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Abstract

The ability to predict binding between peptides presented by the Major Histocompatibility
Complex (MHC) class I molecules and T-cell receptors (TCR) is of great interest in areas of
vaccine development, cancer treatment and treatment of autoimmune diseases. However, the
scarcity of paired-chain data, combined with the bias towards a few well-studied epitopes,
has challenged the development of pan-specific machine-learning (ML) models with accurate
predictive power towards peptides characterized by little or no TCR data. To deal with this,
we here benefit from a larger paired-chain peptide-TCR dataset and explore different ML
model architectures and training strategies to better deal with imbalanced data. We show
that while simple changes to the architecture and training strategies results in greatly
improved performance, particularly for peptides with little available data, predictions on
unseen peptides remain challenging, especially for peptides distant to the training peptides.
We also demonstrate that ML models can be used to detect potential outliers, and that the
removal of such outliers from training further improves the overall performance.
Furthermore, we show that a model combining the properties of pan-specific and peptide-
specific models achieves improved performance, and that performance can be further
improved by integrating similarity-based predictions, especially when a low false positive
rate is desirable. Moreover, in the context of the IMMREP 2022 benchmark, this updated
modeling framework archived state-of-the-art performance. Finally, we show that combining
all these approaches results in acceptable predictive accuracy for peptides characterized with
as little as 15 positive TCRs. This observation thus places great promise on rapidly expanding
the peptide covering of the current models for predicting TCR specificity. The final NetTCR 2.2
models are available at https://github.com/mnielLab/NetTCR-2.2, and as a web server at https:
/[services.healthtech.dtu.dk/services/NetTCR-2.2/.
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eLife assessment

This study presents a useful tool for predicting TCR specificity with compelling
evidence for improvements over prior art. This work/tool will be broadly relevant to
computational biologists and immunologists.

Introduction

T-cell mediated immune responses play a crucial role in safeguarding the body’s health by
identification and elimination of pathogen infected and malfunctioning cells. One of the essential
steps triggering the T-cell response is the recognition of peptides presented by MHC (Major
Histocompatibility Complex) at the surface of cells by T cell receptors (TCR). The TCR is
heterodimer (most often) formed by an a and B chain. To be able to recognize the extreme variety
of peptides presented by the MHC, the repertoire of different TCRs expressed by T cells in a given
host is immense. This variation is mostly limited to the interacting domains of the TCR, known as
the complementary determining regions (CDRs) [12].

The possibility of accurately predicting TCR specificity holds immense immunotherapeutic and
biotechnological potentials, for instance as a means to rapidly and cost-effectively identify the
target of relevant T cell populations in the context of antigen discovery, vaccine design and/or T
cell therapy.

However, while machine-learning (ML) approaches have allowed to accurately predicts which
peptides can be presented by the MHC [2 (2], the scarce data, combined with the extreme
variability of the TCR, has made it difficult to produce models with broad peptide-HLA coverage
with similar accuracies for predictions of TCR specificity. Several models ranging from neural
network models to similarity-based approaches have, however, allowed for development of
accurate prediction models covering the limited set of peptides, for which sufficient data is
available [3(Z].

Current ML-based methods for predicting TCR-specificity include convolutional neural network
(CNN) models, such as ImRex [4(2 ], TCRAI [5 2] and NetTCR 2.1 [6 (2], auto-encoder-based models

Going back just a few years, the majority of models for TCR specificity predictions were based on
single chain data, most often CDR3p, since this data was (and still is) much more abundant than
paired chain data (e.g. comprising both the a- and B-chain). However, with the emergence of single
cell sequencing techniques, the volume of paired data has started to increase. Recent benchmarks
have shown that training models on both chains leads to vastly improved predictive performance,
further when also including the CDR1 and CDR2 sequences of the chains, either as amino acid
sequences or implicitly through annotated V- and J-genes (from which the CDR1 and CDR2
sequences are determined).
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While similarity-based methods have been shown to perform almost on par with ML-based
models in cases where high similarity exist between the training and evaluation data and where
many positive TCR observations are present for a given peptide, these approaches tend to be
surpassed by ML methods when this similarity is decreased [6 Z][15Z].

Earlier work has been estimated that ~150 unique TCRs are required to construct an accurate ML
prediction model capturing the rules of TCR specificity towards a specific peptide [16 (2], and that

power is the single most current challenging factor within the field of TCR specificity prediction. In
order to predict binding for unseen peptides, models are required to be trained in a pan-specific
setup, where a model is trained on data covering many different peptides at once including the
peptide sequence as input to the model. Such a setup has with high success been applied for the
MHC system where pan-specific models have been developed on data spanning large sets of
different MHC molecules resulting in high extrapolation power also for molecules not included in
the training data [18 5 ][19 % ].

While many of the current day models for TCR specificity predictions are trained in this way, no
models have so far been able to obtain substantial performance when predicting binding for
unseen peptides that are not highly similar to already seen peptides. The main problem limiting
the power of extrapolation for these pan-specific models lies in the scarcity of data available for
training, especially so for paired-chain data, combined with the problem that the current data is
highly imbalanced towards only a few peptides. Moreover, while the availability of data has
increased recently, another problem is the high proportion of noise contained within the data

methods are naturally challenged when dealing with small T cell populations, and due to their
statistical nature likely share suboptimal sensitivity (i.e. remove true data) and specificity (i.e.
allow false positives to slip through) [5 Z][20CZ].

In this manuscript, we seek to address these issues in the context of a large data set of paired TCRs
with annotated pMHC specificity. We investigate impacts of refining the machine learning model
architecture and training setup to achieve pan-specific models with improved generalization
capabilities. Further, strategies such as data denoising in terms of outlier identification in the
training data, and inclusion of redundant data during training, is explored. We also investigate a
new model architecture which combines the properties of a pan- and peptide-specific model, and
explore how a similarity based approach can be integrated into the framework to boost model
performance.

Materials and Methods

Training Data

The initial data was acquired from IEDB [22(2 ] and VDJdb [23 ] on the 23 and 24™ of August
2022, respectively, using a query to select only positive T-cell assays for MHC class I and Human
cells. Additionally, only paired-chain (aff) data was collected. This resulted in a dataset of 21,825

observations across 631 peptides for IEDB and 27,005 observations across 898 peptides for VD]Jdb.

This data was subsequently filtered to exclude data originating from 10X sequencing, which was
done by manually investigating references with at least 100 observations. Furthermore, filtering
was conducted to include only observations with annotated V and J genes and fully specified MHC
alleles. In cases where the V and ] genes did not have a fully specified allele, the most common
allele (*01) was assigned. Furthermore, CDR3 sequences which did not follow the nomenclature of
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beginning with a cysteine and ending with a phenylalanine (F) or tryptophan (W) were modified
to follow this nomenclature by adding a cysteine to the start of the sequence if missing, and adding
phenylalanine to the end of the sequence if phenylalanine or tryptophan was not present at the
end of the sequence. This filtering resulted in 4439 observations across 405 peptides after merging
the two datasets together and dropping duplicate entries.

Next, a dataset from a 10x sequencing study [24 2] which was denoised with iTRAP [21 (%] was

included, resulting in a combined dataset of 10,239 observations across 435 peptides.

To retrieve the full TCR sequences required for annotating all CDRs, Stitchr [25 2 ] was used. In
brief, Stitchr looks up the sequences for the V and J genes in IMGT/GENE-DB and attempts to align
these sequences with the specified CDR3 amino acid sequence. In case of mismatches in the
alignment, the CDR3-proximal residues of the V and ] gene products, respectively, are
progressively removed until a match can be found. As the alignment failed on either one chain or

both for some of the sequences, 9,045 full TCR sequences were retrieved in this step.

In cases where Stitchr failed to reconstruct the TCR, a second run of Stitchr was performed where
tryptophan was added instead of phenylalanine for the CDR3s with the wrong nomenclature. This
resulted in the rescue of 20 additional TCR sequences, bringing the total number of full TCR
sequences up to 9,065 (88.5% of the inputs given to Stitchr).

Finally, the CDR1, CDR2 and CDR3 amino acid sequences were annotated by submitting the full
TCR sequences to the ANARCI software [26 (% ], which is a tool that is used for annotating the

38, CDR2 as position 56 to 65 and CDR3 as position 105 to 117.

Redundancy reduction

The CDR-annotated data was redundancy reduced in two steps using the Hobohm 1 algorithm
[28 2] based on a summed BLOSUM62 encoded kernel similarity [13 3] of CDR3a and CDR3p. In
the first step, the dataset was split according to peptides, and a redundancy reduction was carried
out separately for TCRs belonging to each unique peptide using a 0.95 kernel similarity threshold.
Here, only peptides with at least 30 unique TCRs after the first redundancy reduction were kept.
This redundancy reduction and filtering resulted in a dataset of 6,415 observations across 26

peptides.

