than the other methods when using all CDRs, but also when only the CDR3β
is utilized. AUROC scores for the different epitopes are presented in Table 2 and S4 Fig and

Fig 3C illustrate how the AUROC scores vary between different methods separately for each

epitope. The epitopes have been arranged in increasing order of AUROC scores obtained by

TCRGP using all CDRβs. We can see that with most epitopes there are large differences in the

accuracies of the different methods.

In the VDJdb data, there were also TCRs that appeared in samples collected from multiple

subjects (see Table 3). We therefore trained the models also using leave-one-out cross-valida-

tion with only unique TCRs. In this case we considered a TCR to be unique if it had a unique

combination of CDR3β amino acid sequence and Vβ-gene, as we only utilized the TCRβ. As

with the Dash data above, our results (S5 and S6 Figs) show that the models can predict if

completely new sequences are specific to these epitopes, thus demonstrating their use for

Table 2. Mean AUROC scores for the VDJdb data using leave-one-subject-out cross-validation. TCRGP models and TCRdist models were trained using TCRβ with

either only CDR3β or all CDRβs. RF models and DeepTCR models were trained using only CDR3β or CDR3β with Vβ-gene, from which the other CDRβs can be derived

from.

Method TCRGP TCRdist RF DeepTCR

CDRs 3 all 3 all 3 3, V-gene 3 3, V-gene

mean 0.806 0.863 0.743 0.783 NaN 0.796 0.776 0.777

CMV pp65123-131 0.852 0.792 0.804 0.761 0.820 0.790 0.834 0.775

CMV pp65417-426 0.912 0.968 0.829 0.874 0.930 0.930 0.890 0.860

CMV pp65495-503 0.892 0.904 0.793 0.786 0.900 0.890 0.860 0.874

EBV BMLF1280-288 0.926 0.947 0.863 0.872 0.930 0.910 0.897 0.907

EBV BZLF1190-197 0.887 0.899 0.764 0.857 0.840 0.870 0.807 0.782

EBV BRLF1109-117 0.682 0.756 0.729 0.762 0.770 0.780 0.670 0.564

IAV M158-66 0.881 0.933 0.832 0.852 0.910 0.890 0.868 0.893

IAV HA306-318 0.706 0.748 0.753 0.790 NaN 0.550 0.685 0.602

HCV NS31073-1081 0.695 0.783 0.492 0.600 0.660 0.730 0.625 0.626

HCV NS31406-1415 0.678 0.766 0.698 0.676 0.560 0.560 0.631 0.704

HCV NS31436-1445 0.819 0.945 0.746 0.799 0.850 0.850 0.824 0.849

HSV-2 VP2249-57 0.801 0.814 0.721 0.713 0.850 0.860 0.858 0.823

YFV NS4B214-222 0.825 0.823 0.692 0.695 0.890 0.870 0.649 0.664

DENV1 NS3133-142 0.864 0.914 0.878 0.920 0.900 0.920 0.906 0.876

DENV3-4 NS3133-142 0.734 0.859 0.842 0.893 0.530 0.710 0.850 0.843

HIV-1 p2430-40 0.894 0.886 0.836 0.808 0.880 0.880 0.818 0.858

HIV-1 p2448-56 0.817 0.946 0.716 0.800 0.720 0.810 0.624 0.794

HIV-1 p24128-135 0.770 0.740 0.541 0.594 0.720 0.720 0.719 0.771

HIV-1 p24131-140 0.838 0.859 0.701 0.724 0.760 0.790 0.740 0.656

HIV-1 p24161-180 0.750 0.992 0.769 0.975 0.780 0.890 0.846 0.844

HIV-1 p24223-231 0.702 0.894 0.686 0.819 NaN 0.520 0.651 0.703

HIV-1 Nef90-97 0.798 0.818 0.667 0.657 0.780 0.800 0.809 0.830

https://doi.org/10.1371/journal.pcbi.1008814.t002
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epitope specificity prediction for previously unseen TCRs. A summary of all prediction results

is shown in S1 File.

To affirm the above observations, we again applied Wilcoxon signed-rank test. We used the

test to study two questions: do AUROC scores differ between TCRGP and previous methods,

and is it better to use all CDRβs rather than only CDR3βs. The Benjamini-Hochberg corrected

P-values for these tests (see S2 File) support the visual observations we made from Fig 3B.

Significance of the number of training samples

To assess how the number of epitope-specific TCRs affects the performance of TCRGP classi-

fier, we trained our model using different numbers of epitope-specific TCRs from the VDJdb

data. We selected all unique TCRs for each epitope and took 100 random samples from them

for each training set size and used the remaining TCRs for testing. The epitope-specific TCRs

in the training and test sets were accompanied with equal numbers of randomly chosen con-

trol TCRs. Learning curves for four epitopes are shown in Fig 3D and learning curves for all 22

epitopes in S7 Fig. In general, the predictive performance of the TCRGP classifiers improve

when more training samples are available. Indeed, we observed a negative correlation between

TCRs’ diversity and sample size ratio and prediction accuracy (Fig 3E). We also examined if

the diversities of epitope-specific TCRs within and between subjects differ. We found that

although the diversities of TCRs specific to different epitopes vary, on average diversities

within and between subjects are similar (panel B in S8 Fig). However, there is still variation in

the diversities between pairs of subjects (panel C in S8 Fig).

These learning curves also further demonstrate the benefit of using multiple CDR

sequences: With most of the epitopes using all CDRs produces better or comparable AUROC

scores with all sample sizes, although there are a few epitopes with which the AUROC scores

are higher when utilizing only the CDR3β if the sample sizes are very small (�40). These

results also suggest that with many epitopes it may be more beneficial to sequence a moderate

amount of TCRs in such precision that in addition to the CDR3 also the V-gene and allele

(and thus the CDR1, CDR2, and CDR2.5) can be determined, than to sequence large amounts

of only CDR3s. These findings are in line with the weights learned by TCRGP for each CDR3

for the individual epitopes, as we can see in the case of CMV-epitope pp65495-503, EBV-epitope

BMLF1280-288 and IAV-epitope M158-66 (see Fig 2). With pp65495-503 most weight was given

to CDR3β and thus information from other CDRs was not considered as beneficial; with

BMLF1280-288 almost no weight was given to CDR3β and in the learning curves there is a clear

improvement when all CDRβs are used; with M158-66 some weight was given to CDR3β, but

most weight fell to CDR2β and correspondingly there is a small improvement in the learning

curves, when all CDRβs are utilized. Overall, the learning curves show that TCRGP can learn

an accurate predictor even from a small data set, thus making it applicable to the currently

existing TCR-peptide interaction data sets. On the other hand, our results also show that

TCRGP’s prediction accuracy increases along with increasing number of training examples,

enabling analysis of larger TCR-peptide interaction data sets in the future.

