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Abstract

To understand the functioning of our immune system better, it is necessary to know whether
a given TCR-pMHC (T Cell Receptor peptide-Major Histocompatibility Complex) pair binds.
This problem is difficult due to vast variability of TCRs. Therefore, various machine learning
approaches have been used to create models that are capable of predicting TCR specificity. In
this study, we apply pre-trained TULIP (Transformer-based Unsupervised Language model for
Interacting Peptides), without additional fine-tuning, to predict TCR specificity on the BAT-
CAVE (Benchmark for Activation of T Cells with Cross-Reactive Avidity for Epitopes) database.
TULIP has not seen the data from this database before, and hence evaluating its performance on
this data is informative, as T cell recognition models often struggle on previously unseen data.
We conducted two sets of experiments, first on the larger subset of the BATCAVE database, and
computed AUC (Area Under the Curve) = 0.544. This result demonstrates limited predictive
capability for TCR specificity. The second set of experiments was conducted on a smaller subset,
structured to minimise class imbalance, and containing different mutants of an index peptide
paired with the same TCR. We achieved AUC = 0.572, a more promising result; however, the
Pearson correlation p-value of ≈ 0.32 substantially exceeds the significance threshold of 0.05,
indicating that correlation between predicted scores and peptide activity is not statistically sig-
nificant. We conclude that TULIP is not a preferable way to predict TCR specificity on the
BATCAVE database, and recommend BATMAN (Bayesian Inference of Activation of T Cell Re-
ceptor by Mutant Antigens) as a more suitable option, given its training on this database. More
broadly, current T cell recognition models are not yet reliable enough for real-world deployment,
and future efforts should focus on improving the quality and quantity of available databases and
developing models capable of generalising to unseen peptides.
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Chapter 1

Introduction

T cell recognition refers to the process by which T cells scan peptides presented on the surface
of a cell and determine whether an immune reaction is necessary by distinguishing self-antigens
from foreign antigens. Central to this process is T cell receptor (TCR) specificity, which refers to
the ability of a TCR to selectively bind to a particular peptide-major histocompatibility complex
(pMHC), determined by the structural properties of the TCR.

T cells have great cross-reactivity that makes them truly complex [1]. Such variability is im-
portant to study, as it can provide insight into various immunity-related phenomena such as
autoimmune disease diagnostics, vaccine development, cancer treatment, and immunotherapy.

Over the past few years, several machine learning methods (from matrix-based approaches to
protein language models) have emerged with the goal of predicting whether a TCR binds to a
particular peptide based on amino acid composition. One such model is TULIP, a transformer-
based unsupervised language model [2]. Specifically, when presented with a peptide, it is capable
of predicting the binding likelihood to a given TCR. It is important to evaluate how such models
perform on new datasets and whether they generalise beyond their original training context.

The aim of this research is to evaluate TULIP on the task of T cell recognition prediction and
benchmark its performance against existing models. Given the relevance of this task to under-
standing autoimmune diseases and vaccine development, improving predictive accuracy remains
an important research goal. We further specify our goal with following research questions:

Question 1: To what extent do TULIP scores predict TCR specificity on the BAT-
CAVE database?

Question 2: Can TULIP predict how different mutants of the same index peptide
activate a given TCR?

Question 3: Does TULIP achieve sufficient predictive performance to be used for
further research?

Motivation behind choosing TULIP is that it ranks among top-performing T cell recognition
models in recent benchmarking studies [3, 4, 5]. Additionally, unlike most competing models
which rely on labelled training data, TULIP is unsupervised. This makes it particularly in-
teresting to investigate whether an unsupervised approach could be a preferred method over a
supervised one for T cell recognition in the future.
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TULIP’s transformer-based architecture is well-suited for the task of T cell recognition. Its
bidirectional attention mechanism allows it to capture the full sequence context of the TCR-
pMHC complex, enabling the model to predict binding likelihood, as binding depends on the
overall structural compatibility between TCR and pMHC. We evaluate its performance using
Pearson correlation and AUC. Our results indicate that TULIP achieves performance ranging
from marginal (AUC ≈ 0.52) to modest (AUC ≈ 0.57).