A second redundancy reduction was subsequently carried out also at a 0.95 kernel similarity
threshold across all remaining observations and peptides, where the data was sorted by peptide
according to TCR count (least abundant to most abundant) in order to limit the risk of removing
observations from peptides with few observations. This resulted in the further removal of 68
observations, resulting in a final dataset of 6,353 positive observations across 26 peptides. The
amount of redundant data removed by the redundancy reductions is summarized in
Supplementary Table 1, while information regarding source organism and MHC allele for each
peptide is summarized in Supplementary Table 2. The number of observations originating from
10X sequence data is also summarized in Supplementary Table 3, where the vast majority of 10X
data comes from the iTRAP filtered dataset, with a few observations originating from other 10X
studies that managed to slip through the initial manual filtering.

Data partitioning and generation of swapped negatives

To prepare the data for model training, this data was randomly split into five partitions, and
negatives were generated by swapping the TCRs for a given peptide with TCRs binding to other
peptides. Here, such TCRs were only samples from peptides which had a Levenshtein distance
greater than 3, to reduce the risk of generating false negatives. For each positive observation, five
negative observations were generated using this approach, except for the GILGFVFTL peptide,
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where all TCRs from the other peptides were used as negatives, since there was not enough data to
allow for a 1:5 positive to negative ratio for this peptide (a 1:4.647 ratio was achieved here). The
generation of swapped negatives was done separately within each partition, in order to reduce the
risk of data leakage.

Baseline model

TCRbase calculated the similarity between sets of CDRs found in the test partition to all positive
CDR sets found in the remaining partitions. In short, the similarity is calculated per CDR as the
mean kernel-similarity of BLOSUM62-encoded kmers ranging from size 1 to 30 between the two
sets of CDRs that are compared [13 (Z]. The weighting for the CDRs was set to 1,1,3,1,1,3 for

CDR1a-, CDR2a-, CDR3a-, CDR1f-, CDR2B- and CDR3, respectively, in line with earlier
recommendations [6 (2 ].

further updates to the architecture. In brief, the original architecture consists of a set of
convolutional 1D layers for each input feature, where each layer has 16 filters of kernel size of 1, 3,
5,7 and 9, respectively, which are activated by a sigmoid activation function. Each layer is then
max-pooled, concatenated, and fed to a dense layer of size 32 followed by a linear output layer of
size 1, representing the final prediction score. The outputs of both linear layers are activated by a
sigmoid activation function.

CNN models described in this paper used a slightly modified architecture compared to NetTCR 2.1.
Here, the activation function for the max-pooling layer was replaced with a rectified linear unit
(previously sigmoid), a dropout layer was introduced for the concatenated max-pooling output,
and the size of the dense layer was doubled to 64 neurons. For the models utilizing dropout, a
dropout rate of 0.6 was used. The models referred to here as NetTCR 2.1 uses the original pan-
specific NetTCR 2.1 architecture [6 2 ], which also includes convolutional filters for the peptide-
sequernce.

Embedding

The input features for the CNN models consisted of peptide-, CDR1a-, CDR2a-, CDR3a-, CDR1B-,
CDR2B-, and CDR3B-amino acid sequence. These were each represented using a BLOSUM50-
embedding (calculated using a normalization factor of 5) and right-padded to the maximum length
observed for that feature in the dataset, by assigning a vector of 20 times -1 for each missing
residue. For reference, the maximum length observed was 12, 7, 8, 22, 6, 7, and 23 residues for the
peptide-, CDR1a-, CDR2a-, CDR3a-, CDR1f-, CDR2B-, and CDR3B-amino acid sequences, respectively.

Training setup and Early Stopping

All CNN models were trained in a nested cross-validation setup with four folds in the inner loop
and five folds in the outer loop. Here, three partitions were used for training, one was used for
validation, while the remaining partition was used as a test partition to evaluate the performance
of the model. For all CNN models, Binary Cross Entropy was used as the loss function, and the
Adam optimizer [30(% ] was used for updating the weights during training. A learning rate of 0.001

was used for training of all models.

A patience of 200 epochs was used for the early stopping for the peptide-specific CNNs, whereas
for the pan-specific CNNs, a patience of 100 epochs was used. The increased patience for the
peptide-specific models was introduced to allow the models to escape local minima imposed by
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small training set sizes. For the NetTCR 2.1 models (PyTorch), the validation loss was used as a
stopping criterion for early stopping, and validation AUC 0.1 was used as the stopping criterion for
the updated models in Keras.

For the pan-specific models, a batch size of 64 was used together with shuffling. For the peptide-
specific models, an adaptive batch size was used, which ensured that no batch ended up having
less than 32 observations. Here, it was first tested if it was possible to use a batch size of 64 while
still having at least 32 observations for the final batch. If not, the default batch size of 64 was
progressively increased by 1, until it was ensured that the final batch had at least 32 observations.

Performance Evaluation

The cross-validation setup results in 4 models generated in the inner loop. The test set predictions
were then calculated from the average over the 4 predictions for each entry. The performance was
evaluated on the 5 concatenated test sets in terms of AUC and AUC 0.1 on a per-peptide basis, as
well as the unweighted and weighted average performance across all peptides:

zpeptide Mpep tide

Munweighted = N
unique peptides
o Npep[ide
Mweigh.‘:ed = Mpep.‘:irie ' N
total

peplide

Where My npeightea aNd Myyeignteq 1S the unweighted and weighted average metric, respectively,
MP
given peptide, Nypigue peptides i the number of unique peptides, and Ny, is the total number of

positive observations across all peptides.

eptide 1S the metric for a given peptide, Npepyige is the number of positive observations for a

A summary of the per-peptide performance of all models is found in Supplementary File
“nettcr_performance.xlsx”.

Performance comparisons

To assess the difference in performance between models, bootstraps were performed by sampling
with replacement from the model predictions 10,000 times and calculating the weighted and
unweighted performance metrics for each subsample as described above. The same seed for
subsampling and order of predictions was used for all bootstraps, to ensure that performance
within a given subsample could be compared between models. The p-value for the null hypothesis
that two models had equal performance was then calculated as the number of times that the first
model had a higher performance than the second model within the same subsample, normalized
by the total number of subsamples.

Weighted loss

A weighted loss was implemented for the pan-specific CNN model to allow the model to focus
more on the observations from the less abundant peptides in the training dataset. Here, the binary
cross entropy loss for observations from each peptide was weighted according to the formula:

N
log?2 ( total )
g Npeptide

loss,, =
weighted c
where Ny, is the total number of observations, Nyeptige is the number of observations for the
given peptide, and c is a constant that is used to scale the loss, so the overall loss becomes close to
that of the unweighted approach. The value of c was set to 3.8 to ensure that the overall weighted
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loss was comparable to the training done without sample weighting. For the peptide-specific
models, a weight of 1 was used for all samples.

Redundant training dataset

A dataset was constructed based on the primary training dataset, where redundant data from the
first redundancy reduction (see Supplementary Table 1) was added back by assigning them to the
partition of the data point that they were redundant to. Only positive data was added back in this
way, and additional swapped negatives were not generated for this dataset to keep it as similar to
the original as possible. Models trained on this dataset were evaluated on the original test datasets
without redundant data.

Limited training dataset

Using the prediction scores for the validation partitions of the updated peptide-specific CNN
model, additional datasets were constructed by removing observations that consistently received a
poor prediction score in relation to their designated label. That is, positive observations were
removed if they received a validation prediction score of less than the nth percentile of the
negative prediction scores for the given peptide for all four models that were not trained on that
partition, while negative observations were removed if they received a validation prediction score
of more than the (1 - n)™ percentile of the positive validation prediction scores for all four models
that were not trained on that partition. Thresholds of n=50, 60, 70, 80, 85, 90 and 95 were tested in
this way.

Pre-trained models

A modified version of the NetTCR 2.2 architecture was made to combine the properties of the pan-
and peptide-specific models, as shown in Figure 1&. This architecture consists of a pan-specific
and a peptide-specific CNN block. The pan-specific CNN block consists of 32 1D convolutional
filters of size 1,3,5,7 and 9, respectively for each of the peptide-, CDR1a-, CDR2a-, CDR3a-, CDR1p-,
CDR2f-, and CDR3p embeddings. The peptide-specific CNN block consists of 16 1D convolutional
filters, also of size 1,3,5,7 and 9, respectively, for the same feature embeddings, except the peptide
embedding, as this information is redundant when trained on a single peptide. The outputs from
each CNN block are max-pooled with a rectified linear unit activation function, concatenated, and
fed to two dropout layers with a dropout rate of 0.6, one for each output of a CNN block.