Discriminating between epitope-specific TCRs

To further validate the performance of TCRGP, we also tested it in a setting were we use only

TCRs from the VDJdb data so that TCRs specific to one epitope are considered as positive and

TCRs specific to the other epitopes are considered as negative. We only utilized unique TCRs

for each epitope and used stratified 200-fold cross validation. We observed some cross-reactiv-

ity between TCRs specific to some of the epitopes, for example DENV1 epitope NS3133-142 and

DENV3-4 epitope NS3133-142 have many TCRs that are specific to both epitopes. When each of
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the models were trained, we therefore excluded TCRs from the control data that were known

to recognize the epitope in question. Fig 4A shows that TCRGP performs well also with this

kind of data, as the mean AUROC scores are very similar to those achieved when using leave-

one-out cross-validation and the control data from Dash et al. [10] (see S5 and S9 Figs).

The VDJdb data we have used contains epitopes restricted by MHCs with different HLA

types. Structural data from TCR-pMHC complexes indicate that CDR1 and CDR2 are likely to

interact more with the MHC than with the epitope. To see if using other CDRβs than CDR3β
is beneficial also when all epitope-specific and control TCRs can recognize epitopes restricted

by MHCs of the same HLA-type, we performed the above test with only TCRs specific to

HLA-A�02 restricted epitopes (see Table 3 and S3 File for information about the HLA types).

With this criteria we obtained 885 TCRs specific to seven epitopes (pp65495-503, BMLF1280-288,

BRLF1109-117, M158-66, NS31073-1081, NS31406-1415, NS4B214-222). Fig 4B and S9 Fig show that

using all CDRβs instead of only CDR3β is beneficial also in this case and that the predictive

performance remains good. In fact, the mean AUROC scores in this case (0.794 and 0.821

when only CDR3β and all CDRβs were used) are higher than the mean AUROC scores

obtained for the same seven HLA-A�02 restricted epitopes, when TCRs for all 22 epitopes

were utilized (0.746 and 0.786, respectively), see S9 Fig. This analysis supports our finding that

CDRs other than CDR3 contain information that is useful for predicting TCR-epitope recog-

nition. A summary of all prediction results is shown in S1 File.

Evaluation on TCR data from independent studies

The above experiments have demonstrated TCRGP’s accuracy when the classifier has been

tested with TCR sequences from new subjects. Next we tested TCRGP’s robustness to general-

ize between independent studies. Specifically, we tested how TCRGP performs when trained

on the epitope-specific TCR sequences from one study and tested on sequences from another

independent study. We performed this experiment for the nine epitopes from the VDJdb data

that have a study with at least 50 TCRs for training the model and another independent study

with at least 10 TCRs for testing. When there were multiple studies that fulfilled this criteria,

we chose the two studies with most unique TCRs for training and testing, respectively. When

only CDR3β was utilized, we obtained a mean AUROC score of 0.813, and with all CDRβs the

Fig 4. Mean AUROC scores obtained from TCRGP models with different kinds of data. Blue violin plots show

results of models trained with only CDR3β and orange violin plots of models trained with all CDRβs. (A) Mean

AUROC scores from TCRGP models for the 22 epitopes in VDJdb data, when TCRs specific to one epitope are

considered as positive and TCRs specific to the other 21 epitopes are considered as control data. 200-fold stratified

cross validation was used for the evaluation. (B) Same as (A), but only the 885 unique TCRs specific to the seven

HLA-A�02 restricted epitopes are used.

https://doi.org/10.1371/journal.pcbi.1008814.g004
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AUROC score was 0.865, see S1 File for AUROC scores for all these epitopes and information

of the number of TCRs for each study.

We also performed a leave-one-study-out cross-validation for all 10 epitopes that have

always at least 50 TCRs for training and 10 TCRs for testing when divided to folds based on

the study they were obtained from. For this experiment we only used studies with at least five

TCRs. We achieved AUROC scores of 0.838 and 0.861 when utilizing CDR3β and all CDRβs,

respectively (see S1 File).

Additionally, we trained a classifier for COVID-19 epitope S-protein269-277 (YLQPRTFLL)

with the 352 epitope-specific TCRβs from the recent study of Shomuradova et al. [34] and

tested the classifier with the 415 in-frame S-protein269-277-specific TCRs from the ImmuneR-

ACE study launched by Adaptive Biotechnologies and Microsoft (https://immunerace.

adaptivebiotech.com, June 10, 2020 dataset). The immuneRACE data did not have sufficient

information of the Vβ-gene for us to utilize all CDRβs, so the classifier was trained and tested

only with CDR3β. Nonetheless, we achieved an AUROC score of 0.895 on the independent

test data.

These experiments show that TCRGP is robust to overfitting and has high accuracy also

when testing with TCRs from independent studies.

Leveraging TCRGP in single-cell RNA+TCRαβ-sequencing data analysis

We next demonstrate how TCRGP can be utilized to implement a novel analysis of combined

single-cell RNA and TCRαβ (scRNA+TCRαβ) sequencing data. Hepatocellular carcinoma

(HCC) is one of the leading causes for cancer-related deaths worldwide [35]. Globally the

predominant cause of HCC is considered to be Hepatitis B virus (HBV) as half of the HCC

patients are estimated to be chronic HBV carriers [36]. During the course of natural infection,

HBV integrates itself into the genome of the hepatocytes and thus a proportion of the HCC

cells expresses HBV antigens [37]. Therefore, the malignant cells could be targeted by HBV-

specific T-cell clonotypes and the high-dimensional characterization of these clonotypes could

be crucial in understanding the viral control of HBV-infection and its association to HCC. To

address this previously unanswered question we used TCRGP to analyze a dataset of single-cell

RNA and TCRαβ of T cells from HBsAg-positive HCC-patients from blood, non-malignant

liver tissue and tumour tissue published by Zheng et al. [38] (the Zheng data, see Materials and

methods for details).

We utilized HBV-reactive T cell populations mapped by Cheng et al. [39] (the Cheng data)

to train TCRGP classifiers (see Materials and methods for details) to enable prediction for the

unselected TCR repertoire in the Zheng data against the four epitopes (HBVcore169, HBVcore195,

HBVpol282, HBVpol387) (Fig 5A).

Of the 789 CD8+ cells from Zheng data analyzed with TCRGP, 108 cells (13.688%), were

predicted to be reactive against any of the four HBV epitopes with at least a TCRGP-based

probability of 85%, most of which against HBVcore195-epitope (59 cells) (Fig 5A–5C). On the

contrary, 176 cells were predicted to be reactive against common viruses (CMV = 22 (three

epitopes), EBV = 88 (three epitopes) and Influenza A = 66 cells (two epitopes)) (Fig 5B), sug-

gesting that HBV was the most common target for antigen-specific T cells in HCC patients.

