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ABSTRACT
T-cell receptors (TCRs) are generated through somatic 
recombination of variable (V), diversity (D), and joining 
(J) gene segments, resulting in an extraordinarily 
diverse receptor repertoire that is essential for immune 
surveillance and host defense. TCR sequencing (TCR-
seq) has emerged as a powerful tool for comprehensive 
characterization of the adaptive immune repertoire, 
offering deep insights into T-cell diversity, antigen 
specificity, and clonal dynamics.
TCR-seq enables the tracking of T-cell clones across both 
temporal and spatial dimensions. From a longitudinal 
perspective, it allows for the monitoring of clonal dynamics 
before and after therapeutic interventions or over the 
course of disease progression. Temporal shifts in clonal 
composition can reveal the persistence, contraction, 
or expansion of specific T-cell populations, thereby 
providing valuable information on the durability of immune 
responses and the efficacy of treatments. From a spatial 
standpoint, TCR-seq facilitates comparative analyses of 
repertoires across distinct anatomical compartments, 
including tumors, blood, and lymph nodes. Such analyses 
yield insights into tissue-specific immune responses, 
T-cell trafficking, and infiltration patterns. Moreover, the 
ability to track antigen-specific T-cell clones enables the 
visualization and quantification of tumor-specific immune 
responses. Advances in spatial TCR-seq now integrate 
spatial context with clonal identity and repertoire diversity, 
further illuminating complex immune architecture within 
tissue microenvironments. Nonetheless, despite the 
development of various approaches for antigen specificity 
prediction, further advances are needed to improve their 
accuracy and generalizability.
A wide range of TCR-seq platforms are currently available, 
including DNA-based and RNA-based protocols, short-
read and long-read sequencing technologies, and bulk 
and single-cell approaches. Each method presents unique 
advantages in terms of resolution, throughput, cost, and 
biological relevance. For instance, DNA-based TCR-seq is 
well suited for longitudinal tracking of clonal populations, 
whereas RNA-based approaches are advantageous for 
detecting actively transcribed, antigen-responsive clones. 
Short-read sequencing offers high-throughput capabilities, 
while long-read and paired-chain sequencing provide 
comprehensive structural and functional information on 
TCRs. Additionally, computational methods, including 
machine learning algorithms and motif-based clustering, 

are increasingly employed to infer antigen specificity 
directly from TCR-seq data.
In this review, we examine the current landscape of 
TCR-seq through the lenses of what, when, where, why, 
and how, highlighting recent technological developments 
and emerging applications that are shaping the field of 
immune repertoire analysis.

INTRODUCTION
The what: defining the T-cell receptor and its 
generation
The T-cell receptor (TCR) is an antigen-
specific receptor expressed on the plasma 
membrane of T cells. It is a transmembrane 
protein complex composed of two chains: 
either an α and β chain or a γ and δ chain.1 2 
αβ-T cells, including CD4+ and CD8+ T cells, 
express αβTCR. When these TCRs bind to 
antigens presented on major histocompati-
bility complex (MHC) molecules of antigen-
presenting cells, they trigger an immune 
response.3 4 αβ-T cells play central roles in 
adaptive immunity by recognizing antigens 
via TCRs.5 In contrast, γδ-T cells express 
γδTCRs and recognize non-peptide antigens 
in an MHC-independent manner.6 Thus, γδ-T 
cells are key components of innate immunity 
and contribute critically to the early response 
against invading pathogens.7 Each T cell typi-
cally expresses a unique TCR that determines 
its antigen specificity. TCRs consist of variable 
and constant regions. This variable region 
contains three complementarity-determining 
regions (CDR1, CDR2, and CDR3) that form 
the antigen-binding site. The germline-
encoded CDR1 and CDR2 loops contact 
the conserved helical residues of the MHC, 
whereas the highly variable, somatically 
recombined CDR3 loops primarily interact 
with the peptide (figure 1a).8