Each of the two resulting tensors are fed separately to dense layers with 64 units and sigmoid
activation, both of which are connected to a second dense layer with 32 units and a sigmoid
activation. The output of the second dense layer is finally connected to an output layer of size 1,
which is also activated by a sigmoid activation function, to give a prediction score between 0 and
1.

These models are trained in two rounds. During the first round of training, a pan-specific training
is performed. Here the weights in the peptide-specific CNN block are kept frozen, as shown in
Figure 1. This pre-trained model is then used as the starting point for a second round of training
performed in a peptide-specific setup, where the weights in the pan-specific CNN block are frozen,
while those in the peptide-specific CNN block are unfrozen. During both training rounds, a
patience of 100 is used and the maximum number of epochs is set to 200.

CNN - TCRbase ensemble
The pre-trained CNN model was combined with the sequence similarity based TCRbase model

— a
PTCRbase_ensembLe = PCNN ) PTCRbase
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Output Layer (1 neuron, activation = Sigmoid)

Figure 1.

Architecture of the pre-trained model. The pan-specific CNN block consists of the layers shown in blue, whereas the peptide-
specific CNN block consists of the layers shown in red. During the pan-specific training, the weights and biases for the
peptide-specific CNN block are frozen, whereas the opposite is the case during the peptide-specific training. The layers shown
in purple are kept unfrozen during both training steps.
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where Prcrpase ensemble 1S the prediction of the combined ensemble, Pcyy is the prediction of the
CNN model, PTC_Rbase is the prediction from TCRbase, and a is a scaling factor used to give TCRs
with low similarity to known binders a harsher penalty. This ensemble was tested on the
validation partitions of the full dataset, where a was varied from 0 to 40.

The Pearson correlation coefficients between the a resulting in the best performance in terms of
AUC and AUC 0.1, respectively, and the corresponding performance metric for the TCRbase and
pre-trained model without scaling, was calculated using the pearsonr function from scipy.stats

to consider, resulting in a total of 130 samples for calculating the Pearson correlation coefficients.
P-values for the null hypothesis that there was no correlation was also reported using this
function.

Percentile-rank rescaling

Prediction scores were rescaled to a percentile rank by comparing the score to the score
distribution obtained for 15,957 negative controls paired to the corresponding peptide. These
negative controls were obtained from the IMMREP 2022 workshop dataset [15C3]. Here, the

percentile rank score for a given TCRs was calculated as the percentage of negative controls which
had a score above the score of that of the TCR.

Peptide specificity test

To evaluate the models’ ability to correctly identify which peptide is most likely to bind a given
TCR, all TCRs were paired with all peptides present within each partition, and predictions were
performed by the models which had not seen the given partition during training. The specificity
was then calculated per peptide as the number of times that the true peptide-TCR complex was
given the highest prediction score, compared to the total number of positive observations in the
original dataset for the given peptide. The test was performed on the limited dataset, where the
peptides KLGGALQAK, AVFDRKSDAK, NLVPMVATV, CTELKLSDY, RLRAEAQVK, RLPGVLPRA, and
SLENTVATLY were discarded, due to low performance of the full model (AUC 0.1 < 0.65).

Leave most out

To test the models’ ability to learn from small data sets, models were re-trained on small subsets of
the original data. For each of the peptides with at least 100 positive observations in the limited
training dataset except for KLGGALQAK, AVFDRKSDAK and NLVPMVATV (e.g. GILGFVFTL,
RAKFKQLL, ELAGIGILTV, IVTDFSVIK, LLWNGPMAYV, CINGVCWTYV, GLCTLVAML and SPRWYFYYL
were included), new training datasets were constructed by subsampling 5, 10, 15, 20, 25, 50 and
100 positive peptides, respectively, per partition, as well as five negative observations per positive.
KLGGALQAK, AVFDRKSDAK and NLVPMVATV were excluded from this analysis, due to low
performance of the full model (AUC 0.1 < 0.65). All models trained here were evaluated on the full
dataset (not limited).

As a baseline, TCRbase was used to perform predictions on the test partitions, using the positives
from the four remaining partitions as the positive database for similarity inference.

In addition, a set of peptide-specific models were also trained on these datasets, using the same
hyperparameters as the best (non-pre-trained) peptide-specific model, when evaluated on the full
dataset.

A set of pre-trained models were also re-trained on these datasets, where the first training round
of the pan-specific CNN was conducted on the leave one out dataset. For each peptide and each
number of positives, the pan-specific CNN block was fine-tuned by training for 30 epochs in a pan-
specific setup, where observation for the leave-most-out peptide was assigned a sample weight of
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1, while the observations for the remaining peptides were assigned a weight of 0.1. Swapped
negatives assigned to other peptides than the one the models were trained for were removed for
this training, if they originated from an observation belonging to the peptide in question.
Following this, the pan-specific CNN block was frozen, and the peptide-specific CNN block was
trained on the observations for the peptide of interest.

Finally, an ensemble consisting of the pre-trained models scaled by the TCRbase prediction (a = 10)
were evaluated (see CNN - TCRbase ensemble).

Due to the low number of positives for some of the leave-most-out datasets, the default batch size
was set to 32 for the peptide-specific training, while the criteria for early stopping and model
saving was changed from validation AUC 0.1 to a custom metric taking both validation AUC 0.1 and
binary cross entropy loss into account. This custom metric was calculated as:

CM,q = AUC 0.1,4 — LOSSyq - 0.1

and the model was saved when this value was maximized. A patience of 100 was used for early
stopping during the peptide-specific training.

IMMREP 2022 training and evaluation

GitHub (GitHub - viragbioinfo/IMMREP 2022 TCRSpecificity) on the 5th of July 2023. The training
data was randomly split into five partitions, and models were trained in the same cross-validation
as described above, e.g. nested cross-validation for the neural network models and a five-fold
cross validation for TCRbase. To make the data compatible with our models, the labels for the
negative observations were changed from -1 to 0. The performance of each model was then
evaluated on the separate test dataset, using the average in prediction score given by all models
resulting from the cross-validation.

A separate redundancy reduced dataset was created based on the IMMREP dataset following the
strategy described above. An overview of the number of observations removed by this
redundancy reduction is shown in Supplementary Table 4.

Swapped negatives were generated within each partition, by randomly sampling TCRs binding to
other peptides with a Levenshtein distance of at least three, until a 1:3 ratio of positives to
negatives were achieved. Negative controls were first subjected to a redundancy reduction at a
95% similarity threshold, followed by random partitioning. Within each partition, negative
controls were sampled in a 1:2 ratio of positive to negatives for each peptide, bringing the total
positive to negative ratio up to 1:5.

Models were then trained on this training dataset using nested cross-validation (or five-fold cross-
validation for TCRbase), while the performance was evaluated on the test-partitions, which were
not seen during training. The average prediction score of the four cross-validation models per test
partition was used as the final prediction score for this performance evaluation.

A summary of the per-peptide performance of all models trained and tested on the IMMREP 2022
dataset is found in Supplementary File “nettcr IMMREP_performance.xlsx”.
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Results

Here, we seek to demonstrate step by step how improved low complexity models with state-of-the-
art performance for the prediction of TCR specificity can be obtained by dealing with the essential
issues related to data imbalance, low data accuracy and data volume. We do this on a large set of
data obtained from the public domain covering paired full length TCR sequences with specificity
annotated towards a set of 26 unique peptides (for details refer to materials and methods). The
machine learning framework applied is a low complexity max-pooled CNN architecture inspired
by the original NetTCR model [16 C2 ]. This model makes use of 80 convolutional filters for the
peptide and each of the 6 CDRs. Due to the limited number of peptides (and HLAs), HLA is not
included in the model.

The NetTCR framework has so far performed best in a peptide-specific setup where separate
models trained across multiple peptides at once, since this should allow the model to leverage
shared information resulting in boosted predictive power, especially for peptides characterized
with few or even no positive TCR observations. However, for NetTCR 2.1, the opposite tendency
was observed. This work was however limited to only 6 peptides, and we therefore first
investigated if this conclusion still held true in the context of our data set with increased peptide
coverage. The result of this analysis can be seen in Figure 2(Z and demonstrates that peptide-
specific models also here are superior to the pan-specific model.