After unsupervised clustering of the CD8+ cells’ scRNA-seq data, we received 6 different

phenotypes that were similar to the phenotypes described by Zheng et al. [38], but had the

exhausted cells divided into 3 different clusters instead of one (naïve, effector, memory,

exhausted 1, exhausted 2 and exhausted 3) (Fig 5C). Interestingly, cells in exhausted 3 cluster

showed the highest enrichment of the clonotypes targeting HBVcore195-epitope (Fisher’s exact
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test p = 3e-06, Benjamini-Hochberg corrected for multiple testing p.adj = 0.001), but not to

any other epitope-specific clonotypes (Fig 5D and 5E). Enrichment of HBV targeting clono-

types was not significant with more stringent TCRGP prediction probabilities possibly due to

small number of cells. By calculating exhaustion score for each T cell, we found that exhausted

3 cluster was the most exhausted (Mann-Whitney U test against exhausted 2 p = 0.003, against

exhausted 1 p = 0.002) and the least cytotoxic cluster (p = 0.02 and p = 1e-05). Further, gene-

Fig 5. Analysis of HBV-specific T cells in HCC patients. (A) Schematics for the analysis of single-cell RNA and TCRαβ sequencing data using

TCRGP and multimer-sorted data. (B) Numbers of cells predicted to recognize different epitopes by TCRGP with probability of at least 85%. HBV-

reactivity was assessed by four different TCRGP classifiers trained against four different HBV-epitopes (HBVcore169, HBVcore195, HBVpol282, HBVpol387).

Other predictions were made using the models trained with the VDJdb data. (C) Dimensionality reduced representation (UMAP) of the 1189 CD8+ T

cells from HBV+ HCC-patients from peripheral blood, normal adjacent tissue and tumour tissue. Encircled dots represent the T cells predicted to be

HBV-reactive by TCRGP. (D) The frequencies of T cells predicted to recognize different HBV-epitopes in each cluster. (E) Z-score normalized mean

expressions of known canonical markers to assess CD8+ cell phenotypes (naïve, cytotoxic, costimulatory inhibitory, and effector memory markers) in

the three different exhausted cell clusters. Exhausted 3 was predicted to be enriched for HBV-targeting T cells (p = 3e-06, p.adj = 0.001).

https://doi.org/10.1371/journal.pcbi.1008814.g005
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level analysis showed high expression of TIGIT and HAVCR2 (encoding TIM-3), which have

been associated with late-stage exhaustion after long antigen exposure. Upregulated pathways

for exhaustion cluster 3 were IL2-STAT5 signaling pathway (exh3 vs exh1 q = 0.022 and exh3

vs exh2 q = 0.000) and myogenesis pathway (q = 0.016 and q = 0.001).

In summary, TCRGP was able to identify a T cell cluster that was enriched with HBV-tar-

geting clonotypes, which was the most exhausted and least functional. This could provide a

mechanism for loss of immunological control against HBV after chronic antigen stimulation

which could aid in pathogenesis towards HCC. The implementation for the analysis and the

datasets used are available at https://github.com/janihuuh/tcrgp_manu_hcc.

Discussion

In this paper we have demonstrated that when we have sufficient amount of experimentally

produced epitope-specific TCR-sequencing data available for training a classifier, TCRGP can

predict with a relatively high accuracy if previously unseen TCRs recognize an epitope. How-

ever, the exact number of TCRs required to achieve a certain level of accuracy varies greatly

between the different epitopes. This likely reflects the fact that different epitopes can be more

selective in choosing their TCR interactions. In other words, TCRs that recognize one epitope

can be more diverse than the TCRs that recognize another epitope [10], and if the TCRs are

very heterogeneous, it requires more sampling to get a representative sample of these TCRs for

the model training. In addition, we have shown that also CDRs other than CDR3β can provide

useful information for the classification task, although it depends on the epitope in question

which of the CDRs are most important. Although computational methods cannot replace

experimental measurements in determining exact epitope-specificities of TCRs, they may be

used to complement them for example when analyzing existing unselected TCR repertoire

data or to guide experimental designs for ex vivomeasurements.

In this work we have provided a comprehensive analysis of current epitope-specificity

prediction algorithms on a large set of publicly available epitope-specific TCR sequences.

With the currently available epitope-specific TCR sequence data we have been able to come

this far, but as more data becomes available with modern high-throughput techniques pre-

sented recently [40, 41], new possibilities will rise. With a larger variety of pMHC complexes

and TCRs that recognize them, we hope to be able to better consider the cross-reactivity of

TCRs, similarities between different epitopes, and the significance of the HLA-types of the

MHC proteins presenting the epitopes and perhaps even predict if a TCR can recognize a

previously unseen epitope. As the proposed GP formalism has been shown to scale to very

large data sets with up to billion data points [42], it should be well suited for the arising

challenge.

The previous supervised algorithms developed are presented in the case of epitope-specific

data, but we believe that to answer clinically relevant questions we need to address the unse-

lected repertoire data which is far more numerous in size and more easily produced. Therefore

we presented a novel workflow for analysis of scRNA+TCRαβ data in a clinically relevant

question, showing the power of determining the epitope-specifity in silico to reveal underlying

transcriptomic heterogeneity of the epitope-specific T cells, which has been previously difficult

to perform. As the number of scRNA+TCRαβ and conventional TCRβ sequencing data in

clinical settings is increasing [43–50], we expect that models like ours can be applied to a vari-

ety of research questions where exhaustive ex vivo pMHC-multimer assays are not feasible. In

conclusion, we propose that TCRGP could be useful in the diagnosis and follow-up of infec-

tious diseases, in autoimmune disorders and cancer immunotherapy.
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Materials and methods

Data

T cell receptor sequences. Our experiments focus on TCRs formed by a pair of α- and β-

chains, as those are the most common type of TCRs [51]. The CDR3 sequence is formed by

V(D)J recombination, but CDR1, CDR2, and CDR2.5 sequences are determined completely

by the V-gene and allele [3]. We align the CDR3 sequence by adding a gap at the top of the

loop, following the IMGT numbering [11]. Dash et al. [10] provide a table of all V-gene and

allele combinations and the corresponding CDR1, CDR2, and CDR2.5 amino acid sequences

aligned according to IMGT definitions [11]. Our method can utilize the aligned amino acid

sequences of all these CDRs from either one or both of the α- and β-chains of the TCR. Fig 1

shows a few examples of TCR sequences and their alignment.

Datasets. In our experiments, we use a data set collected by Dash et al. [10] (from hereon

referred to as Dash data), which contains epitope-specific paired TCRα and TCRβ chains for

three epitopes from humans and for seven epitopes from mice, see Table 3 for details.