The field of T cell recognition is advancing rapidly. New models are developed each year and
evaluated in benchmarking competitions to identify the most successful approaches. In this
study, we evaluate TULIP on data from the BATCAVE database, enabling us to compare it
with the performance reported for BATMAN on the same data [6, 7].

We introduce necessary biological and technical background in Chapter 2. Datasets and models
that were used are described in Chapter 3. We provide broader look into the field of T cell
recognition inChapter 4. Our experimental findings and corresponding evaluation methodology
are detailed in Chapter 5. Finally, we summarise the contributions and limitations of this study
in Chapter 6.
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Chapter 2

Preliminaries

In this chapter, we introduce concepts that are necessary to understand our research. Follow-
ing sections provide background on the immune system and T cells, structural composition of
transformers and their various types, and statistical metrics that were used for evaluation of our
results.

2.1 Background into immune system

Immune system plays an important role in protection against cancer cells and infections. One
of the key components of the immune system are T cells. T cells play a role in eliminating
abnormal cells, such as those presenting viral antigens. They achieve this, through their T
cell receptor (TCR), by distinguishing between self-antigens, which are naturally present in the
body, and foreign invaders, such as those from viruses or bacteria [2]. In this context, T cells do
not recognise whole antigens directly. Instead, they recognise short fragments called peptides.
Peptides that can be recognised by a TCR are referred to as epitopes. For further reading, you
can learn more about T cells in Fabbri, Smart, and Pardi [8].

2.1.1 Structure of T cell receptor

The T cell receptor (TCR) is a protein located on the surface of a T cell. Most TCRs consist of
two protein subparts called the α and β chain [9]. Structure of TCR is shown in Figure 2.1.

The binding site of the TCR consists of six complementarity determining regions (CDRs), with
three CDRs per chain: CDR1, CDR2, and CDR3 [9]. CDR1 and CDR2 do not vary significantly
between chains, whereas the CDR3 is crucial in determining which antigens can be recognised
by the TCR [9, 10].

The CDR3 amino acid sequence diversity of the TCRβ chain alone is estimated to be 5 × 1011

[10]. Based on this, Joglekar and Li [11] estimates the total diversity of the TCR repertoire in a
single individual to be in the range of 1011–1012 unique TCRs.

TCR recognition is supported by co-receptors CD4 and CD8, which are non-clonally distributed
proteins that co-recognise ligands of the TCR [12]. CD4 is expressed on helper or regulatory T
cells and binds MHC class II molecules, while CD8 is expressed on cytotoxic T cells and binds
MHC class I molecules [12].
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Figure 2.1: Schematic representation of TCR-pMHC binding taken from [13].

2.1.2 Types of MHC and their importance

Major histocompatibility complex (MHC) molecules partake in the presentation of protein frag-
ments from inside the cell, called peptide antigens, to T cells [14]. MHC molecules thus form the
molecular basis of TCR-peptide-MHC (TCR-pMHC) binding, as is shown in Figure 2.1, which
is crucial for T cell recognition and immune system function.

According to Janeway et al. [14], human leukocyte antigen (HLA) genes encode MHC molecules
in humans. MHC molecules are divided into two classes: class I and class II. MHC class I
molecules are encoded by HLA-A, HLA-B, and HLA-C loci (specific positions on chromosomes
where genes are located) and present intracellularly derived peptides to CD8+ T cells. MHC
class II molecules are primarily encoded by HLA-DR, HLA-DP, and HLA-DQ loci and present
extracellularly derived peptides to CD4+ T cells.

The purpose of MHC class I molecules is to alert the immune system about intracellular (inside
the cell) infection to target infected cells for destruction, whereas MHC class II molecules guide
intercellular co-operation between immune cells in an immune response and help to combat
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extracellular (outside the cell) infections [12].

2.2 Transformers and their function

The Transformer is a neural network architecture comprising an encoder-decoder structure in-
troduced by Vaswani et al. [15].

2.2.1 Encoder and decoder

The encoder transforms the input sequence into a hidden representation, while the decoder
generates the output sequence from the encoder’s representation [16], as illustrated in Figure 2.2.
The encoder is composed of a multi-head self-attention mechanism followed by a position-wise
feed-forward neural network.

