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ABSTRACT
T cell receptors (TCRs) are central to adaptive immunity, 
yet their vast sequence and structural diversity present 
a significant challenge to fully understand immune 
responses. The application of high-throughput sequencing 
technologies, including bulk and single-cell approaches, 
generates vast datasets of TCR repertoire information, 
requiring advanced computational tools for meaningful 
analysis. Here, we provide a comprehensive overview of 
the state-of-the-art in silico tools developed to enable 
diverse TCR repertoire analyses. We categorize over 40 
computational tools into six primary analytical stages 
creating a workflow for TCR analysis in the context of 
cancer immunotherapy: (1) data acquisition, including 
differences between TCR sequencing technologies and 
databases; (2) TCR reconstruction and inference, which 
focuses on accurately extracting from raw sequencing 
data the V(D)J gene usage, including complementarity-
determining region sequences, and the α/β pairing; 
(3) TCR clustering, which groups receptors based on 
similarity, helping characterize repertoire shifts, therapy 
responses and identify cancer-associated TCR clones; 
(4) structural modeling of TCRs and TCR–peptide-major 
histocompatibility complex (MHC), which is used to predict 
the three-dimensional structures of TCRs with or without 
their targets; (5) TCR specificity prediction, which predicts 
whether a given TCR can bind to a given peptide-MHC 
complex; and finally (6) functional and clinical integration, 
addressing the breakthroughs and bottlenecks for wider 
clinical application of these methods. For each category, 
we discuss the underlying methodologies, representative 
tools and their key applications, details about usability 
and accessibility, and comments on their strengths 
and limitations. With this overview, we offer a critical 
perspective on the current state of the field, providing 
an overall framework and guidance for new users and 
developers of these technologies. We also highlight open 
challenges and key future directions, particularly regarding 
the integration of multi-omics data and next-generation 
artificial intelligence approaches to unlock the full potential 
of TCR repertoire analysis for clinical immunotherapy 
applications.

INTRODUCTION
Cancer immunotherapy harnesses the body’s 
own immune system to eliminate malignant 
cells by enhancing or redirecting the immune 
response, with a particular focus on the 
cytotoxic activity of T cells. Central to their 
cellular response is the T cell receptor (TCR), 
which initiates T cell activation through 
recognition of antigenic peptides presented 
by major histocompatibility complex (MHC) 
molecules on the surface of target cells. 
Understanding the selective recognition of 
peptide-MHC (pMHC) complexes (ie, TCR 
specificity) and how TCR–pMHC engage-
ment governs downstream signaling is crucial 
for identifying therapeutic TCRs and their 
targets, predicting and monitoring treat-
ment efficacy, and designing next-generation 
cancer immunotherapies.1–3

Due to their significance for adaptive 
immunity, TCRs are one of the most exten-
sively studied receptors in modern biology.4 
These heterodimeric protein complexes are 
typically composed of α/β chains (≈95% of 
peripheral T cells) or, less commonly, γ/δ 
chains (≈5%). Each chain contains variable 
(V) and constant (C) domains and is gener-
ated through somatic V(D)J recombination 
during T cell development in the thymus.5 
The β chain undergoes ordered D–J then 
V-DJ recombination, whereas the α chain 
forms through successive V–J rearrange-
ments without D segments (figure 1). While 
α chain recombination is not genetically allel-
ically excluded, positive selection enforces 
functional allelic exclusion by stabilizing 
only the productive α chain, ensuring that 
most mature T cells express a single, clon-
ally unique αβ receptor. This developmental 
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architecture forms the basis for a TCR repertoire of 
extraordinary breadth (estimated to be ≥1015 possible 
different TCRs6), capable of recognizing an estimated 
107–108 distinct antigens,7 while only ≈10–20% of T cells 
express dual-specificity.8–10

TCR specificity is determined by six complementarity-
determining regions (CDRs), three contributed by each 
chain. CDR1 and CDR2 loops, encoded within the germ-
line V gene segment, predominantly contact the MHC 
helices, anchoring the overall binding orientation. In 
contrast, the hypervariable CDR3 loop, formed by V(D)
J junctional diversity and extensive nucleotide trimming/

addition, dictates peptide specificity and confers the 
majority of TCR repertoire diversity. The structural 
interplay of these loops enables TCRs to maintain 
broad antigen recognition while preserving sensitivity to 
subtle biochemical differences in peptide presentation, 
a balance essential for immune surveillance and self-
tolerance.11 12

On pMHC engagement, TCR signaling is transduced 
through associated CD3 complexes (CD3εγ, CD3εδ, 
CD3ζζ), which contain immunoreceptor tyrosine-based 
activation motifs (ITAMs).13 Conformational changes and 
mechanical forces applied during TCR–pMHC binding 

Figure 1  Human TCR biology: somatic recombination, assembly of the TCR during thymic development, and antigen 
recognition. Each unique TCR is generated through tightly regulated V(D)J recombination of variable (V), diversity (D), joining 
(J), and constant (C) gene segments during intrathymic T-cell maturation. Between the DN1 and DN2 stages, thymocytes 
initiate rearrangement of the TRD, TRG, and TRB loci, whereas TRA rearrangement starts in the DN4 thymocytes, resulting in 
DP development following successful selection and pre-TCR signaling. This developmental timing reflects the human genomic 
architecture of the loci: TRB (7q34) and TRG (7p14) reside on chromosome 7, whereas TRA (14q11.2) spans the TRD locus 
on chromosome 14, a configuration that contributes to early lineage decisions between αβ and γδ T cells. The TRA locus 
contains 70–80 V segments (each preceded by a leader exon), a cluster of 61 J segments, and a single C gene. The TRB locus 
includes 52 functional V segments and two D–J clusters, each followed by a single C gene. The β chain is assembled through 
sequential D–J and V–DJ recombination mediated by RAG1/2 and resolved by NHEJ. Productive β chain rearrangements 
induce allelic exclusion and allow thymocytes to pass the DN3 checkpoint, whereas non-productive rearrangements lead to 
apoptosis. In contrast, the α chain is generated by direct V–J recombination without D segments and can undergo multiple 
successive rearrangements across its extensive V and J arrays. Although α chain rearrangement is not strictly allelically 
excluded at the genetic level, positive selection enforces phenotypic allelic exclusion by stabilizing only the chain that supports 
productive TCR signaling. TCR antigen specificity is dictated by six CDRs, three per chain. Germline-encoded CDR1 and 
CDR2 loops primarily contact and stabilize binding to the MHC molecule, whereas the hypervariable CDR3 loop, formed at 
the V-J (α) or V-D-J (β) junction, provides the principal specificity for the antigenic peptide. Extensive junctional diversification 
through nucleotide trimming and addition generates the remarkable diversity needed for T-cell recognition across tissues. On 
engagement of pMHC, conformational changes and mechanical forces transmitted through the TCR promote phosphorylation 
of ITAMs within associated CD3 complexes (CD3ϵγ, CD3ϵδ, CD3ζζ). Lck phosphorylates these ITAMs, creating docking sites 
for ZAP-70, which is subsequently activated and phosphorylates LAT (Linker for Activation of T cells) (not shown). LAT then 
propagates downstream signaling pathways that control T-cell activation, proliferation, differentiation, and effector functions. 
CDRs, complementarity-determining regions; DN, double negative; DP, double positive; ITAMs, immunoreceptor tyrosine-based 
activation motifs; MHC, major histocompatibility complex; NHEJ, non-homologous end joining; pMHC, peptide-MHC; TCR, T 
cell receptor; TRA, T-cell receptor α; TRB, T-cell receptor β; TRD, T-cell receptor β; TRG, T-cell receptor γ.
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facilitate ITAM phosphorylation, initiating a downstream 
signaling cascade. These early signaling events govern T 
cell proliferation, cytokine production, differentiation, 
and cytotoxic activity, processes that are frequently dysreg-
ulated in cancer due to immune suppression, antigen 
loss, or MHC downregulation, thereby limiting effective 
antitumor immunity.14