We also gather a new data set (VDJdb data) from VDJdb (http://https://vdjdb.cdr3.net,

downloaded 9th October 2018) [16], which is a database that contains TCR sequences with

known antigen specificity. Every entry in VDJdb has been given a confidence score between 0

and 3 (0: critical information missing, 1: medium confidence, 2: high confidence, 3: very high

confidence). We constructed our data set so that we selected all epitopes that have at least 50

TCRβ sequences with a confidence score at least 1 and found 22 such epitopes. Twenty of

these epitopes are MCH class I restricted and two are MHC class II restricted and have varying

HLA-types, see Table 3 for details. VDJdb also contains TCRα sequences, but since these are

not in general paired with the corresponding TCRβ sequences, we chose to only experiment

with the TCRβ sequences. The VDJdb data and the Dash data have some overlap for TCRs

specific to three epitopes: In the VDJdb data 34 (27 unique) of the 413 (242 unique) TCRs

for pp65495-503, 30 (27) of 299 (152) for BMLF1280-288, and 74 (61) of 239 (138) for M158-66 can

also be found from the Dash data.

For the training and testing of the models, we also required some background TCRs that

we do not expect to recognize the epitopes in our data sets. For this purpose, we randomly

sampled the required amount of TCRs from sets of background TCRs constructed by Dash et

al. [10]. They report that the human α- and β-chains have been obtained from Howie et al.
[52], who have collected blood from two healthy adults. The mouse α-chains they have gath-

ered from short read archive (SRA) projects SRP010815 [53], and SRP059581 [54] and mouse

β-chains from SRA projects SRP059581 [54], SRP015131 [55], and SRP004475. To create

paired α- and β-chains they randomly paired the unpaired α- and β-chains from the reper-

toires for the corresponding organism.

Construction of training and test sets. For the evaluation of the methods developed by

us and others, we needed to divide our data sets for training and testing. Both of the data sets

we use determine the subjects from whom the TCRs in the data have been obtained from. We

therefore chose to use leave-one-subject-out (LOSO) cross-validation, where we leave out all

TCRs from one subject, train the model with all the other TCRs, test it with the TCRs left out,

and repeat this for all subjects. The epitope-specific TCRs are always complemented with an

equal number of background TCRs in both training and test sets, except for the experiments

presented in Section Discriminating between epitope-specific TCRs, were we use only the

VDJdb data. We thought this would be the most realistic procedure for the evaluation, as this

is likely how these kinds of models will be applied to new data: A model is trained with some

set of TCRs and then predictions would be made for TCRs sequenced from an individual from

who we have not seen any TCR sequences beforehand. We have chosen to create separate
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models for each epitope, as this approach automatically handles potential cross-reactivity

between different epitopes—we only have to select such TCRs for training the model that we

can assume to recognize that one epitope or to not recognize that epitope. If we then want to

predict TCR’s specificity to one or several epitopes, we can apply one or several models and get

separate predictions for each of the epitopes.

In the Dash data the average number of TCRs per fold varied between 6 (for pp65123-131) and

22 (for M45985-993), and in the VDJdb data between 3 (for p2430-40) and 45 (for NS4B214-222).

The number of subjects, TCRs and unique TCRs for each epitope can be found from Table 3.

The VDJdb data contains TCR sequences from multiple studies, many of which have used

same conventions for naming their subjects. Therefore we used the combination of the PMID

of the publication and the subject id as the subject identifier. For two epitopes, p24223-231 and

NS31406-1415 there were very few separate subjects, only one and four, respectively. With these

epitopes we used 5-fold cross-validation instead of the LOSO cross-validation.

We also evaluated the methods using leave-one-out (LOO) cross-validation with only

unique TCR sequences. With LOO, the model is trained with all but one TCR and then tested

with the left out TCR, and this procedure is repeated for each TCR. This way, we could utilize

the maximal amount of training samples and also evaluate the model performance solely on

new TCRs. We considered a TCR to be unique when it consists of a unique combination of

CDR3 amino acid sequences and V-genes from both α- and β-chains, when both are available,

and from the β-chains, when only TCRβ is utilized.

TCR repertoire diversity. To estimate the diversity of the epitope-specific TCRs for each

epitope, we developed a diversity measure following the example of Dash et al. [10]. The Simp-

son’s diversity index was then generalized to account for the similarity of TCRs by utilizing the

Gaussian kernel function as follows:

diversity ¼

XN� 1
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Here σ2 is the kernel variance and l is the lengthscale of the Gaussian kernel used by TCRGP,

and xi and xj are feature vectors for the TCRs i, j 2 [1, N]. The kernel variance and lengthscale

were set to the average values used for the 22 epitopes in the VDJdb data (σ2 = 5.52, l = 2.50).

TCRGP classifier

Sequence representation. Computational methods require the data to have some presen-

tation, that they can utilize. Character sequences with variable lengths often provide some

challenges as many methods rely on numerical inputs of fixed sizes. One solution is to com-

pare subsequences of same length instead of the complete sequences, which is what for exam-

ple Generic String kernel (GSkernel) does [56]. However, by aligning the sequences more

approaches become applicable. According to the IMGT definitions [11] CDR3s can be aligned

by introducing a gap in the middle of the sequence (i.e. top of the loop). Alignments for

CDR1s, CDR2s, and CDR2.5s can be found from http://www.imgt.org. When the sequences

are aligned, all the sequences within a CDR class (1, 2, 2.5 or 3) have the same length (see

Fig 1A).

We observe sequences a1 a2� � �aL of amino acids aj 2 A ¼ fA;R;N; . . . ; � g at aligned posi-

tions j = 1, . . ., L. The alignment guarantees that all sequences have the same possibly padded

length L. We encode the amino acids a with global feature vectors ϕðaÞ 2 RD that associate a
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D-length real-valued code with each of the 21 amino acids including the gap symbol. The

sequences are then encoded as data vectors x by concatenating the L feature vectors into a D �
L length column vectors x ¼ ðϕða1Þ

T
; . . . ; ϕðaLÞ

T
Þ
T
2 X . We collect a dataset of N sequences

into a matrix X ¼ ðx1; . . . ; xNÞ
T
2 RN�DL with rows as sequences and columns as individual

amino acid features in aligned order. Each sequence is associated with a class label yi 2 {0, 1}

that indicates whether the sequence was epitope-specific or not. We collect the class labels into

an output vector y = (y1, . . ., yN)T 2 {0, 1}N.

We can observe amino acid sequences of the four complementarity determining regions

(CDR) {1, 2, 2.5, 3} for both the α- and β-chains from a single TCR. Sequence data for each

chain and CDR combination has an individual alignment and sequence length. We denote the

data as (Xα,1, Xα,2, Xα,2.5, Xα,3, Xβ,1, Xβ,2, Xβ,2.5, Xβ,3, y).

Substitution matrices such as BLOSUM62 [57] describe the similarity of each amino acid.

We modified the BLOSUM62 to include also the gap used in alignments and scaled the matrix

values between 0 and 1. The similarity of the gap and all amino acids were set to zero and

the value on the diagonal was set to the smallest value on the diagonal. The resulting matrix

B 2 R21�21
is then positive semidefinite. We apply eigendecomposition B = VSVT, where the

column vectors of V encode orthogonal projections of the amino acids on the rows. We use

the row vectors of V, indexed by the amino acids a from the modified BLOSUM62, as our

descriptions ϕ(a) = Va,: with a feature representation ϕ(a)TSϕ(b) = [B]ab for any two amino

acids a; b 2 A. It is possible to use also different substitution models and feature vectors

obtained from different sources, or to even use the so-called one-hot-encoding, but here we

relied only on the eigenvectors of the (gap-extended) BLOSUM62.