The decoder has a similar composition as the encoder, but additionally contains an encoder-
decoder attention mechanism [16]. The decoder can attend to all positions thanks to its self-
attention layers [15]. It uses softmax function, described in subsection 2.3.1, on its output to
predict distribution of probabilities for the next token [15].

Each layer of both encoder and decoder contains a fully connected feed-forward neural network.
Every feed-forward network contains a hidden layer with weights and an activation function that
applies a linear transformation to the input [15].

Figure 2.2: Simplified encoder-decoder architecture where encoder takes input and transforms it
into a hidden representation, which is then used by decoder to compute an output.

2.2.2 Self-attention mechanism

Self-attention is a mechanism that allows a model to compute a representation of a sequence by
relating each position to all other positions within the same sequence [15]. Self-attention operates
on vector representations of queries, keys and values, where weights are computed based on the
similarity between queries and keys and applied to the values to produce the output [15].

The multi-head self-attention mechanism is a significant improvement over previous approaches
as it allows the model to apply self-attention in parallel across multiple representation subspaces
as illustrated in Figure 2.3.
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Figure 2.3: Self-attention mechanism (left) and multi-head self-attention mechanism (right) taken
from [16].

2.2.3 Masked language models

Masked language models (MLMs) are a type of model trained using masked language learning,
where a random token in a sequence is swapped with a mask token and the model has to predict
it based on the other tokens in the sequence.

A well-known example of an MLM for natural language processing (NLP) tasks is Bidirectional
Encoder Representations from Transformers (BERT) [17]. NLP is a field concerned with the
computational processing and understanding of human language, encompassing tasks such as
text classification and question answering.

Protein language models (PLMs) apply the principles of language modelling to biological se-
quences. TULIP, for instance, is a PLM that uses masked language modelling, training the
model to predict masked amino acids in a sequence, whose order determines a specific protein.
The functioning of both NLP and PLM models is illustrated in Figure 2.4.

2.2.4 Purpose of tokens

Tokens are a crucial part of MLMs as they segment the input data into discrete units and
produce sequence representations that are later used for classification tasks [17], while also being
necessary for training the MLMs. subsection 2.2.5 and subsection 2.2.6 describe specific tokens
used by BERT and TULIP.

2.2.5 BERT tokens

The BERT paper introduced the following tokens as part of its pipeline for NLP tasks [17]:
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Figure 2.4: Comparison between two types of masked language models, natural language pro-
cessing model (top) and protein language model (bottom).

[CLS] is a classification token prepended to every input sequence. Using self-attention, its final
hidden state aggregates information from all other tokens in the sequence. It produces a
single vector representation of the input that is used for classification.

[SEP] is a separator token that separates two segments from each other. This token is not directly
used in TULIP, as it is replaced by two tokens [SOS] and [EOS] which perform a similar
task.

[MASK] is a token used to replace the target token that the MLM has to predict during the training
phase.

2.2.6 TULIP tokens

TULIP introduces several additional tokens beyond those defined in the BERT paper [2]:

[PAD] is a token used to pad sequences to a uniform length.

[SOS] is a token that denotes the start of the input sequence.

[EOS] is a token that denotes the end of the input sequence.

[UNK] is a token that denotes unknown characters.

[MIS] is a token that denotes missing information at a given position in the input sequence. It
is used to handle incomplete data entries, which are common in biological databases, by
explicitly marking absent values.

10



2.2.7 TULIP architecture

There exist numerous variants of the Transformer architecture. In this work, we focus on the
transformer-based unsupervised language model TULIP, which was designed for TCR specificity
prediction [2].

TULIP is an MLM model based on the BERT framework introduced by Devlin et al. [17]. This
architecture enables bidirectional contextual learning and can be readily adapted to various
downstream tasks, including T cell recognition.

TULIP has three encoders and three decoders, each specialised based on their input. As il-
lustrated in Figure 2.5, α Encoder, β Encoder, and e Encoder take as input an embedded
representation of CDRα, CDRβ, and epitope, respectively. Each of them computes a hidden
representation that is passed to the decoders.