The variable region is generated during 
T-cell development in the thymus through 
genomic rearrangement of multiple gene 
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segments: variable (V), diversity (D; β chain only), joining 
(J), and constant (C) segments.3 9 10 This V(D)J recombi-
nation process creates extensive TCR diversity. Notably, 
the diversity of the CDR3 region largely depends on this 
recombination process. Additionally, nucleotide inser-
tions and deletions at junctions during recombination 
further increase this diversity.11 Although CDR2β can 
play an important role in cross-reactivity and recognition 
patterns for specific epitopes,12 the most variable region, 
the CDR3, located within the antigen-binding domain, 
largely determines the TCR’s antigen specificity.13 There-
fore, TCR sequencing (TCR-seq) primarily assesses 
the diversity of T-cell clones by analyzing the CDR3 
sequence.14 During T cell development, β chain recom-
bination is initiated first, and a successfully rearranged β 
chain subsequently triggers α chain recombination. This 
sequential order ensures the proper assembly and expres-
sion of the TCR. Following successful β chain rearrange-
ment, recombination at the second β allele is inhibited, 
a mechanism referred to as allelic exclusion, thereby 
allowing each T cell to predominantly express a single β 
chain. In contrast, α chain allelic exclusion is incomplete, 
and a subset of T cells may express two α chains.15

Although V(D)J recombination can theoretically 
generate up to 10¹⁵ to 10¹⁸ possible TCRs, only 107 to 108 
unique clonotypes are actually observed in humans.16 
This discrepancy reflects multiple biological constraints, 
including thymic negative selection, recombination effi-
ciency, the finite number of T cells in the body, and clonal 
expansion biases in the periphery. An important compen-
satory mechanism is TCR cross-reactivity, in which a single 
TCR can recognize multiple distinct peptides, thereby 
enabling the limited TCR repertoire to cover an enor-
mous diversity of antigens.16–18

The why: impact of evaluating TCR on immunology questions
Since the TCR determines the capacity of T cells to 
recognize pathogens and cancer antigens, analyzing the 
complete TCR repertoire is critical for understanding 
the immune system in contexts such as cancer immu-
notherapy, vaccine response assessment, autoimmune 
diseases, and infectious diseases.3 19 20 In particular, in 
the field of cancer immunology, TCR-seq enables a wide 
range of analyses, including the assessment of TCR diver-
sity and clonality, longitudinal and spatial tracking of the 
specific T-cell clones, evaluation of immune responses 
during immunotherapy such as T-cell clonal expansion 
and repertoire skewing, and inference of antigen speci-
ficity (figure 1b). In summary, leveraging the unique iden-
tifiers of each T cell, the TCR, enables a high-resolution 
dissection of the immune system’s “fingerprint.”

There are two types of TCR-seq: bulk TCR-seq and 
single-cell TCR-seq.3 Bulk TCR-seq is cost-effective and 
can sequence millions of cells, but except for certain 
statistical inference approaches, it is generally unable 
to determine which TCR α and β chains are paired. 
Consequently, accurate tracking of antigen-specific 
clonotypes is challenging, and since some TCR clusters 

are TCR α-dominant while others are β-dominant, bulk 
sequencing relying solely on TCR β chains may fail to 
capture certain T cells.21 Single-cell TCR-seq, while more 
expensive and limited to a few thousand cells, can identify 
paired TCR chains.22 The advent of single-cell technolo-
gies has brought two major advantages to TCR analysis. 
First, the integration of RNA sequencing (RNA-seq) 
with TCR-seq has enabled the association of TCR gene 
pairs with specific cell types and functional states23 24 and 
allows the identification of low-frequency clones and 
rare subsets that would likely be masked in bulk anal-
yses. Second, evaluating TCR clonality and diversity at 
the single-cell level facilitates molecular tracking of T-cell 
trajectories, clonal dynamics, and phenotypic changes 
during immunotherapy.25 26 While bulk TCR-seq can 
quantify clonal expansion by measuring changes in clone 
frequencies, single-cell TCR-seq enables the simultaneous 
assessment of clonal expansion and the phenotypic states 
of the expanded clones, providing deeper insights into 
their biological relevance. Moreover, this approach allows 
for the monitoring of neoantigen-specific T cells across 
different time points and tissues before and after treat-
ment with immune checkpoint inhibitors.27 28 In recent 
years, throughput-intensive rapid TCR library sequencing 
(TIRTL-seq) has been introduced as an approach that 
addresses the limitations of both bulk and single-cell 
TCR-seq, enabling paired TCR α and β chain sequencing 
without single-cell isolation and facilitating quantitative 
analyses of antigen-specific TCR clones in large-scale 
samples.29 Thus, TCR-seq has become a powerful tool 
for comprehensively understanding immune system 
dynamics and aiding disease diagnosis, treatment, and 
prognosis prediction.26 30 31 Looking ahead, advance-
ments in TCR-seq analytical techniques will improve the 
precision of personalized immunotherapy and disease 
monitoring, significantly impacting future medical care. 
This review will present the latest findings and data anal-
ysis methods related to the potential of TCR-seq, focusing 
mainly on tumor immunity.