Gaussian process classification. We use Gaussian process (GP) classification [58] to pre-

dict if a TCR recognizes a certain epitope or not. Gaussian processes model Gaussian distribu-

tions of non-parametric and non-linear functions. We apply a link function to squash the

function values to a range [0, 1] suitable for classification. GPs have a clear advantage of char-

acterizing the prediction uncertainty with class probabilities instead of point predictions. GPs

naturally model sequences through kernel functions focusing on sequence similarity as the

explaining factor for class predictions.

We use a GP function f to predict the latent epitope-specificity score f ðxÞ 2 R of a sequence

x. A zero-mean GP prior

f ðxÞ � GPð0; kðx; x0ÞÞ;

defines a distribution over functions f(x) whose mean and covariance are

E½f ðxÞ� ¼ 0

cov½f ðxÞ; f ðx0Þ� ¼ kðx; x0Þ;

where k(�, �) is the kernel function. We use the standard squared exponential kernel on the vec-

torized feature representation,

kðx; x0jyÞ ¼ s2 exp �
ðx � x0ÞTðx � x0Þ

2‘
2

 !

; ð2Þ

where ℓ is the length-scale parameter, σ2 is the magnitude parameter and θ = (ℓ, σ2). For any

collection of TCR sequences X = (x1, . . ., xN), the function values follow a multivariate normal

distribution

pðfÞ ¼ N ðfj0;KXXÞ; ð3Þ
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where f ¼ ðf ðx1Þ; . . . ; f ðxNÞÞ
T
2 RN collects all function predictions of the sequences, and

KXX 2 R
N�N

is the sequence similarity matrix with [KXX]ij = k(xi, xj). The key property of

Gaussian processes is that they couple all predictions to be dependent. The Gaussian process

predicts similar epitope values f(x), f(x0) for sequences x, x0 if they are similar according to the

kernel k(x, x0).

The latent function f(x) represents an unbounded real-valued classification score, which we

turn into a classification likelihood by the probit link function F : R7!½0; 1�,

Fðf Þ ¼
1
ffiffiffiffiffiffi
2p
p

Z f

� 1

exp �
1

2
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dt: ð4Þ

The joint model then decomposes into a factorized Bernoulli likelihood and Gaussian

prior,

pðy; fÞ ¼ pðyjfÞpðfÞ ð5Þ

¼
YN

i¼1

BerðyijFðfiÞÞ

" #
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where fi is a shorthand for f(xi). The objective of Gaussian process modelling is to infer the

posterior distribution p(f|y), which is intractable for many non-Gaussian likelihoods. Addi-

tionally inferring the kernel hyper-parameters θ entails computing the marginalized evi-
dence

pðy; yÞ ¼ Epðf;yÞ½pðyjfÞ�; ð7Þ

which is also intractable in general and has a limiting cubic complexity OðN3Þ[58]. We

tackle the scalability with sparse Gaussian processes [59] and the intractability with stochas-

tic variational inference [32].

Variational inference for low-rank GP approximation. We consider low-rank sparse

Gaussian processes by augmenting the system withM inducing landmark pseudo-sequences

zj 2 X with associated (label) function values uj ¼ f ðzjÞ 2 R. We collect all inducing points

into structures Z = (z1, . . ., zM)T and u = (u1, . . ., uM)T. By conditioning the GP with these val-

ues we obtain the augmented Gaussian process joint model

pðy; f; uÞ ¼ pðyjfÞpðfjuÞpðuÞ ð8Þ

pðfjuÞ ¼ N ðfjAu;KXX � AKZZA
TÞ ð9Þ

pðuÞ ¼ N ðuj0;KZZÞ ð10Þ

A ¼ KXZK
� 1

ZZ; ð11Þ

where KXX 2 R
N�N is the kernel between observed sequences, KXZ is between observed and

induced sequences and KZZ is between induced sequences. The matrix A projects theM induc-

ing points to the full observation space of N sequences.
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Next, we define a variational approximation for the inducing points,

qðuÞ ¼ N ðujm; SÞ ð12Þ

qðfÞ ¼
Z

pðfjuÞqðuÞdu ð13Þ

¼ N ðfjAm;KXX þ AðS � KZZÞA
TÞ; ð14Þ

where m 2 RM and S ⪰ 0 2 RM�M are free variational parameters to be optimized. It can be

shown that minimizing the Kullback-Leibler divergence KL[q(u)||p(u|y)] between the approxi-

mative posterior q(u) and the true low-rank posterior p(u|y) is equivalent to maximizing the

evidence lower bound (ELBO) [60]

pðyÞ �
Xn

i¼1

EqðfiÞ½ log pðyijfiÞ� � KL½qðuÞjjpðuÞ�: ð15Þ

The log expectation is tractable for Probit likelihoods [61], while the KL term similarly has

a closed form for two Gaussian densities.

Due to the small data regime we choose the optimal assignment of selecting Z = X and u =

y, which corresponds to the full Gaussian variational approximation of [62], while for larger

datasets the inducing landmark points can also be optimised [32]. We then optimize the ELBO

(Eq 15) with respect to the variational parameters m and S as well as the kernel hyperpara-

meters θ, that is, the lengthscales ℓcr and weights wcr.
Finally, predictions f� of new test sequences X� � X follow a variational predictive poste-

rior

pðf�jyÞ ¼
Z

pðf�juÞpðujyÞdu ð16Þ

�

Z

pðf�juÞqðuÞdu ð17Þ

¼ N ðf�jA�m;KX�X�
þ A�ðS � KZZÞA

T
�
Þ; ð18Þ

where A� indicates projection from the landmark points Z to the new sequences X�. The pre-

dictive distribution is a Gaussian distribution for the latent test values f�, from which the distri-

butions of the test labels can be retrieved through the link function. We have implemented our

model using GPflow, a Python package for building GP models using TensorFlow [63, 64].

We utilized GPflow’s variational GP model (VGP) and scalable variational GP model (SVGP)

[31, 32].

Multiple kernel learning. When a TCR binds to a pMHC, its CDR3s and CDR1s from

both α- and β-chains are in direct contact with the peptide most of the time. CDR2s and

CDR2.5s can contact the peptide, but they usually only interact with the MHC, see Glanville et

al. [9] for an overview of contacts between different CDRs and peptides. Dash et al. [10] took

this into account by giving fixed weights for the distances between amino acids within different

CDRs, giving more weight to the CDR3. As it varies which CDRs can be in contact with differ-

ent peptides, we did not want to determine the importance of these different CDRs before-

hand, but instead created separate kernels for each CDR and let our model decide which of

them are important. We define the kernel as a convex combination of the base kernels for the
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four CDR regions r and the two chains c,

kðx; x0Þ ¼
X

r2f1;2;2:5;3g

X

c2fa;bg

wcrkcrðx; x
0; ycrÞ; ð19Þ

where the weights wcr� 0 are non-negative. While we can utilize all CDRs from both chains, it

is also possible to use any subset of them.