Improving the pan-specific model

Updating the model architecture for pan-specific predictions

One potential source of the low performance for the pan-specific model is the high imbalance in
the number of observations per peptide resulting in the model focusing/overfitting on the more
abundant peptides. To investigate this, we first introduced a dropout-layer with a dropout rate of
0.6 to the architecture for the concatenated output of the max-pooling layer, while also doubling
the number of neurons for the dense layer from 32 to 64 to allow for sufficient flow of
information. Additionally, this model was rebuilt in Keras [29 2 ] and the stopping criterion was
changed from validation loss to validation AUC 0.1. As shown in Figure 3@, this resulted in a
highly significant increase in performance (bootstrap test resulting in p< 0.0001 for all tested

metrics).

To further deal with the imbalance problem, we next introduced a peptide specific sample weight
so that the loss was increased for peptides with a low number of positive observations (for details
refer to methods). This is based on the notation that the model then would focus more on the less
abundant peptides when updating the weights. As demonstrated in Figure 3@, this approach
resulted in a further increase in performance for the less abundant peptides, whereas the
performance for the more abundant peptides was largely unaffected. Here, a significant increase
in performance was observed for the unweighted mean AUC (p= 0.0026) and AUC 0.1 (p<0.0001)).
Moreover, when only considering the peptides with less than 100 positive observations, the
improvement in performance was significant across all metrics (p=0.0101, p=0.0035, p<0.0001 and
P<0.0001 for AUC, weighted AUC, AUC 0.1 and weighted AUC 0.1, respectively).

Next, the impacts of the updates to the model architecture and training strategy on the
performance of peptide-specific models was investigated. As expected, these results (Figure 32
and Supplementary Figure 1) demonstrated a limited gain in performance compared to NetTCR-
2.1 - Peptide, which was however significant for all metrics (p=0.0337 for AUC, and p<0.0001 for
AUC 0.1 and weighted AUC/AUC 0.1). Interestingly, the updated pan-specific model significantly

Mathias Fynbo Jensen et al., 2024 eLife. https://doi.org/10.7554/eLife.93934.2 11 of 36


about:blank#x2083839515
https://doi.org/10.7554/eLife.93934.2
about:blank#c16
about:blank#c6
about:blank#fig2
about:blank#c29
about:blank#fig3
about:blank#fig3
about:blank#fig3

= NetTCR 2.1 - Peptide = NetTCR 2.1 - Pan

09
0.8
o
207
<
0.6
) |i|
0.4
2 8 8 3 8§ 28 8 8 88§ 2823888859859 885 5 8
g 8 ¢ T T ok &k 4 F ou £ > > B k& = &
= E Z 8 8 2 2 z 3 S Engwmx s § £ g8 4 %
B EEEEREER: ¢ 35 5 2 & & & 2 @ 38 g3 53
e 2 g S ¢ 3 3 £ 2 3 2 506 3%+ TR ghb 3 g g =l s p
S 8 0O g 5 o = 3 3 ©® % =& £ x 5 (4 @
2 % <
o
Peptide
Figure 2.

Per peptide performance of the peptide-specific and pan-specific NetTCR 2.1 in terms of AUC, when trained and evaluated on
the new dataset. The peptides are sorted based on the number of positive observations from most abundant to least
abundant, with the number of positive observations listed next to the peptide sequence. The unweighted (direct) mean of
AUC across all peptides is shown furthest to the left, while the weighted mean is shown second furthest to the left. The
weighted mean is weighted by the number of positive observations per peptide and puts more emphasis on the peptides
with the most observations.
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Boxplot of AUC of the pan- and peptide-specific NetTCR 2.1 and 2.2 models, respectively. The NetTCR 2.2 models include the
updates to the model architecture, with the primary change being the introduction of dropout for the concatenated max-
pooling layer (dropout rate = 0.6). Both the introduction of dropout and sample weights are shown to result in considerably
improved performance for the pan-specific model. Separate boxplots are shown for all peptides, as well as separately for
peptides with at least 100 positive observations and peptides with less than 100 positive observations, to highlight the effect
of introducing dropout and sample weight for the least abundant peptides.
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outperformed the updated peptide-specific models in terms of both unweighted (p<0.0001) and
weighted AUC (p=0.0004), and the performance gain was especially observed for the less abundant
peptides. However, in terms of AUC 0.1, the updated peptide- specific model (NetTCR-2.2 - Peptide)
maintained a superior performance (see Supplementary Figure 1) (p=0.0008 and p<0.0001 for
AUC 0.1 and weighted AUC 0.1, respectively). We will later address how to get the best of the two
models later in the Pre-training section.

Reusing redundant data does not lead to better performance

The results until now have been generated based on redundancy reduced data. That is data where
redundant data have been removed based on a Hobohm-1 like redundancy reduction algorithm
(for details see methods). However, as data is very sparse, one could argue that a better approach
would be to reuse redundant data, either by performing clustering when making the data
partitions, or by adding back redundant data to the same partition as the data that it was
redundant to. To test how such a strategy would affect the performance of the model, a new
dataset was created using the latter approach. To keep the performance evaluation fair, redundant
data were only re-introduced to the training dataset while the original dataset without redundant
observations was used for testing and performance evaluation. The total number of redundant
observations for each peptide from the first redundancy reduction is shown in Supplementary
Table 1 (note that those from the second reduction are not added back).

As shown in Supplementary Figure 2, neither the peptide-nor the pan-specific model benefitted
from reusing the redundant data. In fact, the performance of the pan-specific model was
significantly reduced in terms of unweighted AUC (p=0.0041) and weighted AUC 0.1 (p=0.0395).
This is likely caused by the larger imbalance in observations per peptide introduced by the
redundant data, as a large proportion of these observations came from the already abundant
GILGFVFTL peptide.

Removing potential outliers from training leads to better performance

During the testing of our models, we observed that several peptides consistently had a
performance much lower compared to other peptides characterized with similar amounts of data.
One thing shared by these peptides is that 10X sequencing made up the vast majority of the
experimental source of the recorded TCRs, as shown in Supplementary Table 3. For most of the
peptides with poor performance (KLG, AVF, IVT, RLR, RLP, SLF), only 10X sequencing data was
available. On the other hand, not all 10X data are bad, as illustrated by RAKFKQLL which is a high
performing peptide only covered by 10X data (see for instance Supplementary File
“nettcr_performance.xlsx”). Further, when comparing the predicted score distributions between
positive and negative TCRs, we observe examples of outliers with low scoring positive TCRs and
high scoring negative TCRs across all peptides (see Supplementary Figure 3). These observations
strongly suggest that the data contain a certain degree of wrongly labeled entries, and that these
could be a source to limit the performance of the models. Inspired by the plot in Supplementary
Figure 3, outliers were identified by scoring TCRs using the NetTCR-2.2 peptide-specific model, and
positive and negative TCR outliers assessed based percentile scores estimated from the contrary
TCR pool (for details refer to Material and Methods). Using this approach, TCRs were removed
from the training data based on percentile thresholds of 50%, 60%, 70%, 80%, 85%, 90% and 95%
respectively. That is, for a threshold of 70%, a positive TCR was identified as an outlier if it had a
predicted score below the lower 70% percentile score range of the negative TCRs for all models
predicting on the validation data (four models per partition). Next, pan-specific models were
trained using the “limited” data for training and validation, while evaluating the models based on
the full dataset.

An overall increase in performance for the models trained on the limited datasets was observed
up until the 70th percentile datasets, after which the performance gain stagnated (see
Supplementary Figure 4). Since the difference in performance between the 80™ and 70t
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percentile model was statistically insignificant for any of the bootstrap metrics (p>0.08 in all of
weight and unweight performance metrics), the 70t percentile dataset for removing outliers from
training was selected, since this filtering removed the least amount of data. As seen in
Supplementary Figure 5, more observations were, as expected, removed for the peptides with
poor performance, indicating a higher presence of outliers for these peptides. The average
performance of the model trained on the 70th percentile dataset was significantly higher than the
model trained on the full dataset (p=0.0001, p<0.0001, p=0.0054 and p<0.0001 for AUC, weighted
AUC, AUC 0.1 and weighted AUC 0.1, respectively). As shown in Figure 4%, a higher performance
was also consistently observed for the peptides which originated from 10X sequencing, apart from
the RLP peptide, which obtained a slightly lower AUC (-0.0066). While most peptides benefitted
from the removal of potential outliers, some peptides did receive a substantially lower
performance. It should however be noted that the performance evaluation was conducted on the
full dataset, meaning that if a peptide has many actual outliers, the performance may be
underestimated, since these outliers are included in the evaluation.

Improving the peptide-specific models

Pre-training

As described earlier, the pan-specific model was generally observed to excel in terms of AUC,
whereas the peptide-specific model was better in terms of AUC 0.1.