The how: TCR-seq profiling methodologies, DNA versus RNA, 
short versus long reads, and αβ+Vβ versus Vβ-alone
Several experimental and computational approaches are 
available for analysis of TCR-seq; however, each is opti-
mized for specific research and clinical applications.22 
These methods can be categorized based on the template 
used as source material for sequencing (DNA vs RNA), 
read length (short vs long read), and chain resolution 
(paired αβ sequencing vs Vβ-only profiling or, more 
rarely, Vα sequencing).32

DNA-based TCR-seq amplifies recombined TCR genes 
directly from genomic DNA (gDNA), providing a stable 
representation of all T-cell clonotypes, including non-
expressed or recently inactivated TCRs. The quantifi-
cation of total clonotype abundance is independent of 
transcriptional activity (PMC10163020). While DNA 
provides stable copy numbers per cell, it includes non-
rearranged V and J segments that reduce amplification 
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Figure 1  Overview of T cell receptor (TCR) structure and the potential of TCR sequencing (TCR-seq) for repertoire analysis. 
(a) Schematic representation of the TCR bound to a peptide–MHC complex. The variable region of TCR contains three 
complementarity-determining regions (CDR1, CDR2, and CDR3) that form the antigen-binding site. The germline-encoded 
CDR1 and CDR2 loops of both TCR α and β chains mainly contact the α-helices of the MHC molecule, while the highly variable 
CDR3 loops predominantly interact with the central region of the presented peptide, conferring antigen specificity. (b) Overview 
of the potential of TCR-seq and TCR repertoire metrics. TCR-seq primarily enables TCR repertoire analysis, TCR tracking, 
prediction of immunotherapy response, and antigen specificity prediction. Each section presents an overview diagram and 
commonly used plots for that specific aspect. (c) The concept of individual TCR clones unique to each T cell is illustrated using 
TCR clonality on the X-axis and TCR diversity on the Y-axis. Specific characteristic states associated with each region are also 
indicated. Dots of different colors represent distinct TCRs. MHC, major histocompatibility complex.
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efficiency. RNA-based approaches, in contrast, reflect the 
expressed TCRs and allow the quantification of clonal 
frequencies and abundances.33 Thus, DNA-based TCR-
seq is commonly used in immune repertoire tracking, 
minimal residual disease detection, and TCR evolution 
studies. A significant limitation is that DNA-based TCR-
seq cannot distinguish functional (expressed) vs non-
functional TCRs.33 On the contrary, RNA-based TCR-seq 
uses full-length TCR transcripts from messenger RNA, 
capturing only actively expressed or transcribed TCRs. 
RNA is also less stable, which limits its use from frozen or 
fixed samples. This approach provides better sensitivity 
for detecting rare or expanded clones compared with 
DNA-based approaches. It can be integrated into single-
cell immune profiling, tumor-infiltrating lymphocytes, 
and vaccine response assessments. The largest drawback 
is that this method is prone to bias due to variable TCR 
gene expression levels across different T-cell subsets.33

Short-read TCR-seq uses Illumina sequencing (~150–
300 bp reads) to cover V(D)J regions, often combined 
with UMI barcoding for quantitative clonotype analysis 
and longitudinal tracking when possible. This is the 
most widely used approach because it is high-throughput 
and cost-effective, besides its compatibility with bulk 
and paired single-cell TCR-seq. A potential limitation 
for this approach is the moderately intensive compu-
tational assembly of V(D)J sequences, which can also 
lead to errors in hypervariable regions when not care-
fully performed.34 35 Also, another complicating variable 
consists of amplification biases due to primer efficacy. 
A technology still in development is long-read TCR-seq 
(PacBio, Oxford Nanopore), which captures full-length 
TCR-seq (>600 bp) without fragmentation, preserving 
complete V(D)J junction information. In theory, this is 
a more accurate approach in resolving hypermutated 
or complex TCR rearrangements and can be used for 
detailed clonotype analysis, repertoire reconstruction, 
and identifying novel TCR variants. However, currently, 
this technology is limited to lower throughput and higher 
error rates compared with short-read approaches.36