Single-cell RNA+TCRαβ-sequencing data analysis

TCRGP classifiers for HBV-epitopes. Recently, Cheng et al. [39] mapped HBV-reactive

T cell populations by exhaustively screening the whole HBV genome with an HLA-class I

restricted multiplexed pMHC-tetramer strategy and characterized T cells against four interest-

ing HBV-epitopes from two antigens with TCRβ-sequencing (the Cheng data). Utilizing the

TCRs specific to HBV-epitopes HBVcore169, HBVcore195, HBVpol282, and HBVpol387 (here core

refers to core protein and pol to polymerase protein) from the Cheng data and control

sequences from Dash et al. [10] we trained a TCRGP classifier for each epitope. We utilized all

epitope-specific TCRs from which we could determine also CDR1β, CDR2β, and CDR2.5β in

addition to CDR3β and complemented these epitope-specific TCRs with the same amount of

control TCRs. We considered TCRs which were predicted to recognize the epitopes with at

least 85% probability as epitope-specific. The amounts of epitope-specific TCRs and AUROC

scores obtained from leave-one-subject-out cross-validations for each epitope are shown in

Table 4. We used TCRGP and VGP with all epitopes except for HBVpol387, with which we used

SVGP with 700 inducing points due to the high number of samples.

Single-cell RNA+TCRαβ data. Zheng et al. [38] published a dataset (the Zheng data) of

single-cell RNA and TCRαβ of T cells from HBsAg-positive HCC-patients from blood, non-

malignant liver tissue and tumour tissue. The unnormalized expression count data of T cells

passing the quality control were fetched from GEO (GSE98638) along with the TCRαβ-

sequences inferred from the full-transcript single-cell RNA-sequencing data and inferred

phenotypic states as described by Zheng et al. As the TCRβ-sequenced training data for HBV-

specific epitopes was HLA-A restricted, we focused our analysis only on T cells capable of pep-

tide recognition in HLA-A restricted manner, namely clusters CD8-LEF1, CD8-CX3CR1,

CD8-LAYN and CD8-GZMK. The data was log-normalized to 10 000 counts per cell and

scaled accordingly with the Seurat 3.0.2. [65] package for R 3.5.2.

Clustering. The highly variable genes (HVGs) were chosen to be the genes showing the

highest mean to variance ratio (min expression = 0.5, max expression 3, min variance 0.5) with

the FindVariableFeatures-function. The linear dimensionality reduction was calculated with

PCA for the scaled expression matrix containing only HVGs. Non-linear dimensionality

reduction was performed with UMAP for principal components that had standard deviation

>2 using the standard parameters with the RunUMAP-function. To receive a better grouping

for the selected cells, we used a graph-based clustering approach implemented in the Seurat

tool. To find the shared nearest neighbor graph, the function FindNeighbors was used with the

Table 4. HBV-epitopes for which TCRGP classifiers were trained. The numbers of epitope-specific TCRs and sub-

jects, and mean AUROC scores from leave-one-subject-out cross-validations are shown.

Epitope Samples Subjects AUROC

HBVcore169 699 9 0.756

HBVcore195 588 12 0.847

HBVpol282 459 12 0.880

HBVpol387 1348 12 0.760

https://doi.org/10.1371/journal.pcbi.1008814.t004
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same amount of PCs as with UMAP. To determine optimal clustering, FindClusters-functions

was used with several parameter values for the resolution parameter, ranging from [0.1, 3].

The optimal clustering was decided by agreement of grouping in the UMAP-embedding and

the labels from clustering by visual interpretation.

The cytotoxic and exhaustion signatures for the clusters were calculated as cell-wise mean

expression of cytotoxic (NKG7, CCL4, CST7, PRF1, GZMA, GZMB, IFNG, CCL3) and exhaus-

tion genes (CTLA4, PDCD1,HAVCR2, TIGIT, LAG3). The difference between the signatures

was assessed with Mann-Whitney U test for individual cells in clusters. Gene Set Enrichment

Analysis (GSEA) between the clusters was performed on genes that were detected at least in

0.1% of the cells and had at least log fold-change of 0.01 between the tested cells. The gene list

was ordered based on the fold-change. Overlap with HALLMARK-category was assessed and

the False Discovery Rate (FDR) calculated while the number of permutations was 1000.

Enrichment analysis. The one-sided Fisher’s test for enrichment of epitope-specific T

cells to different phenotypes was calculated independently for individual and pooled patients,

epitopes and tissues. The obtained P-values were adjusted with Benjamini-Hochberg proce-

dure for false-discovery.

Supporting information

S1 Fig. Mean AUROC scores for the Dash data using leave-one-subject-out cross-valida-

tion. TCRGP models (left column) and TCRdist models (right column) were trained using

either only CDR3 or all CDRs from TCRα, TCRβ, or both.

(PDF)

S2 Fig. Distribution estimates and epitope-by-epitope method comparisons of mean

AUROC scores for the Dash data using leave-one-out cross-validation with unique TCRs.

(A) The blue parts of the violin plots illustrate the AUROC scores of predictions made by

TCRGP for all the epitopes and the orange parts illustrate the AUROC scores obtained with

TCRdist. Each point within a violin plot presents the mean AUROC score obtained for one

epitope. The used chains (α and/or β) and CDRs (three or all) are indicated below each panel.

(B) Comparison of AUROC scores obtained with TCRGP and TCRdist using only CDR3

from TCRαβ, TCRβ, or TCRα for each epitope separately. The epitopes have been arranged in

increasing order of AUROC scores obtained by TCRGP using CDR3 from α- and β-chains

(blue line).(C) Comparison of AUROC scores obtained with TCRGP and TCRdist using all

CDRs from TCRαβ, TCRβ, or TCRα for each epitope separately. The epitopes have been

arranged in increasing order of AUROC scores obtained by TCRGP using all CDRs from α-

and β-chains (blue line).

(PDF)

S3 Fig. Mean AUROC scores for the Dash data using leave-one-out cross-validation with

unique TCRs. TCRGP models (left column) and TCRdist models (right column) we trained

using either TCRα, TCRβ, or both and either with only CDR3 or all CDRs.

(PDF)

S4 Fig. Mean AUROC scores for the VDJdb data using leave-one-subject-out cross-valida-

tion. TCRGP models and TCRdist models (the first two columns) were trained using TCRβ
with either only CDR3 or all CDRs. RF models and DeepTCR models (the last two columns)

were trained using the CDR3β and the Vβ-gene, from which the other CDRs can be derived

from.