The advent of high-throughput TCR sequencing has 
transformed our ability to profile TCR repertoires at 
unprecedented scale and depth. However, these data-
sets often contain millions of clonotypes that recognize 
non-cancer-related antigens, introducing background 
noise.15 Effective TCR analysis depends on sophisticated 
computational pipelines designed to filter background 
sequences, identify expanded or antigen-driven clones, 
reconstruct chain pairing, and delineate the functional 
fraction of the repertoire.

Beyond descriptive profiling, advanced computational 
approaches for structure-based modeling, TCR–pMHC 
interaction prediction, and functional interpretation of 
TCR repertoires have become indispensable for rational 
T cell engineering. Tumors often evade immune surveil-
lance by creating an immunosuppressive environment that 
reduces T cell responses. In this context, engineered TCR-T 
cell therapies aim to restore or enhance tumor-specific 
immune responses by introducing defined tumor-reactive 
TCRs selected and optimized through computational 
and experimental approaches.16 17 However, the rational 
design of TCR-T cell therapies requires precise control 
over TCR binding properties to maximize tumor speci-
ficity while minimizing cross-reactivity and toxicity, and 
remains an area of active investigation. The precision of 
engineered TCR-T cell therapy design, therefore, relies 
heavily on computational models capable of predicting 
affinity, specificity, cross-reactivity, and off-target risks, 
establishing bioinformatics as a core component of next-
generation therapeutic design in oncology, infectious 
disease, and autoimmunity.18–21

TCR repertoire analysis also functions as a dynamic 
biomarker for monitoring treatment response. For 
instance, local tumor ablation methods, including 
radiofrequency, microwave, and cryoablation, induce 
immunogenic cell death, releasing damage-associated 
molecular patterns that prime innate immunity and 
promote epitope spreading.22 This leads to the expan-
sion of a more diverse T cell repertoire both intra-
tumorally and systemically, a phenomenon strongly 
associated with improved outcomes, particularly 
when ablation is combined with immune checkpoint 
inhibitor treatment.22 Computational tools are essen-
tial for quantifying these immunological dynamics 
and linking them to clinical benefit. The convergence 
of artificial intelligence (AI) with TCR analytics 
further enhances clinical translation. Machine 
learning augments data filtering, structural predic-
tion, antigen discovery, and therapy design. These 

advances establish TCR-focused tools as the indis-
pensable foundation of precision immuno-oncology, 
providing the means to systematically identify, engi-
neer, and track tumor-specific T cell responses for 
curative cancer therapies, while also extending these 
critical analytical principles to the study of systemic 
immune dysregulation.

Here, we present a comprehensive review of bioin-
formatics tools for TCR analysis, structured into a six-
step workflow encompassing data acquisition, TCR 
reconstruction and inference, TCR clustering, struc-
tural modeling of TCR and TCR–pMHC complexes, 
specificity prediction, and functional or clinical inte-
gration. For each step, we summarize core methodol-
ogies, use cases, strengths, limitations, and practical 
considerations, providing a united overview for lever-
aging TCR analytics in cancer immunotherapy.

TCR ANALYSIS: FROM SEQUENCING TO TCR-BASED THERAPY
TCR data acquisition
TCR repertoire studies aim to catalog the sequence 
diversity and clonal architecture of T cell populations 
and to connect those repertoires to function, pheno-
type, and disease. In cancer immunotherapy, reper-
toire profiling has been instrumental for assessing 
patient-specific immune landscapes, monitoring 
treatment-induced shifts in T cell populations, iden-
tifying therapeutic targets, and gaining insight into 
tumor heterogeneity and neoantigen recognition.23–25 
High-throughput sequencing has further advanced 
the field by enabling deep sampling of TCR reper-
toires from diverse cell sources, producing datasets 
spanning millions to hundreds of millions of receptor 
sequences across various cohorts and conditions, and 
transforming our ability to study T cell biology.26 27 
These data now serve both descriptive and mecha-
nistic purposes, allowing the quantification of diver-
sity, clonality, and the distribution of public vs private 
clones, while also supporting analyses of antigen-
driven clonal expansions, phenotypic associations, 
and, when possible, antigen specificity.28 Importantly, 
sampling across tissues and time points enables 
precise measurements of immune dynamics in both 
health and disease. In the context of cancer immu-
notherapy, TCR repertoire analysis has emerged as a 
valuable biomarker for predicting patient response 
to immune checkpoint inhibitors and adoptive T cell 
therapies.27 29

At a high level, TCR sequencing data can be broadly 
classified by scale into bulk and single-cell approaches. 
Bulk TCR sequencing assays profile TCR transcripts 
(RNA-based) or genomic V(D)J rearrangements (DNA-
based) from a population of cells en masse, producing 
high depth and excellent sensitivity for quantifying clono-
type frequencies and repertoire diversity. This makes 
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bulk approaches especially powerful for detecting low-
frequency or rare T cell clonotypes, such as those asso-
ciated with early tumor emergence or minimal residual 
disease, but it lacks information on α/β pairing and 
phenotypic or transcriptional context, which limits down-
stream interpretation of TCR specificity and function.30