α Decoder, β Decoder, and e Decoder compute the log-likelihood of their associated variable
conditioned on the hidden representation from the other two encoders and the embedded MHC
representation.

Figure 2.5: TULIP encoder-decoder architecture taken from [2].

2.3 Statistical and computational methods

In this section, we introduce statistical and machine learning metrics that are either a part of
TULIP’s architecture or used by us to evaluate its performance.

2.3.1 Softmax function

The softmax function converts a collection of values into a probability distribution by computing
the exponentials of each element divided by the sum of all exponentials [18]. It is defined as:

σ(x)j =
exj∑
k e

xk
(2.1)
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where xj represents a value of a vector x at position j and e represents Euler’s number.

2.3.2 Pearson correlation

Pearson’s correlation coefficient r, introduced by Pearson [19], measures linear association be-
tween two continuous variables. Coefficient r ranges from −1 to 1 where 0 means no linear
correlation, a positive correlation indicates that as one variable increases so does the other, while
a negative correlation indicates that as one variable increases the other decreases.

The p-value is used to determine the statistical significance of the correlation, where p-value <
0.05 represents a significant finding. It denotes the probability of observing the computed cor-
relation, under the null hypothesis of no linear correlation between two variables. In this study,
we compute r using scipy.stats [18], defined as:

r =

∑
(x−mx)(y −my)√∑

(x−mx)2
∑

(y −my)2
(2.2)

where mx and my are the means of input arrays x and y respectively.

2.3.3 Area under the ROC curve

Receiver operating characteristic (ROC) curves are used to evaluate and visualise the perfor-
mance of classifiers [20]. They plot the true positive rate against false positive rate across dif-
ferent classification thresholds. They are often used for domains with skewed class distribution
and unequal classification error costs.

Area under the ROC curve (AUC) summarises the overall performance of the classifier as a
single scalar value, representing the probability that the model ranks a randomly chosen positive
instance higher than a randomly chosen negative one [20]. The confusion matrix, in Figure 2.6,
visualises how true and false positive rates are computed.

Figure 2.6: Confusion matrix and performance metrics as is found in [20].

Some problems require the false-positive rate to be below a specific threshold; otherwise the
particular approach is not useful [21]. This is particularly relevant in medical applications,
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where false positives can have serious consequences, motivating the use of partial AUC metrics.
AUC0.1 is a partial AUC metric that integrates the ROC curve only up to a false-positive rate of
0.1 [21]. The following formula is taken from [5], which will be further discussed in Chapter 4:

average AUC0.1 =
1

N

N∑
1

AUC0.1(p) (2.3)

where N is the number of peptides in the test set and AUC0.1(p) is AUC0.1 for peptide p.

13



Chapter 3

Methods

In this chapter, we describe how we processed our datasets and explain how we adapted the
original TULIP implementation, obtained from [22], for the purpose of this study. The datasets
used for evaluation were obtained from [7] and preprocessed as described in section 3.1.

3.1 Datasets

TULIP has been trained on various databases as described in its paper [2] which are further
discussed in section 4.1. To evaluate TULIP’s performance on T cell recognition, we use the
data from the BATCAVE database [7] which is examined in more detail in section 4.3. We
developed a script called extract database.py that preprocesses the datasets as follows:

• removes entries corresponding to mouse data, retaining only human samples

• removes entries that are missing CDR3 sequence information

• retains only the following columns: index, CDR3α, CDR3β, MHC, peptide, activation,
peptide activity

Additionally, the activation column, renamed to binder, was converted from ternary labels (0:
non-binder, 1: weak binder, 2: strong binder) to binary labels (0: non-binder, 1: binder), where
weak and strong binders were merged into a single positive class. This data transformation is
required for AUC computation, which operates on binary class labels.

We created two subsets from the BATCAVE database, namely BATCAVE subset.csv and mutant-
subset.csv, that are used for experiments regarding the first and second research questions,
respectively. The BATCAVE subset.csv contains over 10,000 entries, with multiple TCRs per
peptide, whereas the mutant subset.csv contains approximately 2,000 entries, with one TCR
per index peptide. So each TCR is associated with multiple mutants of one index peptide. It
contains an additional index peptide column and is derived from the subset, which was filtered
to minimise class imbalance.