(PDF)
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S5 Fig. Distribution estimates and epitope-by-epitope method comparisons of mean

AUROC scores for the VDJdb data using leave-one-out cross-validation with unique

TCRs. (A) One violin plot presents the mean AUROC scores obtained with one method for all

epitopes in the VDJdb data. Below each violin plot there is the name of the method used and

in the brackets which CDRs have been used (3 for CDR3, all for CDR1, CDR2, CDR2.5, and

CDR3). Each point within a violin plot presents the mean AUROC score obtained for one epi-

tope. � RF (Random Forest TCR-classifier of De Neuter et al. [19]) could not produce predic-

tions for all epitopes. The AUROC scores for RF have been obtained without these epitopes (8

and 4 epitopes were left out when only CDR3β was used and when also Vβ-gene was used,

respectively, see S6 Fig). (B) Comparison of AUROC scores obtained with the different meth-

ods for each epitope separately. The epitopes have been arranged in increasing order of

AUROC scores obtained by TCRGP using all CDRβs (orange line).

(PDF)

S6 Fig. Mean AUROC scores for the VDJdb data using leave-one-out cross-validation.

Only unique TCRs have been utilized. TCRGP models and TCRdist models (the first two col-

umns) were trained using TCRβ with either only CDR3 or all CDRs. RF models and DeepTCR

models (the last two columns) were trained using the CDR3β and the Vβ-gene, from which

the other CDRs can be derived from.

(PDF)

S7 Fig. Learning curves. With each epitope from the VDJdb dataset, TCRGP models were

trained using different numbers of unique epitope-specific TCRs, always complemented with

the same number of control TCRs. For each point of the learning curve the model was trained

with 100 random samples of the TCRs, using either CDR1, CDR2, CDR2.5, and CDR3 (blue

curves), or only CDR3 (orange curves). The darker lines show the mean of the predictions and

the shaded areas +/- the standard deviation for the 100 folds.

(PDF)

S8 Fig. Diversity of TCRs within and between subjects. (A) Equation for computing

the diversity between two subjects s and t. The diversity between multiple subjects can

be computed similarly. (B) Scatter plot of diversities. Vertical axis shows diversity of epi-

tope-specific TCRs between subjects and horizontal axis shows average diversity of TCRs

within each subject. Diversities are computed for 21 epitopes from the VDJdb data (this

data contained TCRs from only one subject for HIV-1 epitope p223-231, which was therefore

left out from this figure). Diversities between subjects seem to be slightly larger than within

subjects (on average 4.3% larger, Pearson correlation 0.82). (C) Pairwise diversities between

subjects, where diversities within subjects are shown on the diagonal. Subjects are sorted

by increasing diversity and only subjects with at least two TCRs have been included in this

figure.

(PDF)

S9 Fig. Comparisons with different control data. Comparisons with TCRGP with different

control data using either all CDRβs (left column) or only CDR3βs (right column). 1: mean

AUROC scores from leave-one-out cross validation when equal number of epitope-specific

and control TCRs are used in training and testing (same as in S6 Fig). 2: Mean AUROC scores

from stratified 200-fold cross validation when TCRs specific to other epitopes in the VDJdb

data have been used as control data. 3: Otherwise same as 2, but only TCRs specific to epitopes

restricted by MHC of type HLA-A�02 have been used for training and testing.

(PDF)
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S1 File. Result tables summarizing the prediction accuracy results presented in Figs 2B, 3B

and 4A, and S1–S6 and S9 Figs, and a list of studies from which the VDJdb data consists

of.

(XLSX)

S2 File. Benjamini-Hochberg corrected P-values from Wilocoxon signed rank tests for

method comparisons with the Dash data and the VDJdb data.

(XLSX)

S3 File. Detailed information of the MHCs for different epitopes in the VDJdb data.

(XLSX)
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Validation: Emmi Jokinen, Jani Huuhtanen.

Visualization: Emmi Jokinen, Jani Huuhtanen.

Writing – original draft: Emmi Jokinen, Jani Huuhtanen, Markus Heinonen, Harri

Lähdesmäki.
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27. Jokinen E, Heinonen M, Lähdesmäki H. mGPfusion: predicting protein stability changes with Gaussian

process kernel learning and data fusion. Bioinformatics. 2018; 34(13):i274–i283. https://doi.org/10.

1093/bioinformatics/bty238

28. Romero PA, Krause A, Arnold FH. Navigating the protein fitness landscape with Gaussian processes.

Proceedings of the National Academy of Sciences. 2013; 110(3):E193–E201. https://doi.org/10.1073/

pnas.1215251110

29. Clifton L, Clifton DA, Pimentel MA, Watkinson PJ, Tarassenko L. Gaussian processes for personalized

e-health monitoring with wearable sensors. IEEE Transactions on Biomedical Engineering. 2012; 60

(1):193–197. https://doi.org/10.1109/TBME.2012.2208459

30. Chu W, Ghahramani Z, Falciani F, Wild DL. Biomarker discovery in microarray gene expression data

with Gaussian processes. Bioinformatics. 2005; 21(16):3385–3393. https://doi.org/10.1093/

bioinformatics/bti526

31. Opper M, Archambeau C. The variational Gaussian approximation revisited. Neural computation. 2009;

21(3):786–792. https://doi.org/10.1162/neco.2008.08-07-592

32. Hensman J, Matthews AGdG, Ghahramani Z. Scalable variational Gaussian process classification. In:

Artificial Intelligence and Statistics; 2015.

33. Gielis S, Moris P, Bittremieux W, De Neuter N, Ogunjimi B, Laukens K, et al. Detection of Enriched T

Cell Epitope Specificity in Full T Cell Receptor Sequence Repertoires. Frontiers in immunology. 2019;

10:2820. https://doi.org/10.3389/fimmu.2019.02820 PMID: 31849987

34. Shomuradova AS, Vagida MS, Sheetikov SA, Zornikova KV, Kiryukhin D, Titov A, et al. SARS-CoV-2

epitopes are recognized by a public and diverse repertoire of human T-cell receptors. medRxiv. 2020.

https://doi.org/10.1016/j.immuni.2020.11.004 PMID: 33326767

35. Bosetti C, Turati F, La Vecchia C. Hepatocellular carcinoma epidemiology. Best Pract Res Clin Gastro-

enterol. 2014; 28(5):753–770. https://doi.org/10.1016/j.bpg.2014.08.007

36. Hassan MM, Hwang LY, Hatten CJ, Swaim M, Li D, Abbruzzese JL, et al. Risk factors for hepatocellular

carcinoma: synergism of alcohol with viral hepatitis and diabetes mellitus. Hepatology. 2002; 36

(5):1206–1213. https://doi.org/10.1053/jhep.2002.36780 PMID: 12395331

37. Wang Y, Wu MC, Sham JST, Tai LS, Fang Y, Wu WQ, et al. Different expression of hepatitis B surface

antigen between hepatocellular carcinoma and its surrounding liver tissue, studied using a tissue micro-

array. J Pathol. 2002; 197(5):610–616. https://doi.org/10.1002/path.1150 PMID: 12210080

38. Zheng C, Zheng L, Yoo JK, Guo H, Zhang Y, Guo X, et al. Landscape of infiltrating T cells in liver cancer

revealed by single-cell sequencing. Cell. 2017; 169(7):1342–1356. https://doi.org/10.1016/j.cell.2017.