On the other hand, single-cell approaches, like single-
cell RNA sequencing (scRNA-seq) and single-cell T-cell 
receptor sequencing (scTCR-seq), allow identification 
of TCR clonotypes and paired α/β chain recovery with 
gene expression profiles when combined with scRNA-seq, 
enabling the detection of receptor sequences, clono-
types, and cell states within the same cell. This enables 
lineage/phenotype mapping and more directly links the 
TCR sequence to function, although at the expense of 
throughput, cell-capture efficiency, and cost per cell.28 31 32 
Another distinction among sc-seq is the transcript end 
targeted for sequencing. 5′ end is generally preferred for 
TCR analysis because the V(D)J region is located at this 
end of the transcript, enabling comprehensive recovery 
of TCR sequences together with gene expression profiles 
when combined with 5’ scRNA-seq. In contrast, 3′ end 
sequencing primarily captures the constant region via 
poly (A)-based barcoding, preserving transcriptomic 
information but losing essential V(D)J diversity. Taken 
together, there is no single “best” sequencing or anal-
ysis pipeline, mainly because the choice depends on the 
purpose of the study and decisions regarding platform, 
multiplexing, unique molecular identifier (UMI) use, 
read length, sequencing depth, and downstream compu-
tational steps that can affect inferred repertoire metrics 
and influence sensitivity, accuracy, and coverage.32–34

Beyond technical limitations, TCR repertoire anal-
ysis also faces biological and interpretive challenges. A 
central obstacle is the lack of ground-truth data. The 
number of experimentally validated TCR-antigen pairs 
remains small relative to the enormous sequence diversity, 
constraining efforts to annotate specificity directly from 
sequencing data, a key resource for training AI models. 
The biological complexity of TCR recognition, marked 
by cross-reactivity, context-dependent immunodomi-
nance, and dynamic clonal selection, further complicates 
interpretation.27 Even state-of-the-art algorithms struggle 
to predict antigen specificity with high confidence, given 
the sparsity of training data and the structural complexity 
of TCR–pMHC interactions.33 34 Recent initiatives aim to 
solve these gaps by generating larger and more diverse 
datasets using multiple sequencing technologies and 
sample sources, and by assembling them into compre-
hensive databases that incorporate sequence-level and 
structural information for both TCRs and TCR–pMHC 
complexes (table  1, online supplemental table 1).35 36 
While these resources will allow the development of more 
precise tools, fully addressing these challenges will 
require integrating repertoire sequencing with comple-
mentary approaches such as immunopeptidomics, func-
tional assays, and structure-guided modeling, alongside 
the development of interoperable databases and shared 

benchmarking standards.27 34 Such efforts are crucial for 
advancing the field beyond descriptive cataloging toward 
a predictive and mechanistic understanding of TCR 
function.

TCR reconstruction and inference
High-quality sequence reconstruction and accurate infer-
ence of α/β chain pairing are essential components for 
reliable TCR repertoire analysis, as they form the founda-
tion for identifying the receptor sequences present within 
patient samples. The resulting repertoire profile offers 
an interpretable view of the immune landscape, enabling 
correlations between repertoire dynamics and factors 
such as age, sex, diet, treatment response, biomarkers, 
and antigen exposure.23 37–39 In cancer research, these 
insights are particularly valuable as they support inves-
tigations into mechanisms of immunotherapy respon-
siveness, assist in monitoring therapeutic efficacy, and 
help guide the development and refinement of targeted 
immunotherapies.1–3

Reconstruction focuses on accurately recovering TCR 
sequences, from raw sequencing data, particularly by 
extracting and annotating V(D)J segments. Inference 
builds on this information to reconstruct or assign paired 
TCR α and β chain sequences, and link them to indi-
vidual clonotypes (ie, clonotype calling) and associated 
transcriptomic features. Although these steps can occur 
within the same pipeline, the sequencing technology 
used strongly influences how inference and clonotype 
calling are performed, ultimately shaping both the 
quality and depth of the resulting data.40 41 Primarily, the 
tools differ in their compatibility with bulk and single-
cell sequencing, targeted TCR, and whole-transcriptome 
sequencing and 5′ or 3′ protocols. These factors collec-
tively determine the completeness of the recovered infor-
mation and, critically, the ability to resolve chain pairing, 
an essential requirement for translating TCR discovery 
into clinical applications.

The primary output of reconstruction tools consists of 
annotated V(D)J gene assignments and CDR3 sequences, 
which form the basis for clonotype calling and broader 
repertoire analyses. These data provide critical insights 
into a patient’s immune status and can highlight oppor-
tunities for improved or personalized therapeutic strate-
gies.42 43 Reconstruction tools use a range of alignment 
and assembly methods, such as guided assembly, de novo 
assembly, and realignment (table  2, (online supple-
mental table 2). In turn, these methodological differ-
ences can affect accuracy, computational runtime, and 
performance.

Reference-guided methods generally achieve higher 
accuracy by mapping sequencing reads to curated germ-
line references, enabling the identification of read over-
laps, contig assembly, and correction of sequencing 
errors. A major limitation of this approach, however, lies 
in the reference databases themselves. Most tools rely on 
the International ImMunoGeneTics (IMGT) information 
system for V(D)J gene assignment, which has historically 

Journal for Im
m

unoT
herapy of C

ancer: first published as 10.1136/jitc-2025-014184 on 18 June 2026. D
ow

nloaded from
 https://jitc.bm

j.com
 on 22 June 2026 by guest.

P
rotected by copyright, including for uses related to text and data m

ining, A
I training, and sim

ilar technologies.

https://dx.doi.org/10.1136/jitc-2025-014184
https://dx.doi.org/10.1136/jitc-2025-014184
https://dx.doi.org/10.1136/jitc-2025-014184


5Borges P, et al. J Immunother Cancer 2026;14:e014184. doi:10.1136/jitc-2025-014184

Open access

Table 1  Overview of publicly available databases and datasets that provide TCR-related information

Abbreviation Name Webpage Paper Information Data volume Source

Databases

General

IMGT The international 
ImMunoGeneTics

https://www.
imgt.org/

1* It provides databases and tools based on immunogenetics 
information

IMGT/LIGM-DB Nucleotide 
sequences of IG 
and TR from 368 
species (251,616 
entries)

IPD-IMGT/HLA-
DB

Sequences of the 
human MH (HLA)

IMGT/PRIMER-DB Oligonucleotides 
(primers) of IG and 
TR from 11 species 
(1,864 entries)

IMGT/GENE-
DB (doc) LIGM, 
Montpellier, 
France

International 
nomenclature for IG 
and TR genes from 
41 species (12,185 
genes, 17,300 
alleles)

PDB, INN, Kabat

IMGT/3Dstructure-
DB and 
IMGT/2Dstructure-
DB (doc) LIGM, 
Montpellier, 
France

3D structures 
(IMGT Colliers 
de Perles) of IG 
antibodies, TR, 
MH and RPI (9,141 
entries)

IEDB The Immune Epitope 
Database

https://www.
iedb.org/

2* A resource 
that houses 
experimental data 
related to adaptive 
immune epitopes. 
TCRs are limited 
to T cell assay 
types

T cell assays: 
562,821

Manually curates’ 
data from the 
literature.