Only MHC class I molecules are included, as MHC class I is more extensively represented in
available databases compared to MHC class II. Both subsets contain only peptides of length 9
and 10, and their representative samples are illustrated in section A.2.
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The subsets include only CDR3 sequences, as CDR3 is the principal determinant of antigen
binding specificity due to its direct interaction with the peptide [23]. Therefore, CDR3 serves as
the main input feature in T cell recognition models.

3.2 Model

The original TULIP model was trained on n = 209,779 non-redundant data entries containing
an epitope and at least one chain of the TCR [2]. We downloaded the codebase from [22].
We did not pre-train or fine-tune the model as this was beyond the scope of this study due
to computational constraints. We modified the prediction pipeline, specifically the component
responsible for score computation after model initialisation and token setup.

The first set of experiments, addressing our first research question, was conducted on BATCAVE subset

with the following procedure.

We grouped different TCRs paired with the same peptide, denoted as target peptide. For
each target peptide, TULIP predicted interaction scores for all corresponding TCR-pMHC
pairs. The resulting scores were merged with binder and peptide activity columns into a
single data frame for further analysis.

Additionally, we saved intermediate results containing Pearson correlation and AUC per target
peptide. These intermediate results are not discussed further in this study; however, they are
available at our GitHub repository for further inspection (see section A.1).

The second set of experiments, addressing our second research question, follows an almost iden-
tical procedure but was conducted on mutant subset and intermediate results are not saved.
Instead of grouping by target peptide, we grouped different mutant peptides sharing the
same index peptide and TCR-pMHC pair. For each index peptide and its corresponding
TCR-pMHC pair, TULIP predicted interaction scores for all associated mutant peptides.

For both sets of experiments, we computed the overall Pearson correlation on the merged data
frame. We also computed AUC using scikit-learn [24]. A detailed description of our evaluation
approach and findings is provided inChapter 5. The modified code and datasets can be accessed
via our GitHub repository (see section A.1).
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Chapter 4

Related Work

In this chapter, we examine currently used TCR databases and the state-of-the-art models for
T cell recognition. We also discuss BATMAN, whose performance is compared with TULIP in
Chapter 5.

4.1 TCR Databases

As established in subsection 2.1.1, the TCR repertoire is enormous. This poses a challenge for
T cell recognition models, which tend to achieve significantly higher predictive accuracy on data
encountered during training or finetuning, referred to as seen data, compared to previously unseen
data. An approach to minimise this problem is to train the models on various complementary
databases.

McPAS-TCR (manually curated catalogue of pathology-associated T cell receptor sequences)
is a database that focuses on the association between TCR sequences and various diseases. It
collected data from 118 publications into one database that contains around 5,100 TCR sequences
[25].

VDJdb is a database that focuses on TCR-pMHC binding interactions rather than disease as-
sociation. It contains over 5,000 TCR sequences, which were obtained from new donor samples
reported in more than 100 publications [26].

The immune epitope database (IEDB) contains data on B cell and T cell epitopes, along with
their associated MHC molecules and peptides, with a focus on autoimmune, transplant, and
allergic diseases. It has been continuously updated for over 20 years and in its latest update
from 2024 contains around 1.6 million peptides from more than 25,000 publications [27].

VDJdb, McPAS-TCR and IEDB were used to train TULIP as well as the majority of the T cell
recognition models that participated in the competitions described in section 4.2.

4.2 State-of-the-art in T cell recognition

Predicting the specificity of TCR-pMHC interactions is a difficult task. State-of-the-art models
have made significant progress in the last couple of years. Many models achieved AUC0.1 ≥ 0.7
depending on peptide; however, this performance was limited to peptides observed during training
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[5]. When tested on previously unseen peptides their performance dropped significantly, staying
only slightly above chance level [5].