Paired αβ TCR-seq is the preferred approach to simulta-
neously sequence TCRα and TCRβ chains, preserving the 
natural pairing between the two chains. This is essential 
for TCR functional analysis since correct αβ pairing deter-
mines antigen specificity.37 However, amplification of only 
the TCRβ chain, which has greater diversity compared 
with TCRα and contributes most to antigen recognition, 
is a simpler, cheaper, and widely used alternative to paired 
αβ with the limitation of reduced antigen specificity.38 
The choice of TCR-seq method depends on the specific 
hypothesis. DNA-based methods provide a stable record 
of T-cell clonality, while RNA-based methods target active 
TCRs. Long-read sequencing enables full-length TCR 
reconstruction, while short-read sequencing enables 
high-throughput repertoire profiling. Finally, paired αβ 
TCR-seq provides functional pairing information, while 
Vβ-only sequencing offers a cost-effective solution for 
diversity studies. A more complete reconstruction of 

CDR3 regions and their associated genes offers the advan-
tage of going beyond mere diversity metrics, providing 
insights into antigen specificity by identifying similarities 
in complementary regions at the protein level, even when 
nucleotide sequences differ. Machine learning (ML)-
based repertoire reconstruction and long-read single-cell 
TCR-seq will continue to improve precision and depth of 
TCR profiling for immunotherapy, vaccine development, 
and immune monitoring.

The what: TCR repertoire metrics (evaluation of diversity, 
clonality, and similarity)
The major metrics used to evaluate TCR repertoire 
are diversity, clonality, and similarity (figure  1b upper 
right).30 39 TCR diversity and clonality are influenced 
by multiple factors such as genetics, development, 
immune responses, disease states, treatments, and 
aging. First, diversity measures the breadth of TCR 
variation, reflecting how many different antigens the 
immune system can recognize. High diversity indicates 
a robust ability to respond to a wide range of patho-
gens and tumor antigens.40 41 More specifically, diversity 
comprises two components: richness, which is the total 
number of unique clones, and evenness, which represents 
how evenly distributed the clone frequencies are. Clon-
ality, by contrast, quantifies the dominance of specific 
TCR clones, reflecting the proliferation and expansion 
of particular T-cell clones during an immune response. 
High clonality is often associated with a focused and 
strong immune reaction to a specific antigen, including 
antitumor activity.41–43 Importantly, diversity and clonality 
are not simply opposite ends of a spectrum but rather 
complementary metrics, where a balance between them 
is crucial. Generally, high clonality with low diversity 
typically reflects the selective expansion of specific T-cell 
clones, as seen in cancer, infectious diseases, or aging.44 
Conversely, low clonality with high diversity corresponds 
to a healthy immune system capable of mounting broad 
responses to diverse antigens.45 When immunotherapy is 
effective in cancer patients, specific T-cell clones prolif-
erate selectively while overall TCR diversity is maintained, 
resulting in high clonality and high diversity being 
achieved simultaneously in some cases46 47 (figure  1c). 
Finally, TCR similarity (overlap) measures the degree 
of resemblance between TCR repertoires, often used to 
assess similarities within the same population before and 
after treatment or between different tissues.48 49

Diversity metrics
Rényi entropy, which encompasses both the Shannon 
and Simpson indices, is commonly used to evaluate TCR 
diversity in cancer immunology. The measure of diversity 
provided by Rényi entropy depends on the variable α50, 
which adjusts the emphasis placed on clones of different 
abundances. As α increases, the diversity measure increas-
ingly reflects the influence of highly abundant clones.51 
When α approaches 1, Rényi entropy converges to the 
Shannon index, and when α equals 2, it corresponds to 
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the Simpson index.26 52 The Shannon index evaluates the 
uniformity of clone distribution and is typically used to 
assess overall clonal diversity. In contrast, the Simpson 
index focuses on the dominance of specific clones and 
is useful for examining clonal expansion. Additionally, 
when rare clones are of particular interest, the Chao 
index can be employed to estimate the number of unde-
tected rare clones.26