CEDAR The Cancer Epitope 
Database and 
Analysis Resource

https://
cedar.iedb.
org/

3* Catalog epitope 
and receptor data 
in the context 
of cancer. It 
has a Receptor 
table with TCR 
sequences and 
generating 3D 
structures.

T cell assays: 
151,096

Curated from the 
literature.

PDB RCSB Protein Data 
Bank

https://www.
rcsb.org/

4* Archive of 3D 
structure data for 
large biological 
molecules 
(proteins, DNA, 
and RNA)

958 TCR from 
experimental 
method, being 
873 from X-ray 
diffraction, 67 
from electron 
microscopy and 18 
from solution NMR

Data depositors 
submit the results 
of their structural 
studies of biological 
macromolecules.

Specific to TCR

Continued
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Abbreviation Name Webpage Paper Information Data volume Source

VDJdb https://
vdjdb.cdr3.
net/

5* Curated 
database of TCR 
sequences with 
known antigen 
specificities.

HomoSapiens: 
TRA: 43,964, 
Paired: 36,899 
TRB:87610, Paired: 
66,829

TCRdb https://
guolab.
wchscu.cn/
TCRdb/#/

6* It contains 
processed 
sequences of 
TCRs CDR3 beta 
chain of human 
with different 
phenotypes.

277,439,349 TCR 
sequences from a 
total of 131 studies, 
8,265 samples from 
41 tissues, 54 cell 
types, and 113 
clinical conditions

From public TCR-
Seq datasets from 
NCBI SRA, and other 
TCR sequences 
databases, including 
iReceptor, VDJServer, 
and immuneACCESS 
with known sample 
attribute of disease/
cell type/clinical 
condition.

TCRdb2.0 https://
guolab.
wchscu.cn/
TCRdb2/#/

7* It contains 
processed 
sequences of 
TCRs CDR3 beta 
chain of human 
with different 
phenotypes.

Contain 
691,744,135 
sequences from 
269 projects, 
19,701 samples, 
147 conditions, 46 
sources, and 16 cell 
types

From public TCR-
Seq datasets from 
NCBI SRA, and other 
TCR sequences 
databases, including 
iReceptor, VDJServer, 
and immuneACCESS 
with known sample 
attribute of disease/
cell type/clinical 
condition.

TCR3d TCR structural 
repertoire database

https://
tcr3d.ibbr.
umd.edu/

8* Easy-to-use 
interface to view 
all experimentally 
determined 
structures of 
TCRs and their 
complexes.

241 Class I 
complex structures 
and 90 Class II 
complex structures

A curated collection 
of experimentally 
determined X-ray 
TCR structures from 
the PDB, analyzed for 
structure, sequence, 
and antigen 
recognition, as well 
as TCR germline gene 
sequences from IMGT 
and TCR sequencing 
data from various 
studies.

STCRDab The Structural TCR 
Database

https://
opig.stats.
ox.ac.uk/
webapps/
stcrdab-
stcrpred

9* A database of 
TCR structures 
that automatically 
collects and 
curates’ 
information from 
the PDB on a 
weekly basis, and 
annotates the 
MHC molecule 
that is bound by a 
TCR.

PDB

Table 1  Continued

Continued
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Abbreviation Name Webpage Paper Information Data volume Source

McPAS-TCR A manually curated 
catalog of pathology 
associated TCR 
sequences

https://
friedmanlab.
weizmann.
ac.il/McPAS-
TCR/

10* Sequences of 
TCRs associated 
with various 
pathologic 
conditions 
(including 
pathogen 
infections, 
cancer and 
autoimmunity) and 
their respective 
antigens in 
humans and in 
mice.

∼5,100 entries, 
curated from 118 
publications of TCR 
sequences; ∼75% 
of the sequences 
are from human 
data, and the rest 
come from mouse 
data.

Manually curated 
database of TCR 
sequences published 
in literature.

TRAIT TCR antigen 
interactions

https://pgx.
zju.edu.cn/
traitdb/

11*† TCR-antigen 
pairs, integrating 
sequences, 
structures, and 
affinities.

3,393,826 TCR-
antigen pairs, 
1,184 antigen 
records, 51,601 
interactive pairs, 
3,342,225 non-
interactive pairs, 
223 published 
structures, 1,269 
mutation records, 
336 publications, 
and 34 clinical trials

Experimentally 
verified.

UcTCRs unconventional 
TCRs

http://
uctcrdb.
cn/#/

12* Focus on 
unconventional 
TCRs involved in 
unique immune 
responses

669,900 
unconventional 
TCRs

Systematically 
collected from 
published 
literature (PubMed) 
corresponding studies 
in human, mouse and 
cattle.

TCRStructDB https://ai4s.
tencent.
com/tcr

13*† Online platform 
offering extensive 
data, including 
structures of 
known TCR–
pMHC complexes, 
paired unliganded 
TCRs and 
unbound pMHCs, 
and a suite of 
search and 
analytical tools.

4,517,910 paired 
TCR sequences, 
including 2,226,260 
unique TCR 
fragment variable 
region sequences, 
817,584 pMHC 
complexes, 
comprising 531,578 
entries for MHC 
I and 286,006 
for MHC II, and 
45,000 TCR–pMHC 
complexes

Data from existing 
databases such as 
STCRDab, TCR3d, 
IEDB, HuARdb, 
OTS, with manually 
curated metadata. 
When experimental 
structures were 
not available, it 
used tFold-TCR 
predictions.

Datasets

10x Genomics https://www.10xgenomics.com/datasets Datasets created by 10x Genomics using their technologies

Parse https://www.parsebiosciences.com/
resources/datasets/

Datasets created by Parse using their technologies

*The completed table, including all resources and references, is available in the online supplemental material. 
†Preprints from bioRxiv.
CDR, complementarity-determining region; 3D, three-dimensional; INN, international nonproprietary name; MH, major histocompatibility; 
MHC, major histocompatibility complex; NCBI, National Center for Biotechnology Information; PDB, Protein Data Bank; pMHC, peptide-MHC; 
RPI, related proteins of the immune system; SRA, Sequence Read Archive; TCR, T cell receptor; TR, T-cell receptor; TRA, T-cell receptor 
alpha; TRB, T-cell receptor beta.