Models are benchmarked in competitions, such as Immune Repertoire (IMMREP23), to identify
the most effective approaches and further the research progress [5]. Recently, the field has shifted
focus towards evaluating generalisation to unseen peptides. Current state-of-the-art models are
improving, but still have a long way to go as the best ones achieved AUC0.1 around 0.6 on unseen
pMHC pairs.

These results were reported in the latest IMMREP25 competition [28]. TULIP was evaluated
in this competition as well; however, it achieved AUC0.1 between 0.50–0.51 on unseen peptides,
falling behind the other models [28]. This shows how quickly this field is advancing, as TULIP
was one of the best performing models in the previous competition in 2023, but in 2025 its
performance had been surpassed by more recently developed models.

4.3 BATMAN

BATMAN (Bayesian Inference of Activation of TCR by Mutant Antigens) is a T cell recognition
model that operates on different principles than TULIP [6]. Unlike the models discussed previ-
ously, BATMAN uses a distance matrix together with positional weights for prediction, focusing
on the impact of single amino acid mutations on TCR activation.

BATMAN was trained on the BATCAVE (Benchmark for Activation of T Cells with Cross-
Reactive Avidity for Epitopes) database. The BATCAVE database contains over 22,000 TCR-
pMHC pairs with a focus on TCR cross-reactivity [6]. Models of this type and transformer-based
models such as TULIP are typically developed and evaluated in different contexts, as they address
different aspects of T cell recognition.

BATMAN reports within-TCR performance (mean AUC = 0.836), where the model is trained
and evaluated on peptide data associated with the same TCR [6]. It also reports leave-one-out-
TCR (LOO-TCR) performance (mean AUC = 0.687), where the model is trained on data from
all but one TCR and evaluated on the held-out TCR, which is encountered only during testing
[6]. These results are not directly comparable to the competition results discussed in section 4.2,
as different datasets were used for training and evaluation.
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Chapter 5

Results

In this chapter, we present and interpret the findings from our experiments. The following two
sections address the first and second research questions, respectively. All figures in this chapter
were created using matplotlib [29].

5.1 TULIP performance on the BATCAVE subset

TULIP computes the probability of binding using the following formula taken from [2]:

log(p(e|α, β,MHC))− log(p(e|MHC)) (5.1)

where p(e|α, β,MHC) is the probability of epitope e given TCRα, TCRβ and MHC, and p(e|MHC)
is the probability of epitope e given only MHC.

The resulting log scores are converted into a probability distribution using the softmax function.
TULIP returns scores, which are negated, such that higher values correspond to stronger pre-
dicted binders, and the final values range from approximately −3 to −60, where the closer the
value is to 0, the higher the binding probability. Based on this, TULIP ranks the TCR-pMHC
complexes from the most to the least likely binders for each target peptide.

We plotted peptide activity from BATCAVE subset against score predicted by TULIP illus-
trating the relationship between the two, which can be seen in Figure 5.1a. We computed the
overall Pearson correlation of r = −0.044 and a corresponding p-value of 5.3 × 10−6 on these
data.

Pearson correlation is around 0, which indicates that there is neither positive nor negative corre-
lation between our score and the peptide activity. The p-value of 5.3×10−6 < 0.05 indicates
statistical significance; however, in this context it confirms that the absence of correlation is a
statistically reliable finding, not a result of insufficient data.

We computed both AUC and AUC0.1 to compare TULIP’s performance both with the IMM-
REP competitions results and with BATMAN. Both metrics were computed on binder from
BATCAVE subset and score. We obtained an AUC of 0.544, as shown in Figure 5.1b. The
AUC0.1 was 0.522, as shown in Figure 5.1e. These results indicate that TULIP performs only
marginally above chance level, with both metrics exceeding 0.5 by less than 0.05.
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We also attempted binary classification using a threshold, where we chose a boundary threshold
of −20, selected empirically after testing multiple threshold values. We transformed our data
by creating a new column called predicted binder, assigning class 1 if the score exceeds the
threshold and class 0 otherwise.

Using this transformed data, we computed AUC between our predicted binder and binder

from BATCAVE subset. This was motivated by visual inspection of Figure 5.1a, which suggested
a possible linear separation between binders and non-binders. However, our result was AUC =
0.534, which was lower than the AUC on the non-transformed data, suggesting that no clear
linear decision boundary exists at this threshold.