To benefit from the strengths of both of these models, a new model architecture was investigated.
In brief, this architecture consists of two blocks of CNNs; one which is used for training on a pan-
specific dataset to learn a general representation of binding, while the other block is used to train
on a peptide-specific dataset to better learn the pattern of binding specific to a certain peptide (for
details refer to methods). The pan-specific CNN block was trained first, with frozen initial weights
and biases in the peptide-specific CNN block. After pre-training the pan-specific CNN block, these
pan-specific CNN layers were frozen, whereas the layers for the peptide-specific CNN were
allowed to update during the peptide-specific training.

As shown in Figure 5, this pre-trained model outperformed both the pan- and peptide-specific
models. This improvement was found to be highly significant (p<0.0001) across all metrics, when
compared to the bootstrap of the pan-specific model, which was also the case when comparing to
the peptide-specific model (p<0.0001, p<0.0001, p=0.0008 and p=0.0021 for AUC, weighted AUC, AUC
0.1 and weighted AUC 0.1, respectively). Furthermore, this pre-trained model had higher
performance across all metrics than a simple ensemble of the pan-specific and peptide-specific
models (data not shown).

TCRbase ensemble

Earlier work has demonstrated a high performance of simple similarity-based models for

could be further improved by integrating the sequence-similarity based predictions of TCRbase
[6Z] into our modeling framework. In short, TCRbase makes predictions by calculating a
similarity between a given TCR and the positive TCRs for a given peptide in terms of a sum over
the paired similarities over the 6 CDR loops [6 (Z]. TCRbase was integrated in terms of a simple
scaling factor so that the pre-trained CNN model predictions were multiplied by the TCRbase
predictions lifted to a power of a>0. The optimal value of a was here estimated based on the
validation partitions, and the test partitions were removed from the positive database given to

TCRbase, to avoid overfitting and performance overestimation.
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Figure 4.

Difference in AUC between pan-specific CNN trained on the limited dataset (70th percentile) and full dataset. Peptides with
TCRs originating solely from 10x sequencing are highlighted in red. The performance was in both cases evaluated per peptide
on the full dataset. A positive AAUC indicates that the model trained on the limited dataset performs better than the model
trained on the full dataset.
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As shown in Supplementary Figure 7A, the use of TCRbase predictions as a scaling factor resulted
in a consistent increase in performance across both unweighted mean AUC and AUC 0.1. Whereas
the mean AUC was only affected slightly by this scaling (maximum increase of 0.00212 at a=14), a
greater increase in performance was observed in terms of AUC 0.1 (maximum increase of 0.00723
at a=8). Overall, the integration of TCRbase led to a significant improvement in performance for all
metrics (p<0.0001). It should however be noted that while the use of the TCRbase scaling generally
improved performance, the optimal a factor varied between each validation partition and cross-
validation model (see Supplementary Figure 7B). Nevertheless, the median of the optimal a
across the cross-validation models was 10 in the case of AUC 0.1, which strengthened our
confidence in using this a as the base scaling factor. Despite these variable observations, we for
the sake of consistency stick to an a of 10 for the remaining analysis in this paper. The
performance per peptide when using the a=10 scaling is shown in Figure 5% (AUC), as well as
Supplementary Figure 6.

We also observed that the optimal value for a varied between peptides, with a slight positive
correlation to the performance of TCRbase for the given peptide (see Supplementary Table 5),
suggesting the peptides with high TCRbase performance benefit more from the a rescaling.

To investigate further how the integration of TCRbase predictions benefitted the performance, we
in Supplementary Figure 8 plotted the difference in true positive rates at different false positives
rates between the TCRbase ensemble and the pre-trained CNN alone. This figure demonstrates that
the benefit from TCRbase mainly consist of increasing the discrimination between binders and
non-binders at thresholds corresponding to low FPRs (0 <= FPR <= 0.15), whereas the predictions
may become slightly worse than without scaling when the threshold for binders are set to that of
an FPR higher than 0.3. This result thus suggests that scaling the predictions of neural network
models based on similarity to known binders is mostly beneficial when a high specificity is
desired.

Percentile rank rescaling

The prediction scores of the final CNN+TCRbase model ensemble fall between 0-1 but display
substantial score distribution variations between peptides (see Supplementary Figure 9), which
makes it hard to directly compare prediction scores between peptides. A common approach to
resolve this is to apply percentile rank scores [6(7 ]. Here, we used the CNN+TCRbase model to

rank for each observation in our test data. Here, the percentile rank is defined as the proportion
(in percentage) of negative controls, which scored higher than the given observation. As shown in
Supplementary Figure 9, the percentile ranks for binders between peptides are more similar
when compared to the direct prediction scores.

Peptide Specificity Test

The performance evaluations performed so far have focused on the ability to predict whether or
not a TCR can bind to a given peptide. Another important aspect is the ability to predict the correct
peptide target of a given TCR. To investigate the performance in this context, each positive TCR
was scored against all peptides, and a performance metric was estimated in terms of how often
the correct TCR-peptide pair was given the highest score (or lowest percentile rank). The result of
this analysis is shown in Figure 6 @, which was conducted on the limited dataset, while excluding
observations for low performing peptides with an AUC < 0.8 and AUC 0.1 < 0.65 for the TCRbase
ensemble (see Figure 5 and Supplementary Figure 6). This dataset thus consists of 21 peptides,
and a random predictor is expected to obtain a performance of 1/19 ~ 0.05. The results show that
the model clearly outperforms this random baseline for all peptides. Also, a higher performance is
observed for the three most abundant peptides in this analysis (GILGFVFTL, RAKFKQLL and
ELAGIGILTV). Furthermore, it is seen that there is a slight tendency for a lower percentage of
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Per peptide performance of the updated peptide-specific, pan-specific, and pre-trained CNN in terms of AUC, when trained
on the limited training dataset and evaluated on the full dataset. The peptides are sorted based on the number of positive
observations from most abundant to least abundant, with the number of positive observations listed next to the peptide
sequence. The unweighted (direct) mean of AUC across all peptides is shown furthest to the left, while the weighted mean is
shown second furthest to the left. The weighted mean is weighted by the number of positive observations per peptide and
puts more emphasis on the peptides with the most observations.
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Figure 6.

Percentage of correctly chosen true peptide-TCR pairs for each peptide, when evaluated using the direct prediction score
(blue) and the percentile rank (orange) of the TCRbase ensemble on the limited dataset. KLGGALQAK, AVFDRKSDAK,
NLVPMVATYV, CTELKLSDY, RLRAEAQVK, RLPGVLPRA, and SLFNTVATLY were excluded from this analysis due to low predictive
performance for these peptides (AUC 0.1 < 0.65). The numbers next to the peptides indicate the number of positive TCRs in
the filtered dataset, and the dashed line indicates the expected value for a random prediction.
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correctly chosen peptide-TCR pairs, as the number of positive TCRs for the training becomes lower.
Interestingly, the percentage of correctly chosen pairs correlates very strongly with the AUC and
the AUC 0.1 of the peptides. In the case of ranks when using direct prediction, the PCC of the
percentage of correct predictions to AUC and AUC 0.1 were 0.740 and 0.830, respectively (sample
size of 19 peptides). This high correlation was also observed for percentile ranks, with a PCC of
0.706 and 0.873 to AUC and AUC 0.1, respectively.

Furthermore, a tendency of lower average ranks for the pre-trained and TCRbase ensemble
models compared to the other models was observed (see Supplementary Figure 10). However,
while the application of percentile rank widened the range of average rank per peptide, it
generally resulted in a decrease of the median rank for most peptides.

To better understand why the models sometimes failed to predict the correct peptide-TCR pair, we
looked at the distribution in percentile rank of the top scoring pairs. As Figure 7 % shows, the
binding TCRs for the peptides with a high proportion of correctly chosen pairs (GILGFVFTL and
RAKFKQLL) is characterized by having a low percentile rank of around 0.1 (see “Top TP”).

Peptides which had poor predictive performance (mainly those excluded in Figure 6 ) generally
had a poor specificity with less than 20% peptide-TCR pairs chosen correctly. These peptides are
characterized by having a much higher percentile rank for the true peptide:TCR pair, as
exemplified by AVFDRKSDAK in Figure 72, which again indicates the presence of potential
outliers for these peptides.