05.035 PMID: 28622514

39. Cheng Y, Zhu YO, Becht E, Aw P, Chen J, Poidinger M, et al. Multifactorial heterogeneity of virus-spe-

cific T cells and association with the progression of human chronic hepatitis B infection. Science immu-

nology. 2019; 4(32):eaau6905. https://doi.org/10.1126/sciimmunol.aau6905 PMID: 30737354

40. Bentzen AK, Such L, Jensen KK, Marquard AM, Jessen LE, Miller NJ, et al. T cell receptor fingerprinting

enables in-depth characterization of the interactions governing recognition of peptide–MHC complexes.

Nature biotechnology. 2018; 36(12):1191. https://doi.org/10.1038/nbt.4303 PMID: 30451992

41. Zhang SQ, Ma KY, Schonnesen AA, Zhang M, He C, Sun E, et al. High-throughput determination of the

antigen specificities of T cell receptors in single cells. Nature biotechnology. 2018; 36(12):1156. https://

doi.org/10.1038/nbt.4282 PMID: 30418433

42. Salimbeni H, Deisenroth M. Doubly stochastic variational inference for deep Gaussian processes. In:

Advances in Neural Information Processing Systems; 2017. p. 4588–4599.

43. Li H, van der Leun AM, Yofe I, Lubling Y, Gelbard-Solodkin D, van Akkooi AC, et al. Dysfunctional CD8

T cells form a proliferative, dynamically regulated compartment within human melanoma. Cell. 2019;

176(4):775–789. https://doi.org/10.1016/j.cell.2018.11.043 PMID: 30595452

44. Azizi E, Carr AJ, Plitas G, Cornish AE, Konopacki C, Prabhakaran S, et al. Single-cell map of diverse

immune phenotypes in the breast tumor microenvironment. Cell. 2018; 174(5):1293–1308. https://doi.

org/10.1016/j.cell.2018.05.060 PMID: 29961579

45. Guo X, Zhang Y, Zheng L, Zheng C, Song J, Zhang Q, et al. Global characterization of T cells in non-

small-cell lung cancer by single-cell sequencing. Nature Medicine. 2018; 24(7):978. https://doi.org/10.

1038/s41591-018-0045-3 PMID: 29942094

46. Zhang L, Yu X, Zheng L, Zhang Y, Li Y, Fang Q, et al. Lineage tracking reveals dynamic relationships of

T cells in colorectal cancer. Nature. 2018; 564(7735):268. https://doi.org/10.1038/s41586-018-0694-x

PMID: 30479382

47. Sade-Feldman M, Yizhak K, Bjorgaard SL, Ray JP, de Boer CG, Jenkins RW, et al. Defining T cell

states associated with response to checkpoint immunotherapy in melanoma. Cell. 2018; 175(4):998–

1013. https://doi.org/10.1016/j.cell.2018.10.038 PMID: 30388456

PLOS COMPUTATIONAL BIOLOGY Predicting recognition between T cell receptors and epitopes with TCRGP

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1008814 March 25, 2021 26 / 27

https://doi.org/10.1093/bioinformatics/bty238
https://doi.org/10.1093/bioinformatics/bty238
https://doi.org/10.1073/pnas.1215251110
https://doi.org/10.1073/pnas.1215251110
https://doi.org/10.1109/TBME.2012.2208459
https://doi.org/10.1093/bioinformatics/bti526
https://doi.org/10.1093/bioinformatics/bti526
https://doi.org/10.1162/neco.2008.08-07-592
https://doi.org/10.3389/fimmu.2019.02820
http://www.ncbi.nlm.nih.gov/pubmed/31849987
https://doi.org/10.1016/j.immuni.2020.11.004
http://www.ncbi.nlm.nih.gov/pubmed/33326767
https://doi.org/10.1016/j.bpg.2014.08.007
https://doi.org/10.1053/jhep.2002.36780
http://www.ncbi.nlm.nih.gov/pubmed/12395331
https://doi.org/10.1002/path.1150
http://www.ncbi.nlm.nih.gov/pubmed/12210080
https://doi.org/10.1016/j.cell.2017.05.035
https://doi.org/10.1016/j.cell.2017.05.035
http://www.ncbi.nlm.nih.gov/pubmed/28622514
https://doi.org/10.1126/sciimmunol.aau6905
http://www.ncbi.nlm.nih.gov/pubmed/30737354
https://doi.org/10.1038/nbt.4303
http://www.ncbi.nlm.nih.gov/pubmed/30451992
https://doi.org/10.1038/nbt.4282
https://doi.org/10.1038/nbt.4282
http://www.ncbi.nlm.nih.gov/pubmed/30418433
https://doi.org/10.1016/j.cell.2018.11.043
http://www.ncbi.nlm.nih.gov/pubmed/30595452
https://doi.org/10.1016/j.cell.2018.05.060
https://doi.org/10.1016/j.cell.2018.05.060
http://www.ncbi.nlm.nih.gov/pubmed/29961579
https://doi.org/10.1038/s41591-018-0045-3
https://doi.org/10.1038/s41591-018-0045-3
http://www.ncbi.nlm.nih.gov/pubmed/29942094
https://doi.org/10.1038/s41586-018-0694-x
http://www.ncbi.nlm.nih.gov/pubmed/30479382
https://doi.org/10.1016/j.cell.2018.10.038
http://www.ncbi.nlm.nih.gov/pubmed/30388456
https://doi.org/10.1371/journal.pcbi.1008814


48. Emerson RO, DeWitt WS, Vignali M, Gravley J, Hu JK, Osborne EJ, et al. Immunosequencing identifies

signatures of cytomegalovirus exposure history and HLA-mediated effects on the T cell repertoire.

Nature genetics. 2017; 49(5):659. https://doi.org/10.1038/ng.3822 PMID: 28369038

49. Savola P, Kelkka T, Rajala H, Kuuliala A, Kuuliala K, Eldfors S, et al. Somatic mutations in clonally

expanded cytotoxic T lymphocytes in patients with newly diagnosed rheumatoid arthritis. Nature Com-

munications. 2017; 8:15869. https://doi.org/10.1038/ncomms15869 PMID: 28635960

50. Tumeh PC, Harview CL, Yearley JH, Shintaku IP, Taylor EJ, Robert L, et al. PD-1 blockade induces

responses by inhibiting adaptive immune resistance. Nature. 2014; 515(7528):568. https://doi.org/10.

1038/nature13954 PMID: 25428505
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