Furthermore, we investigated whether TULIP incorporates MHC type into its predictions and
whether doing so improves predictive accuracy. In Figure 5.1d, we present AUC = 0.525, com-
puted on a modified version of our dataset in which all MHC types were replaced with a uniform
placeholder string. Since this AUC was lower than the AUC of 0.544 obtained on the original
data, shown in Figure 5.1b. We conclude that TULIP utilises MHC information and that its
inclusion improves predictive accuracy.

This experiment is particularly relevant because some datasets do not include HLA typing, and
therefore it is important to be aware of a possible drop in accuracy on such data. Additionally,
this experiment confirmed that TULIP can process input with incorrect MHCs, as it did not
crash but rather still ran normally by using [UNK] token to replace nonsensical data. However,
it is important to note that if the MHC column is completely missing in the input file, then
the program will crash, as identified through testing. The reason is that TULIP expects certain
types of headers in its input file, so if the data do not contain MHC column, it is necessary to
modify the input by adding dummy values.
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(a) Scatter plot of TULIP scores against peptide activity with Pear-
son correlation r = −0.044.

(b) ROC curve between binder and score with
AUC = 0.544.

(c) ROC curve for binary threshold classifica-
tion between binder and predicted binder with
AUC = 0.534.

(d) ROC curve between binder and score on data
excluding MHCs with AUC = 0.525.

(e) Partial ROC curve between binder and score

with AUC0.1 = 0.522.

Figure 5.1: Evaluation of TULIP’s prediction performance on BATCAVE subset.
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5.2 TULIP mutant prediction

We investigated whether TULIP can predict on data consisting of mutant peptides sharing the
same index peptide-TCR pair.

We computed AUC = 0.572 between binder from mutant subset and score, as illustrated in
Figure 5.2a. This AUC of 0.572 is higher than the 0.544 obtained on BATCAVE subset. We
propose two possible explanations for this: first, the original dataset was constructed to min-
imise class imbalance; second, TULIP groups predictions by index peptide rather than target

peptide as in the previous experiment, while using mutant peptide for score prediction.

Furthermore, we assessed whether scores are significantly correlated with peptide activity,
as illustrated in Figure 5.2b. We computed Pearson correlation of r = 0.022 and p-value of
≈ 0.32. The p-value of ≈ 0.32 exceeds the significance threshold of 0.05, indicating that the
observed correlation is not statistically significant.

One possible explanation, for the high p-value, we propose is that by grouping on the index

peptide but computing score for mutant peptide, we introduce an inconsistency between the
grouping criterion and the scored peptide.

(a) ROC curve between binder and score for mu-
tant peptides with AUC = 0.572.

(b) Scatter plot of scores against peptide

activity for mutant peptides with Pearson cor-
relation r = 0.022.
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Chapter 6

Conclusions

6.1 Addressing the research questions

To address our first research question—To what extent do TULIP scores predict TCR
specificity on the BATCAVE database?—we conducted the first set of experiments in
section 5.1. We computed AUC = 0.544 for TULIP on the BATCAVE database. This is
only marginally above the chance level, suggesting weak predictive performance. For compar-
ison, BATMAN reported a within-TCR performance (mean AUC = 0.836) on the BATCAVE
database, substantially outperforming TULIP. It should be noted that these results are not di-
rectly comparable because BATMAN was trained on this database while TULIP was not, and
because our AUC is computed globally, whereas BATMAN reports mean AUC across TCRs. We
conclude that TULIP scores demonstrate limited predictive capability for TCR specificity on
the BATCAVE database and that BATMAN is a preferable model for this task.

Addressing our second research question—Can TULIP predict how different mutants of
the same index peptide activate a given TCR?—we conducted the second set of exper-
iments in section 5.2. We evaluated TULIP’s performance from two perspectives. First, we
assessed its classification performance using AUC, obtaining AUC = 0.572 on the subset con-
taining index peptides grouped with the same TCRs. This result is promising given that the
state-of-the-art models predict only up to AUC0.1 ≈ 0.6 on unseen data. Second, we assessed
whether TULIP scores are significantly correlated with peptide activity using Pearson cor-
relation. The resulting p-value of ≈ 0.32 considerably exceeds the significance threshold of 0.05,
indicating no statistically significant correlation. Therefore, while TULIP shows modest classifi-
cation performance, the lack of significant correlation limits confidence in its prediction of how
different mutants of the same index peptide activate a particular TCR.