Interestingly, the percentile ranks for the TCR pairs of two of the peptides FEDLRLLSF and
FEDLRVLSF are characterized by having a very low percentile rank for the second highest scoring
pair. This appears to be at least partially due to a high shared similarity between these two
peptides, causing the model to mislabel the top scoring peptide. For example, for FEDLRLLSF, the
best scoring peptide was FEDLRVLSF 22.2% and 25.9% of the time for predictions and percentile
ranks, respectively. For FEDLRVLSF, the best scoring peptide was FEDLRLLSF 23.8% and 38.1% of
the time for predictions and percentile ranks, respectively.

Generally, it should also be noted that in cases where the correct peptide-TCR is not given the
lowest rank, the correct peptide-TCR pair is given a very high percentile rank, most often greater
than 20 (refer to FN label in Figure 7@). The same observation holds for the top scoring peptides
in these cases (top FP in Figure 7%). This once again indicates that there might be some potential
wrongly labeled outliers in the positive data, even when the data is filtered with the use of the
model predictions.

Performance when data is scarce or absent

Having demonstrated a robust and high performance of the CNN-pan-specific model in the context
of TCR specificity towards known peptides, i.e. peptides included in the training data, we next
turned to the uttermost challenging question namely prediction of TCR specificity towards novel
peptides.

To investigate this, we trained models in a pan-specific leave-one-out setup, where for a given
peptide, both positives and negatives generated from that peptide were removed from the training
data, thus preventing data leakage. This was done both for the NetTCR 2.1 and the updated NetTCR
2.2 architecture. For this experiment, the limited training dataset with outliers removed was used.
This resulted in 26 different models, each of which was evaluated on the peptide dataset for the
left-out peptide. As shown in Figure 87, a performance in terms of AUC slightly better than
random was observed for most of the peptides. Furthermore, a noticeable improvement in
performance was seen for the updated NetTCR 2.2 model. However, the performance was almost
completely random when evaluated in terms of AUC 0.1, as can be seen in Supplementary Figure
11. The only peptides with non-random AUC 0.1 performance were FEDLRLLSF and FEDLRVLSF,
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Figure 7.

Boxplot of percentile ranks per peptide in the rank test, with KLGGALQAK, NLVPMVATV, CTELKLSDY, RLRAEAQVK, RLPGVLPRA,
and SLFNTVATLY excluded. AVFDRKSDAK was included as an example of a peptide with a poor rank in the rank test. Top TP:
Percentile rank of the correctly chosen pairs. Second TN: Percentile rank of the second-best pair, when the correct pair was
chosen. Top FP: Percentile rank of the best scoring pair when the incorrect pair was chosen. FN: Percentile rank of the correct
pair, when the incorrect pair was chosen.
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and this was only the case for the NetTCR-2.2 model architecture. These peptides differ by only a
single amino acid, and the result thus indicates that the updated model in this case is able to
transfer the knowledge gained from training on another similar peptide, which was not the case
with the old architecture.

We next extended the analysis to a leave-most-out setting to investigate how little data is required
in order to train models with non-random performance. Here, a number of training datasets were
generated by subsampling the limited dataset in order to achieve 5, 10, 15, 20, 25, 50 and 100
positive observations, respectively, per peptide. Swapped negatives were also subsample in this
way, keeping a ratio of 1:5 between binders and non-binders. This was only done for the peptides
GILGFVFTL, RAKFKQLL, ELAGIGILTV, IVTDFSVIK, LLWNGPMAYV, CINGVCWTV, GLCTLVAML and
SPRWYFYYL, since they all had substantial performance (AUC 0.1 >= 0.65) for the full model and
more than 100 positive observations to begin with.

In the case of the pre-trained model, the leave-one-out model was used as the startpoint. Rather
than having to re-train the full pan-specific CNN block (which may be impractical, if a user wants
to re-train the model on a new peptide), we decided to instead fine-tune this CNN block by adding
the subsampled data to the leave-one-out training data, while setting the sample weight to 1 for the
new peptide observations, and 0.1 for the remaining observations. The pan-specific CNN block was
then trained for 30 epochs in this way (for details refer to methods).

As shown in Figure 9 and Supplementary Figure 12, all models demonstrated a non-random
performance with as low as 5 positive observations. As expected, a general increase in
performance was observed as more and more data was available for training. This was especially
the case for the TCRbase ensemble model, which strongly outperformed all other models with an
AUC close to 0.8, when the number of training points surpassed 15.

Noticeably, the performance of the baseline TCRbase model did not improve nearly as much as the
CNN-based models when the amount of training data was increased, suggesting that the CNN
models are able to benefit much more from the increased amount of information present in larger
datasets.

External evaluation

IMMREP 2022 Benchmark

Having defined a novel and improved architecture and framework for training models for
prediction of TCR specificity, we next turned to an independent data set to confirm its robustness.
Here, we applied the datasets from the IMMREP 2022 workshop [15 (%], keeping all model
hyperparameters unchanged compared to the different models described above. As shown in
Figure 10 2, the updated peptide-specific models, NetTCR-2.2 - Peptide, significantly outperformed
NetTCR 2.1 (p=0.0367, p=0.0263, p=0.0087 and p=0.0034 for AUC, weighted AUC, AUC 0.1 and
weighted AUC 0.1, respectively). With an unweighted average AUC of 0.8476, this model performed
on par with the best performing model in terms of AUC at the IMMREP workshop, TCRex af§
[332], with an average unweighted AUC of 0.8473. However, to our surprise, and contrary to our
findings on the original dataset of this paper, the NetTCR-2.2 - Pre-trained model underperformed
compared to the peptide-specific model, even though part of this performance loss was recovered
when introducing the TCRbase scaling on the pre-trained model. Furthermore, the NetTCR-2.2 -

Pan model was also found to perform much worse than expected.

We further evaluated the peptide specificity of the models by calculating the average rank of each
peptide in the benchmark specificity test dataset, and compared the ranks to those of the other
methods included in the IMMREP benchmark. As is shown in Supplementary Figure 13, also here
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Figure 10.

Boxplot of reported unweighted AUC per peptide for the models in the IMMREP benchmark, as well as the updated NetTCR
2.2 models. Except for the updated NetTCR 2.2 models (NetTCR 2.2 - Pan, NetTCR 2.2 - Peptide, NetTCR 2.2 - Pre-trained and
TCRbase ensemble) the performance of all models is equal to the reported performance in the IMMREP benchmark. The
color of the bars indicates the type of input used by the model. Machine-learning models are labeled with black text, whereas
distance-based models are labeled with blue text. Note that the TCRbase ensemble is a mixture between a machine-learning
and distance-based model.
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the average ranks of the updated models were found to be comparable to the best performing
models in the IMMREP benchmark.

To understand the source of the relatively poor performance of the pan-specific models in this
benchmark, we further investigated the IMMREP datasets. Even though the construction of
IMMRep datasets was made to ensure that no positive TCR was shared between the training and
test data sets, inspection of the data revealed that swapped negatives were present in the training
data, which originated from positive peptides in the test data. When a pan-specific model is
trained on such data, this results in certain TCRs being “seen” only as non-binders only during the
model training. Given this, the model will likely assign such TCRs as negative when asked to
predict the test data. This problem is limited to pan-specific models hence explaining the reduced
performance compared to the peptide-specific model.

Further, as shown in Supplementary Table 6, the degree of redundancy between training and test
data was relatively high for many of the peptides. This redundancy between the IMMREP test and
training data may result in test performance overestimation since the models observe similar TCR-
peptide combinations during training.

When comparing the per peptide AUC of all models to the per peptide redundancy between
training- and test data, we observed a Pearson correlation of 0.428 (sample size of 370), which was
a much stronger correlation than observed between the number of training observations and AUC
(0.062).

To address these issues, we applied the redundancy reduction and swapped negative data
generation (generating the swapped within each data partition) from our own data pipeline on the
training data, while ensuring a positive to swapped negative ratio of 1:3 and positive to negative
control ratio of 1:2, as was the case for the original IMMREP dataset. The performance of the
different models was next assessed via nested cross-validation on this dataset, rather than the
original left-out test data. As shown in Figure 11, this data setup once again resulted in the pre-
trained models outperforming the peptide-specific models, and that the use of TCRbase scaling
together with the pre-trained model resulted in the overall best performance, in line with our
earlier findings. Moreover, the overall performance of the models was found to drop, especially
for the peptides with a high degree of redundant data, confirming a degree of performance
overestimation in the original benchmark (see Supplementary File
“nettcr_IMMREP_performance.xlsx” for individual peptide performance).