Table 1  Continued
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ow

nloaded from
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j.com
 on 22 June 2026 by guest.

P
rotected by copyright, including for uses related to text and data m

ining, A
I training, and sim

ilar technologies.
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https://friedmanlab.weizmann.ac.il/McPAS-TCR/
https://friedmanlab.weizmann.ac.il/McPAS-TCR/
https://pgx.zju.edu.cn/traitdb/
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exhibited population bias due to underrepresentation of 
diverse ancestries in the sampled datasets.44 This limita-
tion can reduce reconstruction accuracy, particularly for 
individuals carrying non-canonical or population-specific 
alleles. In contrast, de novo assembly reconstructs TCR 
sequences without reliance on a reference database, 
instead overlapping reads directly to form contigs. While 
this approach offers greater flexibility and avoids refer-
ence bias, it may suffer from reduced accuracy in regions 
of high sequence similarity or low read coverage. De novo 
methods are often faster and require less memory than 
reference-guided approaches, but this computational effi-
ciency can come at the cost of precise gene assignment.

Beyond assembly strategy, recovery of TCR sequences 
can be substantially improved by targeting the amplifica-
tion of TCR α and β chains with pre-designed primers 
during library preparation, an approach recommended 
in most TCR reconstruction pipelines.45 Regardless of the 
reconstruction method, at present, only single-cell-based 
approaches can directly resolve paired α and β chains, as 
they employ cell-specific barcodes to link receptor chains 
originating from the same lymphocyte.42 46 47 Ultimately, 
the choice of tool for a given analysis depends on the 
sequencing technology used, the chosen platform, the 
available computational resources, and time constraints. 
Another practical consideration is the level of coding 
required. Some tools, such as MiXCR42 and Vidjil,48 
provide user-friendly platforms that allow analyses to run 
with minimal coding, facilitating broader accessibility for 
researchers.

TCR clustering
While TCR reconstruction and inference can facilitate inte-
gration of clinical or biological metadata, providing trans-
lational insights into immune dynamics,34 repertoire-level 
summaries alone cannot fully capture patterns of shared 
antigen recognition or functional convergence across 
clonotypes. This gap motivates the need for TCR clus-
tering algorithms, which can identify groups of TCRs with 
shared sequence features across diverse TCR repertoires. 
Unlike typical proteins, TCRs produce extensive somatic 
diversity independent of evolutionary relationship, there-
fore limiting the utility of overall sequence similarity or 
evolutionary conservation for inferring function.49 50 For 
instance, TCRs that recognize the same antigen can vary 
widely outside the CDR3 region but frequently share 
similar CDR3 motifs imposed by biochemical constraints 
(ie, convergent recognition). This property provides a 
powerful signal for identifying antigen-specific T cells and 
can be leveraged to detect tumor-reactive clones, making 
it a valuable biomarker for monitoring or predicting 
responses to cancer immunotherapy.51

TCRs sharing similar sequences are expected to exhibit 
similar arrangements of key antigen-contacting residues, 
which are reflected by small pairwise distances or higher 
similarity within an appropriate sequence or embedding 
representation space. This assumption underlies TCR 
clustering, and diverse methodologies have emerged 

depending on how differences between sequences are 
defined. Early approaches predominantly relied on simple 
string-based metrics, such as Hamming or Levenshtein 
distance, which treat all amino acid substitutions equally. 
However, their inability to capture observed amino acid 
substitution preferences led to the widespread adoption 
of substitution matrices, which assign scores to amino 
acid replacements based on their observed frequencies or 
biochemical similarity. Among these, BLOSUM6252 has 
become the primary substitution matrix for TCR compar-
ison.53 54

TCR clustering algorithms can be broadly grouped 
into distance-based, graph-based, and integrative algo-
rithms (table 2, online supplemental table 3). Distance-
based methods compute pairwise distance matrices 
and combine them with various clustering algorithms; 
notably, TCRdist353 assigns differential weights across 
CDR1–3 regions, with greater emphasis on CDR3, and 
integrates BLOSUM62-based substitution penalties to 
quantify amino-acid substitutions and insertions/dele-
tions within a weighted Levenshtein framework, yielding 
biologically informed distances for hierarchical clus-
tering. Graph-based approaches construct networks 
in which nodes represent individual TCRs and edges 
encode pairwise similarity derived from sequence-based 
similarity matrices, often using thresholded or weighted 
connections. Clustering is then performed by analyzing 
network connectivity patterns, with iSMART,55 clusTCR,56 
and GLIPH2,54 serving as representative examples. Inte-
grative approaches incorporate additional biological 
information beyond TCR sequence to improve interpret-
ability and statistical robustness. Representative examples 
include deep learning–based embedding methods such 
as DeepTCR,57 TCR-BERT,58 BertTCR,58 and TouCAN,59 
which learn low-dimensional representations of TCR 
sequences and perform clustering in the resulting embed-
ding space, as well as TCRMatch, which clusters TCRs 
using similarity scores informed by reference antigen-
specific databases. LRT (Lineage inference by integrative 
analysis of scRNA-seq and scTCR-seq data)60 represents 
a complementary, integrative strategy that clusters TCRs 
based on similarities in their lineage distribution patterns 
rather than on direct sequence similarity.

Antigen-driven TCR motif convergence has been 
documented in cancer studies, reflecting repeated 
immune selection of T cells recognizing shared or 
closely related antigens. For example, across virus-
associated cancers, including cervical cancer and Epstein-
Barr virus (EBV)-positive nasopharyngeal carcinoma, 
subsets of TCRs exhibit recurrent CDR3 motifs that 
distinguish disease states or predict clinical outcomes, 
consistent with antigen-driven convergent immune selec-
tion.61 62 However, the detectability of such convergence 
varies substantially across tumor types, disease stages, and 
anatomical compartments. In settings where immune 
selection is relatively focused, such as within a single 
cancer type, intrapatient analyses, or selected stages of 
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disease progression, motif-level similarity can provide an 
informative, although partial, signal of shared antigen 
specificity.