Our third research question—Does TULIP achieve sufficient predictive performance to
be used for further research?—is addressed by the combined findings of both sets of experi-
ments. We observed that TULIP showed a measurable improvement over random classification,
with performance ranging from marginal (AUC ≈ 0.52) to modest (AUC ≈ 0.57). TCR speci-
ficity prediction remains a largely unsolved challenge, where the state-of-the-art models achieve
only moderate performance. Nevertheless, we conclude that this level of predictive performance
is not sufficient for TULIP to be used for further research.
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6.2 Limitations

These results are partially expected, as TULIP was evaluated on a new database containing
unseen data, and was not pre-trained or fine-tuned on it. The database was also structured
differently than those used in TULIP’s original training. Therefore, without pre-training TULIP
on unseen peptides, its performance is limited. Due to limited time and computational resources,
it was not possible to pre-train or fine-tune the model on this data.

This study is further limited in scope, as TULIP was evaluated on a single database. Additionally,
only MHC class I data were used, leaving TULIP’s performance on MHC class II TCR-pMHC
pairs unexamined, due to the scarcity of MHC class II data in available databases.

6.3 Future work

As the quantity and quality of available databases improve, and more refined models are devel-
oped, reliable T cell recognition may become achievable in the near future. The development of
more general models capable of addressing multiple tasks within the T cell recognition setting
could provide new insights into immunological challenges and enable more targeted treatments
for cancer and autoimmune diseases. Based on our findings, current models, including TULIP,
are not yet ready for real-world deployment, and future efforts should focus on developing models
that achieve reliable performance on unseen data.
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Appendix A

Appendix

A.1 Our code

Our modified version of TULIP code and datasets used in this research are available in the
following GitHub repository:

https://github.com/ivankothaj/predicting-TCR-specificity-TULIP
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A.2 Samples from our subsets

index CDR3b CDR3a peptide MHC binder peptide activity

5730 CASSLWEKLAKNIQYF CAMRGDSSYKLIF ALWGPDPAAA HLA-A*02:01 1 0.3125
5731 CASSLWEKLAKNIQYF CAMRGDSSYKLIF FLWGPDPAAA HLA-A*02:01 1 0.115625
5732 CASSLWEKLAKNIQYF CAMRGDSSYKLIF ILWGPDPAAA HLA-A*02:01 1 0.39375
5733 CASSLWEKLAKNIQYF CAMRGDSSYKLIF LLWGPDPAAA HLA-A*02:01 0 0.090625
5734 CASSLWEKLAKNIQYF CAMRGDSSYKLIF MLWGPDPAAA HLA-A*02:01 1 0.1375

Table A.1: Sample of the BATCAVE subset used for overall evaluation of TULIP.

index CDR3b CDR3a peptide MHC index peptide binder peptide activity

0 CASSLGIDAIYF CIVRGLNNAGNMLTF APQDLNTML HLA-B*81:01 TPQDLNTML 1 0.647810273159145
1 CASSLGIDAIYF CIVRGLNNAGNMLTF CPQDLNTML HLA-B*81:01 TPQDLNTML 1 0.6811609263657957
2 CASSLGIDAIYF CIVRGLNNAGNMLTF DPQDLNTML HLA-B*81:01 TPQDLNTML 1 0.3150460213776722
3 CASSLGIDAIYF CIVRGLNNAGNMLTF EPQDLNTML HLA-B*81:01 TPQDLNTML 1 0.561935866983373
4 CASSLGIDAIYF CIVRGLNNAGNMLTF FPQDLNTML HLA-B*81:01 TPQDLNTML 1 0.6118987529691212

Table A.2: Sample of the subset used to evaluate prediction of TCR activation by different
mutant peptides.
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