Discussion

Here, we have presented an improved NetTCR framework for prediction of TCR specificity
including updates to the training data, modeling architecture and training setup, with the goal of
increasing the overall performance and generalization power of the model. First and foremost, the
update includes a substantial expansion of the training data to 26 peptides, up from the six
peptides available for predictions in NetTCR 2.1. The model updates included dropout and peptide-
specific sample weights to deal with data imbalance, forcing the model to focus more evenly on all
peptides, and resulted in vastly improved performance in the pan-specific setup. This
performance gain was particularly pronounced for peptides with few observed binding TCRs. The
updated architecture in the form of more hidden units in the dense layer, the change from sigmoid
to ReLu activation for the max-pooling, and the introduction of dropout further improved the
NetTCR model. A variation of the updated architecture was also investigated, which combined the
properties of the pan-specific and peptide-specific models, by having two separate CNN blocks
where one block was pre-trained separately in pan-specific setup, followed by training the second
block in a peptide-specific setup. This pre-training setup resulted in an additional increase in
performance, mainly for the least abundant peptides.
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Boxplot of unweighted AUC per peptide for the NetTCR 2.1 and 2.2 models, when trained and evaluated on the redundancy
reduced dataset. The evaluation was performed using a nested cross-validation setup.
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How to best use available data for training

The scarness of paired TCR data means that it often could be tempting to include all available data
to the fullest, and include all redundant data for training. However, as we show here, the addition
of redundant data in the training does not lead to improved performance. In fact, we found that
the addition of redundant data may cause pan-specific models to underperform if the peptide
imbalance of data is not accounted for, since the inclusion of redundant data often results in a
further increased peptide imbalance.

The observation that the predictive performance for some peptides was much lower than
expected given the amount of available training data, led us to believe that outliers in the form of
false positives might be a potential issue. Furthermore, many of these peptides had in common
that the main source of data was 10X sequencing [24 %], a platform known to have a high

learning driven approach for outlier detection using the predictions of the peptide-specific NetTCR
models to identify observations which repeatedly received very poor predictions. The removal of
these potential outliers from the training led to significantly improved test performance. It should
also be noted that the data applied in the study included denoising for most of the 10X data in the

denoising steps, indicating that denoising methods should still be improved upon. While the use of
our model predictions to remove outliers resulted in improved performance, we believe that this
approach should only be considered a proof-of-concept, and that more elaborate ways to identify
outliers merit further investigation.

Integrating distance-based methods

can improve performance of ML models

Inspired by the observation that sequence similarity distance-based models often achieve very
high performance for the prediction of TCR specificity [15 2], we investigated if integrating
TCRbase predictions could improve the performance of our models. We integrated TCRbase by
scaling the CNN prediction with the TCRbase prediction to a power of a, and found that the
performance of this ensemble (Pre-trained + TCRbase) achieved a significantly improved
performance in terms of AUC and AUC 0.1. Interestingly, further inspections revealed that the
increased performance mainly resulted from improved discrimination of binders and non-binders
when the binding-threshold was set to result in a low FPR. Given how we are often interested in
keeping the FPR very low for TCR specificity predictions, the simple integration of TCRbase can
thus vastly benefit many real-world use-cases for TCR specificity predictions. While we decided to
use a general a of 10 for the TCRbase scaling, it is possible that performance could be improved
further, if a is allowed to be flexible depending on the peptide. For example, one could imagine
that a peptide with a very high TCRbase predictive performance could benefit from a higher q,
compared to another peptide with a lower TCRbase performance. Furthermore, the amount of
positive data also influences which a is optimal. It would therefore be interesting to further
investigate this, as this could potentially lead to further improved performance. Finally,
investigating the relation between TPR and FPR at different values of a could also benefit many
actual use-cases, considering that the optimal alpha value could be determined based on the
desired maximum FPR rate.

Predictions for unseen peptide

It has repeatedly been shown that predicting TCR specificity for “unseen” peptides is extremely
hard, especially for peptides that are very dissimilar to the peptides included in the training data
[42][17 Z]. Investigating the performance of the pan-specific models in a leave-one-out setup

revealed that the performance on unseen peptides overall remained very poor, also for the
updated NetTCR-2.2 model. While the performance for NetTCR-2.2 in terms of AUC was generally
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better than random, the performance in terms of AUC 0.1 was very close to random, severely
limiting its general potential use. Nevertheless, we observed that the performance of NetTCR 2.2 in
the leave-one-out setup was improved when compared to NetTCR 2.1, especially for two peptides
sharing a high mutual similarity. While the performance for these two peptides was still low
compared to that observed in the full training setup, this result affirms that given a broad enough
peptide coverage, pan-specific models have the potential to predict binding also for unseen
peptides.

Improved performance when data is scarce

While high performance for unseen peptides so far remains very challenging, another important
issue is to boost performance for peptides with relatively few observations. Performing a leave-
most-data-out, a substantial increase in performance was observed compared to the leave-out-out
experiment with as little as five training observations, and already with 15 observations, a
satisfactory performance was observed. This is in great contrast to earlier work, where a number
suggest that the pre-trained models can beneficially be used as seeds for the development of
peptide-specific models allowing for rapid fine-tuning to new data.

We also observed that the TCRbase ensemble based on the pre-trained model consistently
outperformed any of the other models, both when data was very scarce, but also as the amount of
training data was increased, highlighting the benefits of integrating distance-based methods for
predictions. As a final note, we would also expect that the discrepancy between the performance
of the peptide-specific- and pre-trained model will become larger as the number of peptides to
train on increases in the future, as a pan-specific CNN block trained on a more diverse dataset
should allow for better generalization.

Performance on IMMREP 2022 benchmark

To compare the updated models with other models for TCR specificity predictions, we applied the
that the updated peptide-specific model performed on par with the best models in the benchmark.
We however also observed that the pre-trained model performed worse than expected. Careful
inspection of the data revealed that swapped negatives had been generated across the test and
training data, meaning that some TCRs were only seen as negatives in the training, whereas they
could be positive in the test data, albeit for a different peptide. This problem strongly affected the
pre-trained model, which had a pan-specific component. Furthermore, since redundancy was only
dealt with by removing duplicate TCRs, redundancy in both training and test data was observed,
resulting in a certain degree of performance overestimation. This was for instance reflected in an
unusually high performance for the peptides which had higher degrees of redundancies between
training and test data.

To deal with these problems, we performed redundancy reduction on the training data identical to
what was done for our novel extended data set, and made sure to only generate swapped
negatives from TCRs within a given partition. We then trained and evaluated our models using the
nested cross-validation approach on this redundancy reduced data. Here, we recovered the earlier
conclusion that the pre-trained models outperformed the peptide-specific models, and that the
integration of TCRbase led to the highest overall performance. These results thus strongly
underline a problematic issue with data redundancy and the leakage of swapped negative TCR
between training and test datasets present in the IMMREP benchmark. This is of high concern,
since these properties, as shown here, are in particular detrimental for pan-specific models.
Considering this, we encourage the creation of a new benchmark which takes these issues into
account, while ideally also expanding on the number of peptides present for predictions.
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Conclusion

In this work, we have demonstrated how prediction of TCR specificity can be greatly improved by
introducing minor but critical updates to the NetTCR training and modeling framework. While
also improving on the peptide-specific models, these updates in particular boost the performance
of pan-specific models. In addition, we show that pre-training models on pan-specific data,
followed by training in a peptide-specific setup, leads to substantially improved performance,
especially when the amount of data is low. Scaling the predictions from NetTCR with similarity to
known binders is also shown to boost performance. Further, we have for the first time
demonstrated how machine learning models can be designed and applied for rational data
denoising in the context of TCR specificity data. The performance for “unseen” peptides was found
to be overall low. However, the results demonstrated an encouraging tendency of high predictive
power in cases of “unseen” peptides with high similarity to the training data.

Software and data availability

The final peptide-specific, pan-specific and pre-trained models, along with the main datasets, are
available on GitHub at https://github.com/mnielLab/NetTCR-2.2%, and a web server for the pan- and
pre-trained models is available at https://services.healthtech.dtu.dk/services/NetTCR-2.2/%, where an
easy-to-use interface is provided for predictions.
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Reviewer #1 (Public Review):

In this article, different machine learning models (pan-specific, peptide-specific, pre-trained,
and ensemble models) are tested to predict TCR-specificity from a paired-chain peptide-TCR
dataset. The data consists of 6,358 positive observations across 26 peptides (as compared to
six peptides in NetTCR version 2.1) after several pre-processing steps (filtering and
redundancy reduction). For each positive sample, five negative samples were generated by
swapping TCRs of a given peptide with TCRs binding to other peptides. The weighted loss
function is used to deal with the imbalanced dataset in pan-specific models.

The results demonstrate that the redundant data introduced during training did not lead to
performance gain; rather, a decrease in performance was observed for the pan-specific
model. The removal of outliers leads to better performance.