In these contexts, effective TCR clustering in cancer 
requires method selection aligned with the expected 
strength of motif convergence, which may depend 
on factors such as tumor type, MHC restriction, viral 
etiology, and whether analyses are performed within or 
across patients. Importantly, because TCR recognition 
is inherently MHC-restricted, meaningful detection of 
shared specificity across individuals is most reliable in 
MHC-matched settings, as identical antigens presented by 
different MHC molecules may generate distinct TCR solu-
tions. When convergence is anticipated, purely sequence-
based approaches that explicitly model similarity at the 
level of CDR3 motifs or global CDR sequence architec-
ture, including distance-based and graph-based methods, 
provide an interpretable and computationally tractable 
framework for identifying antigen-associated TCR clus-
ters. Benchmark evaluations also indicate that representa-
tive methods like TCRdist3, iSMART, and GLIPH2 occupy 
different regions of the purity-retention spectrum, where 
purity reflects antigen homogeneity within clusters and 
retention denotes the fraction of TCRs assigned to clus-
ters. This analysis positions TCRdist3 in the intermediate 
range, with GLIPH2 and iSMART achieving higher purity 
at the cost of lower retention.63

By contrast, in settings with limited or weak motif 
convergence, such as cancers with broad antigenic diver-
sity, substantial interpatient heterogeneity, or diffuse 
immune selection, sequence similarity alone may be 
insufficient to support reliable antigen-specific TCR 
clustering. In these scenarios, reliance on sequence-
level convergence can lead to fragmented or unstable 
clusters that do not generalize across datasets. In such 
cases, integrative approaches that incorporate external 
information become essential, particularly when robust-
ness to noise and broader applicability across datasets are 
prioritized. Representative examples include DeepTCR 
and TCRMatch, which leverage supervised learning or 
database-informed matching to infer antigen specificity, 
as well as LRT, which infers antigen-driven selection from 
clonal expansion and differentiation patterns rather 
than explicit sequence convergence. Collectively, these 
methods are widely used and well established in the field, 
representing distinct methodological paradigms rather 
than interchangeable solutions, and therefore requiring 
a context-dependent strategy for TCR clustering in cancer 
immunology.

Structural modeling
Going beyond sequence-based analysis of TCR reper-
toires, some of the most advanced and computationally 
intensive TCR prediction methods make use of structural 
information directly and represent an important frontier 
not only in immunotherapy, but also in computational 
biology (table  2, online supplemental table 4). Cancer 
immunotherapy, particularly TCR-engineered adoptive 

T cell therapy, has transformed the treatment of solid 
tumors and hematologic malignancies.2 3 Rational design 
of therapeutic TCRs critically depends on understanding 
TCR–pMHC recognition in atomic resolution,64 making 
structural prediction an essential step for the next gener-
ation of immunotherapies. X-ray crystallography and 
cryo-electron microscopy have now resolved hundreds of 
human and mouse TCR structures, thousands of pMHC 
structures, and hundreds of TCRs in complex with MHC 
or MHC-like molecules (figure 2a).65–67 These advances 
have substantially expanded the available structural land-
scape and support current structure-based approaches. 
However, this amount of data remains insufficient to train 
advanced AI-based models, especially given the complexity 
of the TCR–pMHC system. As expected, current predic-
tors tend to perform better on the conserved framework 
of TCRs and MHCs, than on the MHC-restricted peptide-
ligand68 or the CDR loops.69 70

Early TCR modeling tools, such as LYRA,71 relied on 
classical homology modeling. Given a TCR amino acid 
sequence, these methods search the Protein Data Bank 
for the closest structural template and build models 
by “grafting” CDR loops onto conserved frameworks. 
Homology modeling has helped bridge the gap between 
rapidly expanding TCR sequencing datasets and the 
much smaller set of experimentally solved structures, but 
accuracy is strongly dependent on high-quality templates 
and often fails to properly account for alternative CDR 
loop sequences.70

This landscape changed with attention-based deep 
learning methods such as AlphaFold2 (AF2)72 and 
AlphaFold3 (AF3),73 and the use of large multiple-
sequence alignments (MSAs) to compensate for limited 
experimentally-determined structures.74 These advances 
enable structure-guided TCR engineering for immu-
notherapy, allowing computational screening and opti-
mization of therapeutic candidates.75 On standard 
benchmarks, MSA-based models like AF2/AF3 still set 
the bar for global structural accuracy, particularly for 
multimeric assemblies, whereas most “MSA-free” protein 
language model (pLM)-based folding methods trade 
some accuracy for both speed and scalability.35 69 Never-
theless, pLM-based architectures are improving rapidly 
and already offer attractive throughput for large-scale 
applications,35 including high-throughput TCR reper-
toire screening for neoantigen-reactive clones in person-
alized vaccines.76

Given the extreme diversity of TCRs, specialized 
tools adapted these general architectures to immu-
nological data. TCRmodel2,77 for example, builds on 
AlphaFold-Multimer but restricts sequence and structural 
templates to TCRs and MHC molecules. This improves 
both speed and accuracy for TCR–pMHC complexes 
relative to general-purpose models. TCRBuilder278 
and TCRBuilder2+79 emphasize high-throughput TCR 
modeling and achieve CDR3 accuracies that approach 
AlphaFold-Multimer80 while being optimized for large 
repertoires. More recently, tFold-TCR uses a pretrained 
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pLM (Evolutionary Scale Modeling for Protein-Protein 
Interactions, ESM-PPI) with separate TCR-specific and 
pMHC-specific encoders (ie, domain-specific training), 
and combines these models with an AlphaFold-style 
structure “docking” module, to predict full TCR–pMHC 
complexes without an explicit MSA step. This method 
yields DockQ scores comparable to AlphaFold-381 on the 
STCRDab-22 benchmark,82 while running tens of times 
faster.35

Independent benchmarks focusing specifically on 
TCRs support several general trends in structural predic-
tion accuracy and docking performance (figure 2b). Shi 
et al69 demonstrated that for isolated TCRs, AF2, AF3, and 
tFold-TCR achieve the highest overall structural accuracy, 
whereas for TCR–pMHC complexes, AF2 and TCRmodel2 
often performed best, with tFold-TCR providing a favor-
able accuracy-throughput trade-off. Note that perfor-
mance may also differ between complexes restricted to 
MHC class I or MHC class II (ie, CD8+ and CD4+ T cell 
recognition, respectively). Although MHC II complexes 
are often considered more challenging to model due to 
their open peptide-binding groove and longer peptides, 
benchmarking results across tools show heterogeneous 
trends. For example, tFold-TCR reported relatively lower 
prediction accuracy for TCR–pMHC II complexes than 
for TCR–pMHC I, attributing this discrepancy to struc-
tural complexity and the limited representation of MHC 

II structures in training datasets.35 In contrast, AF-TCR,83 
a specialized AlphaFold-based docking framework, and 
TCRmodel2,77 found improved predictions and higher-
confidence scores of class II binding modes relative to 
class I. These findings suggest that while peptide length 
and docking variability can complicate TCR–pMHC II 
modeling, current AI-based frameworks do not uniformly 
underperform on class II systems, and their performance 
is rather more influenced by the composition of the 
training data.