Clonality metrics
Clonality is commonly evaluated using metrics such as 
the Clonality index and Gini coefficient.26 The Clon-
ality index is defined as 1 minus Pielou’s evenness index, 
which is a normalized form of Shannon index (H).53 
Specifically, the Clonality index reflects the dominance 
of particular T-cell clones, while Pielou’s evenness index 
measures the uniformity of the TCR clone distribution. 
A low Pielou’s evenness index indicates clone skewing 
due to the biased expansion. The Gini coefficient, on 
the other hand, quantifies the inequality or imbalance in 
clone sizes. The Gini coefficient is commonly used as an 
indicator of inequality in the distribution of income or 
wealth. Specifically, countries with greater social dispar-
ities tend to exhibit higher Gini coefficients, whereas 
those with lower inequality display lower Gini coefficient 
values.54 Thus, the Clonality index quantifies the overall 
degree of clonality, Pielou’s evenness index assesses how 
evenly clones are distributed, and the Gini coefficient 
captures the extent to which certain clones dominate the 
repertoire.55

Similarity (overlap) metrics
The Jaccard index, which evaluates the proportion of 
shared clones between two repertoires, and the Morisita-
Horn index, which measures the degree of overlap 
considering clone frequency distributions, are commonly 
used to assess TCR repertoire similarity between pairs 
of populations in immunology.26 30 50 56 57 The Jaccard 
index focuses on whether clones are shared but does not 
account for clone frequency, making it sensitive to rare 
clones. In contrast, the Morisita-Horn index incorporates 
clone frequency distribution, thus giving more weight to 
high-frequency clones.

Various metrics exist for analyzing T-cell repertoires, 
and their optimal use depends on factors such as sample 
type and size, requiring careful validation. Given that 
various TCR repertoire metrics and evaluation methods 
capture different facets of the repertoire, employing 
multiple complementary metrics rather than relying on 
a single measure is advisable to mitigate potential over-
sights and biases in TCR repertoire assessment. Accurate 
evaluation of TCR repertoire metrics requires careful 
consideration of several factors.18 Cross-reactivity and 
convergent recombination mean that the number of 
observed clonotypes does not directly reflect the number 
of functional antigen specificities. Sampling limitations, 
such as restricted sample volume, the practical upper 
limit on the number of cells, and sample loss during 

experimental procedures, can lead to underrepresen-
tation of low-frequency clones, and statistical inference 
methods have intrinsic constraints. Thus, adjusting 
sequencing depth across samples and combining empir-
ical data with refined models of clone size distributions 
are essential for a more precise understanding of reper-
toire diversity and immune coverage.

The when and the where: role of TCR-seq as a tracking tool 
for T cells, across time or across tissues
The TCR repertoire can serve as lineage tags to track 
T cells (figure  1b lower right).58 As T cells dynamically 
proliferate, differentiate, and migrate across different 
time points and tissues, TCR-seq provides a valuable tool 
to capture these immune responses by distinguishing indi-
vidual T-cell clones based on their unique TCR-seq.16 25 
Common tracking approaches include TCR clonal overlap 
analysis and TCR clonal tracking. Clonal overlap analysis, 
using metrics introduced earlier, evaluates the similarity 
of TCR repertoires between different time points and 
tissues. This overlap can also serve as a biomarker for 
the therapeutic efficacy of immunotherapy, as discussed 
in the next chapter. Clonal tracking, on the other hand, 
visualizes how specific clones expand or contract over 
time by following identical CDR3 sequences in longitu-
dinal data or by depicting trends in clone frequencies.31 59 
Additionally, specialized TCR tracking methods combine 
spatial transcriptomics and imaging techniques to map 
the precise location of TCR clones within tissues.60 61 
Such spatial analyses of T-cell clones offer promising new 
dimensions for immunological research.