To further improve the peptide-specific model performance, an architecture is created to
combine pan-specific and peptide-specific models, where the pan-specific model is trained on
pan-specfic data while keeping the peptide-specfic part of the model frozen, and the peptide-
specific model is trained on a peptide-specific dataset while keeping the pan-specific part of
the model frozen. This model surpassed the performance of individual pan-specific and
peptide-specific models. Finally, sequence similarity-based predictions of TCRbase are
integrated into the pre-trained CNN model, which further improved the model performance
(mostly due to the better discrimination of binders and non-binders).

The prediction for unseen peptides is still low in a pan-specific model; however, an
improvement in prediction is observed for peptides with high similarity to the ones in the
training dataset. Furthermore, it is shown that 15 observations shows satisfactory
performance as compared to the ~150 recommended in the literature.

Models are evaluated on the external dataset IMMREP benchmark). Peptide-specific models
performed competitively with the best models in the benchmark. The pre-trained model
performed worst, which the authors suggested could be because of positive and negative
sample swapping across training and testing sets. To resolve this issue, they applied the
redundancy removal technique to the IMMER dataset. The results agreed with earlier
conclusion that the pre-trained models surpassed peptide-specific models and the integration
of similarity-based methods leads to performance boost. It highlights the need for the
creation of a new benchmark without data redundancy or leakage problems.
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The manuscript is well written, clear and easy to understand. The data is effectively
presented. The results validate the drawn conclusions.

https://doi.org/10.7554/eLife.93934.2.sa1

Reviewer #2 (Public Review):

Summary:

The authors describe a novel ML approach to predict binding between MHC-bound peptides
and T-Cell receptors. Such approaches are particularly useful for predicting the binding of
peptide sequences with low similarity when compared to existing data sets. The authors focus
on improving dataset quality and optimizing model architecture to achieve a pan-specific
predictive model in hopes of achieving a high precision model for novel peptide sequences.

Strengths:

Since assuring the quality of training datasets is the first major step in any ML training
project, the extensive human curation and computational analysis and enhancements made
in this manuscript represent a major contribution to the field. Moreover, the systematic
approach to testing redundancy reduction and data augmentation is exemplary, and will
significantly help future research in the field.

The authors also highlight how their model can identify outliers and how that can be used to
improve the model around known sequences, which can help the creation and optimization
of future datasets for peptide binding.

The new models presented here are novel and built using paired a/B TCR sequence data to
predict peptide-specific TCR binding, and have been extensively and rigorously tested.

Weaknesses:

Achieving an accurate pan-specific model is an ambitious goal, and the authors have
significant difficulties when trying to achieve non-random performance for prediction of TCR
binding to novel peptides. This is the most challenging task for this kind of model, but also the
most desirable when applying such models to biotechnological and bioengineering projects.

The manuscript is a highly technical and extremely detailed computational work, which can
make the achievements and impact of the work hard to parse for application-oriented
researchers, and still hard to translate to real-world use-cases for TCR specificity predictions.

https://doi.org/10.7554/eLife.93934.2.sa0

Author Response
The following is the authors’ response to the original reviews.

We thank the editor and reviewers for their valuable feedback and comments. Below we
have addressed all points carefully and have, when needed, revised the manuscript
accordingly.

Note that we have taken the opportunity to correct minor typos and unclear text in the
revised manuscript.

Of importance to the editors and reviewers, we detected a few minor factual errors in the
method section, which we have now corrected. The first error was that we wrongfully stated
that our final dataset had 6358 unique TCRs, whereas it was in fact 6353 unique TCRs. The
second error was that we stated that the maximum length of CDR13 was 5, where it was in
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fact 6. The last error was that we stated that we used a Levenshtein distance of at least 3 to
discard similar peptides when swapping the TCRs to generate negatives. This should have
been a Levenshtein greater than 3, to match the script we used to generate negatives (though
no peptides had a Levenshtein distance of exactly 3).

elife assessment

This important study reports on an improved deep-learning-based method for predicting
TCR specificity. The evidence supporting the overall method is compelling, although the
inclusion of real-world applications and clear comparisons with the previous version
would have further strengthened the study. This work will be of broad interest to
immunologists and computational biologists.

It is not fully clear to us what is meant by “clear comparisons with the previous version”. In
the manuscript we consistently compare the performance of each novel approach introduced
to that of the ancestor NetTCR-2.1. Further, we concluded the manuscript with a performance
to a large set of current state-of-the-art methods by training and evaluating the novel
modeling framework on the IMMREP22 benchmark data.

We agree that the manuscript can be improved by including a brief discussion of real-life
applications of models for prediction of TCR specificity, and have included a brief text in the
introduction.

Reviewer #1 (Recommendations For The Authors):

It was a great pleasure to read this article. All the concepts and motivations are clearly
defined. I have just a few questions.

What was the motivation behind employing a 1:5 positive-negative ratio? Could it be the
cause of worse performance in the case of outliers?

The ratio 1:5 is based on results from earlier work [36561755]. In this work, negatives were
constructed as a mix of swapped and true (i.e measured) negatives with a ratio 1:5 for each.
This work demonstrated a slight gain when including both types of negatives compared to
only using swapped. In a subsequent publication [https://doi.org/10.1016/j.immuno.2023
.100024], it demonstrated that optimal performance was obtained when only including
swapped negatives (again in a ratio 1:5). Given this, we maintained this approach in the
current work. It is clear that this choice is somewhat arbitrary, and that further work is
needed to fully address this issue and the general issue of how to best generate negatives for
ML of TCR specificity. Such work is in our view however beyond the scope of the current
manuscript.

Why is the patience of 200 epochs for peptide-specific models and 100 epochs for pan-
specific and pre-trained models used in the context of the early stopping mechanism?

We observed that the loss curve was overall very stable in the case of pan-specific training,
likely due to the large amount of data included in this training. Therefore, these models were
less likely to become stuck in a local minimum during training, meaning that a lower
patience for early stopping would not prevent the model from learning optimally. In contrast,
we found for some peptides that the loss curve was very erratic, and would sometimes
become stuck in a local minimum for an extended time. To resolve this, the patience was
increased from 100 to 200, which resulted in a better chance to escape these minima, as well
as a better overall performance.

Why is weight 3.8 used in the weighted loss function in the pan-specific model?
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The weighted loss was scaled with a division factor (c) of 3.8, in order to get an overall loss
that was comparable to training without sample weights. This was primarily done to better
compare the two approaches (scaling and no scaling) in terms of loss, and not so much to
improve the training itself, as we already use a relatively conservative sample weight scaling
based on log2. We have added a brief sentence to clarify this in the manuscript.

Reviewer #2 (Recommendations For The Authors):

This work is the evolution of previous studies that developed the NetTCR platform, and in
a previous paper cited in this study, the authors explore the paired dataset approach
with "paired a/B TCR sequence data”. In this manuscript, the authors should make clear
what advances were made when compared to the previous study. This is not clear,
although extensive reference is made to NetTCR 2.0 and 2.1. Differences are scattered
throughout the manuscript, so I would suggest a section or paragraph clearly
delineating the advances in model architecture and training when compared to previous
versions recently published.

It is not clear to us when the reviewer is referring to when stating “the authors should make
clear what advances were made when compared to the previous study”. Throughout the
manuscript we consistently compare the performance of each novel approach introduced to
that of the ancestor NetTCR-2.1. In addition, we briefly discuss all of the changes to the
architecture and training at the start of the discussion section. Further, we concluded the
manuscript with a performance to a large set of current state-of-the-art methods by training
and evaluating the novel modeling framework on the IMMREP22 benchmark data. It is
correct that the advances are described progressively by introducing each novel approach
one by one, i.e. refining the machine learning model architecture and training setup, data
denoising in terms of outlier identification in the training data, new model architectures
combining the properties of a pan- and peptide-specific model, and integration of similarity
based approach to boost model performance). We believe this helps better justify the
relevance of each of the novel approaches introduced.

In Figure 3, the colors have labels, but they are not explained in the legend or in the text.
This makes it very difficult to understand the data in the various columns. Also, since it
represents the Mean AUC, the data would be best displayed with a boxplot or a mean
and bars for variance.

We agree, and have changed Figure 3 and its corresponding AUC 0.1 figure (Supplementary
Figure 1) into a boxplot. We also further clarified what the different models were in the
figure text.

Given the potential impact of this work on bioengineering and biotechnology, I would
suggest adding a paragraph or section to the discussion where potential applications of
the current model, or examples of applications of previous (or competing) models have
been used to further biological research.

We agree and have added a brief sentence in the introduction to outline biotechnological
applications of models for prediction of TCR specificity.
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