Interestingly, one of the remaining challenges for 
accurate TCR–pMHC structural prediction relates to the 
proper “docking” orientation of the TCR (ie, crossing 
and incident angles) (figure 2c–e).70 The use of a TCR–
pMHC template can give a docking-based approach (eg, 
ImmuneScape) an edge over AI-based approaches (eg, 
TCRmodel2) when considering the accuracy of crossing 
and incident angles, regardless of TCRmodel2 being 
consistently better at predicting the CDR loops. The most 
recent tFold-TCR implementation seems to have achieved 
the best of both worlds by separately modeling the TCR 
and the pMHC, and having a dedicated model to predict 
the “docked” TCR–pMHC structure.35

Note that the modeling tools described in this section 
can potentially generate structures for any TCR–pMHC 
complex, but even a high-confidence model is not a 
strong indication of TCR–pMHC engagement. First, 

Figure 2  Structural features and modeling approaches of TCR–pMHC interactions. (a) Representative structure of a TCR 
bound to a pMHC, PDB: 2BNQ. (b) Dominance network of structural TCR and TCR–pMHC modeling tools summarizing cross-
study benchmarking results. Nodes represent methods (size indicates number of benchmark studies), and directed edges 
indicate reported performance superiority (winner → loser). Solid edges denote statistically significant differences, while dashed 
edges represent qualitative claims. The network highlights widely benchmarked tools and patterns reported as superior across 
studies. (c–d)  Illustration of crossing angle, rotational movement of the TCR relative to the pMHC along an axis perpendicular 
to the binding interface, highlighting the rotational shift (red arrow) of the TCR over the peptide-binding groove. (e) Illustration of 
incident angles, describing angular displacement of the TCR relative to the pMHC surface. The dashed lines indicate changes 
in the TCR binding mode’s inclination. (f–g)  Dynamics of TCR–pMHC complexes. Flipbook representations of conformational 
change over a short period of molecular dynamics simulation. The ribbon width and the color range depict low (deep blue) to 
high (red) flexibility per amino acid residue, as captured by RMSX (f) or LDDT (g). All protein images were rendered with UCSF 
ChimeraX. PDB, Protein Data Bank; pMHC, peptide-major histocompatibility complex; TCR, T cell receptor.
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current limitations on the accuracy of scoring functions 
for protein–protein interactions prevent us from deriving 
accurate binding energies directly from modeled 
complexes. Second, a static structure still lacks dynamic 
properties important for binding, which might be better 
approximated by an ensemble of conformations.84

Despite remaining limitations, TCR–pMHC struc-
tural modeling remains a key research focus, with many 
new computational tools currently being developed to 
advance the field. Notably, structure-based models that 
leverage explicit or predicted TCR–pMHC structures 
(eg, NetTCR-struct85 or STAG86) have been shown to 
outperform purely sequence-based methods in bench-
mark studies, provided that the structural inputs are of 
sufficient quality (figure 2f–g).85 87 In this context, there 
is growing interest in methods that can perform better 
quality assessment of three-dimensional models produced 
by different tools,85 88 and may help refine these models 
using more accurate biophysics-based features and 
advanced sampling methods.

These advances are beginning to translate into clin-
ical applications. For instance, structure-guided engi-
neering has produced enhanced-affinity TCRs targeting 
shared tumor antigens like NY-ESO-1 and MAGE-A4, with 
candidates in clinical trials for melanoma and sarcoma.16 
Integrating structural predictions with TCR repertoire 
sequencing from patient tumors enables the identifica-
tion of therapeutically relevant tumor-infiltrating lympho-
cytes, accelerating personalized TCR-T cell therapy 
development.27

Specificity prediction
The repertoire analyses discussed in previous sections 
can identify shifts in clonal proportions and even iden-
tify particular TCR sequences that are more prevalent 
or potentially associated with a phenotype or clinical 
outcome. However, the missing piece of the puzzle remains 
the identification of the exact antigen-specificities for 
these TCRs of interest. Clustering methods have often 
been used to provide an indirect answer to that question 
by identifying similarities between TCRs of interest and 
TCRs with verified specificity. This approach, however, 
provides a very coarse approximation, due to limitations 
of clustering methods, lack of extensive public datasets 
for reference, and the non-trivial impacts of alternative 
CDRs or Vα/Vβ pairings. Here, we focus on a different 
group of tools that try to bridge this gap and directly 
predict TCR specificity (table  2, online supplemental 
table 5). For instance, tools like PanPep89 and TPepRet90 
are set to predict TCR–peptide binding using as input 
only the sequences of the TCR and peptide of interest (ie, 
predict a “match”). Despite being sequence-based tools, 
these methods implicitly capture aspects of structural 
constraint patterns derived from known contacts within 
the TCR–pMHC interface,58 89 without the overhead cost 
of three-dimensional structural modeling. However, they 
are usually limited to the CDR3β interactions, and do not 
explicitly account for the MHC allele.

Another category of tools requires only the TCR 
sequence as input, outputting a single or multiple putative 
peptide-target sequences (eg, TCR-BERT91 and TCRconv, 
respectively). These tools represent an important step 
towards the desired goal of predicting antigen-specificity 
for unknown TCRs. However, they are still limited to 
the peptides used in the training dataset and therefore 
cannot predict novel peptide-targets. The inverse task of 
predicting epitope-specific TCRs can be performed with 
TCR-epiDiff.92 The generative capabilities of TCR-epiDiff 
also enable additional downstream analysis, as provided 
by the tool’s TCR–peptide binding prediction pipeline. 
As for limitations, TCR-epiDiff is computationally expen-
sive and also limited to the TCR-β chain.