Tracking tool for T cells across time
TCR-seq is a useful tool for longitudinally tracking 
dynamic changes in T cells. Overall clonal trends can 
be assessed by quantifying the similarity of TCR reper-
toires within the same samples across different time 
points.48 55 62–65 Conversely, the trajectory of individual 
clones can be monitored through TCR tracking, which 
follows specific CDR3 sequences and their clone frequen-
cies over time.31 47 More recently, simultaneous single-cell 
analysis of TCR-seq and gene expression has enabled 
detailed characterization of functional changes in subsets 
such as tumor antigen-specific, effector, and memory T 
cells.28 66

Tracking tool for T cells across tissues
TCR-seq enables comparison of TCR repertoires across 
different tissues, allowing us to determine the tissue 
origins of T cells and identify which tissues are actively 
responding to treatment.23 42 Specifically, analyzing TCR 
overlap between tissues can indirectly reveal T-cell migra-
tion patterns,55 67–71 while examining the enrichment of 
skewed clones can highlight tissue-specific clonal expan-
sions.72 Additionally, antigen-specific T-cell localization 
can be inferred by matching TCR-seq with public data-
bases.73 Beyond comparisons across tissues and time 
points, integration with single-cell RNA-seq facilitates 
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detailed characterization of T-cell phenotypes and tran-
scriptional profiles.27 59 74 More recently, combining TCR-
seq with spatial transcriptomics has enabled simultaneous 
analysis of T-cell spatial distribution and gene expres-
sion.61 For example, T-cell clones identified as hyperex-
panded by TCR-seq have been visualized within tissue 
using a combined multiplex immunofluorescence–RNA 
in situ hybridization approach.75 Furthermore, the STAR-
TRAC method (single T-cell analysis by RNA-seq and 
TCR tracking) provides a powerful approach to analyze 
T-cell clonal expansion, migration, differentiation, and 
diversity, offering deep insights into the temporal and 
spatial dynamics of immune responses.58 76 In summary, 
by comparing TCR repertoires across time and tissues 
through TCR-seq, we can now determine which T cells 
respond, when and where they act, and to what extent, 
thereby mapping the temporal and spatial behavior of T 
cells.

The why: role as a biomarker and monitoring for 
immunotherapy
ICI therapy has revolutionized oncology and is now an 
established therapeutic option for cancers.77 However, 
its efficacy varies significantly among individuals, under-
scoring the need to identify patient subgroups most likely 
to benefit from ICI treatment. With advances in TCR 
repertoire analysis, numerous studies have reported asso-
ciations between TCR repertoire features and treatment 
outcomes. In this context, we have summarized previous 
findings on the relationship between the TCR repertoire 
metrics and ICI efficacy or survival, categorizing each 
study by the type of TCR repertoire metrics used, the 
timing of assessment (pre-treatment or post-treatment), 
and the tissue source (tumor or blood) (tables 1 and 2, 
and figure 1b, lower left).

Diversity and response to immunotherapy
Patients exhibiting high TCR diversity in blood before ICI 
therapy have been suggested to demonstrate improved 
therapeutic responses, likely due to the increased prob-
ability of possessing T-cell clones capable of recognizing 
tumor-associated antigens within a broader TCR reper-
toire. Indeed, several studies have reported that higher 
peripheral TCR diversity at baseline is associated with 
improved ICI efficacy and prognosis.62 78–82 Moreover, 
analyses of tumor and blood samples before and after ICI 
treatment have shown that responders exhibit a signif-
icant increase in TCR richness and a decrease in even-
ness.43 46 83–86 Conversely, other studies have suggested that 
a reduction in TCR diversity, or a limited increase in diver-
sity, is associated with favorable treatment outcomes.69 87 88 
Additionally, there are reports indicating no clear associa-
tion between TCR diversity and treatment efficacy, either 
at baseline or after therapy.47 63 89–92 Reports on changes in 
TCR diversity before and after treatment remain limited. 
Furthermore, many of these studies have methodolog-
ical limitations, such as ambiguous definitions of TCR 
metrics, reliance on non-significant trends, extremely 

small sample sizes, or inclusion of cohorts with prior anti-
CTLA-4 therapy. Therefore, these findings should be 
interpreted with caution.