Finally, methods such as TCRcost88 and STAG-LLM86 
require structural models as input for TCR–peptide 
binding prediction. TCRcost even enables correcting 
structural models prior to prediction, but does not include 
the MHC structure. On the other hand, STAG-LLM86 
accounts for the structural information of the complete 
TCR–pMHC interface, potentially capturing more of 
the biophysical and biochemical properties driving TCR 
engagement with pMHC complexes. As expected, reliance 
on structural data comes with some trade-offs, including 
the additional cost of the modeling step, which could limit 
scalability for large-scale TCR repertoire analysis. Given 
the complementary capabilities of the tools described in 
this section, it is already possible to overcome some of 
their individual limitations by integrating these methods 
into more comprehensive pipelines, from initial filtering 
with sequence-based methods,93 94 to three-dimensional 
modeling, quality assessment, and structure-guided speci-
ficity prediction for selected complexes.85 87 95

Functional and clinical integration
The design of effective personalized cancer immunother-
apies relies fundamentally on the precise identification 
of tumor-associated antigens and, ideally, the potentially 
therapeutic TCRs that recognize these MHC-bound 
peptide-targets. While traditional approaches have mostly 
focused on tumor variability for neoantigen discovery, 
through next-generation sequencing and immunopepti-
domics, there has been a recent shift towards TCR-guided 
neoantigen discovery, powered by novel high-throughput 
experimental approaches such as Yeast-displayed pMHC 
libraries, signaling and antigen-presenting bifunctional 
receptors, Biomechanically-Assisted T cell Triggering 
for Large-scale Exogenous-pMHC Screening, and TCR-
epitope scanning (T-Scan).96

Approaches based on TCR-sequencing have also 
been developed, such as the 10x Genomics Barcode 
Enabled Antigen Mapping (BEAM-T), now discon-
tinued, and the U-Load dCODE Dextramer from 
Immudex. However, the cost of these experimental 
approaches remains a major challenge for trans-
lational applications, especially when considering 
personalized therapies. In this context, the emerging 
computational methods and databases reviewed in 

Journal for Im
m

unoT
herapy of C

ancer: first published as 10.1136/jitc-2025-014184 on 18 June 2026. D
ow

nloaded from
 https://jitc.bm

j.com
 on 22 June 2026 by guest.

P
rotected by copyright, including for uses related to text and data m

ining, A
I training, and sim

ilar technologies.

https://dx.doi.org/10.1136/jitc-2025-014184
https://dx.doi.org/10.1136/jitc-2025-014184


14 Borges P, et al. J Immunother Cancer 2026;14:e014184. doi:10.1136/jitc-2025-014184

Open access�

previous sections provide an additional avenue for 
accelerating translational applications in cancer 
immunotherapy, through neoantigen-specific TCR-
discovery, and computational TCR-guided neoan-
tigen discovery. For instance, new methods for TCR 
data acquisition, TCR inference, and TCR clustering, 
combined with scalable approaches for structural 
modeling and specificity prediction, can allow iden-
tification of the best existing TCRs in a patient’s 
repertoire to drive cellular immunity against a 
specific neoantigen displayed by the patient’s tumor. 
Conversely, knowledge of the patient’s TCR reper-
toire and the capacity to computationally predict or 
test neoantigen-specificities can actually help over-
come some of the limitations of neoantigen discovery 
pipelines.

The use of the patients’ own TCRs for cellular 
therapy or TCR-guided neoantigen discovery has the 
additional advantage of reducing the risk for off-
target toxicities, given the central tolerance mecha-
nisms.19 However, the great expansion of a selected 
clonal population prior to adoptive T cell transfer, 
in combination with lymphodepletion, can still push 
the system beyond a natural tolerance threshold by 
breaking the boundaries of biological constraints 
imposed by central and peripheral tolerance mech-
anisms. This may increase the risk of cross-reactivity 
and off-target toxicity, as regulatory checkpoints that 
normally limit autoreactive potential are reduced 
or bypassed. This risk can be further minimized by 
computational screening of the most likely off-targets 
for a given therapeutic TCR or neoantigen, and subse-
quent experimental validation.97 98 In turn, all this 
information can be used to tailor the best therapy, 
or combination of therapies, considering available 
resources and clinical details. Of course, several 
limitations are still hindering the broader adoption 
of these computational approaches into clinical use.

In the regulatory context, computational tools 
currently play a supportive rather than determina-
tive role in the approval process of TCR-engineered 
T cell therapies. Regulatory agencies such as the US 
Food and Drug Administration require extensive 
experimental validation of specificity, safety, and 
manufacturability, and computational predictions 
are primarily used to prioritize candidates, assess 
potential off-target risks, and guide preclinical study 
design. Although in silico modeling, cross-reactivity 
screening, and structural prediction can substantially 
de-risk candidate selection, these approaches are 
not yet standardized or sufficiently benchmarked to 
serve as standalone evidence for regulatory decision-
making. Improving those steps and having more 
preclinical evaluation pipelines will be essential for 
broader regulatory acceptance in the future.

The recent AI-driven revolution in structural 
modeling has enabled increasingly accurate predic-
tions of TCR–pMHC structures.74 77 However, reliably 

deriving TCR binding affinity from these complexes 
remains challenging. Moreover, key determinants of T 
cell activation are still incompletely captured, partic-
ularly those related to molecular dynamics and the 
mechanical forces governing TCR engagement and 
downstream signal transduction.99–102 An orthogonal 
strategy for TCR specificity prediction involves deep 
learning models trained on validated TCR–pMHC 
complexes.86 Yet, limited availability of ground-
truth data, including “true negative” TCR–antigen 
pairs, constrains both training and robust valida-
tion, leading to poor extrapolation to unseen data-
points, especially novel peptides.95 Addressing these 
limitations will require deeper integration of experi-
mental and computational approaches, alongside the 
development of shared benchmarking standards and 
interoperable databases. Expanding training datasets 
and feature representations, coupled with more effi-
cient algorithms and an improved mechanistic under-
standing of TCR specificity, holds significant promise 
for transforming the design and broadening the clin-
ical impact of cancer immunotherapies.

CONCLUSION
In this review, we reflect on the current understanding 
of TCR biology and how its complexity creates chal-
lenges for TCR repertoire analyses. In spite of that, 
we highlight how advances in high-throughput 
sequencing and bioinformatics have transformed 
TCR repertoire analysis into a central pillar of trans-
lational cancer immunotherapy. We outline a unified, 
end-to-end analytical workflow, from data acquisi-
tion and TCR reconstruction to clustering, struc-
tural modeling, specificity prediction, and clinical 
integration. We discuss the strengths and limitations 
of existing computational approaches, including 
emerging deep learning and structure-informed 
methods, and underscore persistent challenges such 
as limited ground-truth datasets, TCR cross-reactivity, 
and limited interpretability. Collectively, these 
advances position TCR-focused analyses as indispens-
able tools for precision immuno-oncology, enabling 
predictive, mechanistic, and clinically actionable 
approaches to immunotherapy design.
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