Clonality and response to immunotherapy
The association between baseline TCR clonality and treat-
ment response appears to differ depending on the tissue. 
In tumors, higher baseline TCR clonality has been asso-
ciated with improved treatment outcomes,39 56 64 65 93–95 
whereas in blood, lower baseline clonality has been 
linked to better responses.90 96 97 However, several studies 
have reported no significant association between baseline 
TCR clonality and treatment efficacy.48 56 57 64 84 96 97 These 
contrasting findings may reflect dynamic T-cell trafficking 
between tissues before and after therapy. Importantly, 
many studies have emphasized changes in TCR clon-
ality post-treatment, often observing increased clonality 
in both blood and tumor tissues among responders to 
ICIs.42 48 62 65 93 94 97 98

In summary, the majority of studies have reported that 
high baseline TCR diversity and low clonality in blood are 
associated with favorable treatment outcomes and prog-
nosis, whereas in tumors, high baseline TCR clonality is 
more frequently linked to better clinical responses and 
prognosis. Subsequently, numerous studies have demon-
strated that, following immunotherapy, selective expan-
sion of specific T-cell clones occurs in responders, leading 
to increased TCR clonality in both blood and tumors. 
In contrast, changes in TCR diversity after treatment 
require the most careful interpretation. Although TCR 
diversity is generally inversely correlated with clonality, 
when focusing on changes before and after treatment, it 
is important to consider not only the expansion of pre-
existing T-cell clones but also the influx of newly recruited 
clones. Thus, diversity and clonality should be regarded 
as complementary parameters. Indeed, immunotherapies 
may promote the expansion of specific T-cell clones while 
preserving broad antigen recognition, potentially leading 
to concurrent increases in both metrics (figure  1c). 
Furthermore, dynamic patterns have been observed in 
mice, where TCR diversity transiently decreases following 
anti-CTLA-4 antibody treatment, followed by a subse-
quent increase.99 Accordingly, the interpretation of TCR 
repertoire dynamics is highly influenced by factors such 
as the timing of therapy and sample collection, meth-
odology used to quantify repertoire metrics, treatment 
regimen, age of patients, and the limited sample sizes. As 
a result, a definitive consensus has yet to be established. 
Therefore, it is essential to clearly define the indices used 
for each metric and to evaluate TCR repertoires using 
multiple complementary parameters.

Temporal changes in clonotypes (expanded, contracted, and novel 
clones)
By profiling expanded, contracted, persistent, and novel 
T-cell clones before and after treatment, the dynamic 
changes in the T-cell repertoire can be characterized 
(figure 1b, lower left). A key area of ongoing debate is 

Journal for Im
m

unoT
herapy of C

ancer: first published as 10.1136/jitc-2025-013499 on 3 M
arch 2026. D

ow
nloaded from

 https://jitc.bm
j.com

 on 4 M
arch 2026 by guest.

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

ining, A
I training, and sim

ilar technologies.



7Nose Y, et al. J Immunother Cancer 2026;14:e013499. doi:10.1136/jitc-2025-013499

Open access

Ta
b

le
 1

 
P

re
tr

ea
tm

en
t 

TC
R

 r
ep

er
to

ire
 m

et
ric

s 
in

 r
el

at
io

n 
to

 t
re

at
m

en
t 

ef
fic

ac
y 

an
d

 p
ro

gn
os

is

ca
nc

er
 t

yp
e

nu
m

IC
I t

yp
e

S
M

P
p

re
/p

o
st

m
et

ri
cs

re
su

lt
s

d
ep

th
re

f

m
el

an
om

a
n=

12
C

TL
A

4
b

lo
od

p
re

d
iv

er
si

ty
re

sp
on

d
er

: h
ig

h 
ric

hn
es

s,
 h

ig
h 

ev
en

ne
ss

N
/A

80

m
el

an
om

a
n=

38
P

D
-1

b
lo

od
p

re
d

iv
er

si
ty

re
sp

on
d

er
: l

ow
 d

iv
er

si
ty

N
/A

78

m
el

an
om

a
n=

42
C

TL
A

4
b

lo
od

p
re

d
iv

er
si

ty
re

sp
on

d
er

: h
ig

h 
d

iv
er

si
ty

N
/A

78

m
el

an
om

a
n=

17
C

TL
A

4
b

lo
od

p
re

d
iv

er
si

ty
re

sp
on

d
er

: h
ig

h 
re

st
ric

te
d

 T
C

R
 V
β-

ge
ne

 (C
D

4)
N

/A
79

N
S

C
LC

*
n=

40
P

D
-1

 o
r 

P
D

L1
b

lo
od

p
re

d
iv

er
si

ty
re

sp
on

d
er

: h
ig

h 
d

iv
er

si
ty

 (P
D

-1
+
C

D
8)

N
/A

62

N
S

C
LC

n=
93

P
D

-1
/C

TL
A

4
b

lo
od

p
re

d
iv

er
si

ty
re

sp
on

d
er

: h
ig

h 
ric

hn
es

s
no

rm
al

iz
at

io
n

81

S
ol

id
 t

um
or

n=
14

P
D

-1
 o

r 
P

D
L1

b
lo

od
p

re
d

iv
er

si
ty

re
sp

on
d

er
: h

ig
h 

d
iv

er
si

ty
Fr

eq
ue

nc
y-

b
as

ed
 c

or
re

ct
io

n
82

G
I*

 c
an

ce
r

n=
12

5
P

D
-1

b
lo

od
p

re
d

iv
er

si
ty

no
 d

iff
er

en
ce

N
/A

63

M
D

S
*

n=
37

C
TL

A
4 

an
d

/o
r 

P
D

-1
b

lo
od

p
re

d
iv

er
si

ty
no

 d
iff

er
en

ce
 in

 r
ic

hn
es

s
N

/A
90

m
el

an
om

a
n=

34
P

D
-1

b
lo

od
p

re
d

iv
er

si
ty

no
 d

iff
er

en
ce

 in
 r

ic
hn

es
s

st
an

d
ar

d
iz

at
io

n
43

N
S

C
LC

n=
27

P
D

-1
 (n

eo
ad

ju
va

nt
)

b
lo

od
p

re
d

iv
er

si
ty

no
 d

iff
er

en
ce

 in
 e

ve
nn

es
s 

an
d

 d
iv

er
si

ty
no

rm
al

iz
at

io
n

89

N
S

C
LC

n=
19

P
D

-1
 (n

eo
ad

ju
va

nt
)

tu
m

or
p

re
d

iv
er

si
ty

re
sp

on
d

er
: l

ow
 e

ve
nn

es
s,

 n
o 

d
iff

er
en

ce
 in

 
d

iv
er

si
ty

no
rm

al
iz

at
io

n
89

U
C

*
n=

29
P

D
L1

b
lo

od
p

re
cl

on
al

ity
re

sp
on

d
er

: l
ow

 c
lo

na
lit

y
no

rm
al

iz
at

io
n

96

M
D

S
n=

37
C

TL
A

4 
an

d
/o

r 
P

D
-1

b
lo

od
p

re
cl

on
al

ity
re

sp
on

d
er

: l
ow

 c
lo

na
lit

y
N

/A
90

P
D

A
C

*
n=

25
C

TL
A

4
b

lo
od

p
re

cl
on

al
ity

re
sp

on
d

er
: l

ow
 c

lo
na

lit
y

st
an

d
ar

d
iz

at
io

n
97

P
D

A
C

n=
32

P
D

-1
b

lo
od

p
re

cl
on

al
ity

no
 d

iff
er

en
ce

st
an

d
ar

d
iz

at
io

n
97

m
el

an
om

a
n=

33
C

TL
A

4
b

lo
od

p
re

cl
on

al
ity

no
 d

iff
er

en
ce

N
/A

56

va
rio

us
*

n=
22

C
TL

A
4

b
lo

od
p

re
cl

on
al

ity
no

 d
iff

er
en

ce
st

an
d

ar
d

iz
at

io
n

57

N
S

C
LC

n=
71

P
D

L1
b

lo
od

p
re

cl
on

al
ity

no
 d

iff
er

en
ce

N
/A

84

R
C

C
*

n=
15

P
D

-1
b

lo
od

p
re

cl
on

al
ity

no
 d

iff
er

en
ce

no
rm

al
iz

at
io

n
64

m
el

an
om

a
n=

23
P

D
-1

tu
m

or
p

re
cl

on
al

ity
re

sp
on

d
er

: h
ig

h 
cl

on
al

ity
N

/A
39

m
el

an
om

a
n=

18
P

D
-1

 (a
ft

er
 C

TL
A

4)
tu

m
or

p
re

cl
on

al
ity

re
sp

on
d

er
: h

ig
h 

cl
on

al
ity

N
/A

93

m
el

an
om

a
n=

30
P

D
-1

/C
TL

A
4

tu
m

or
p

re
cl

on
al

ity
re

sp
on

d
er

: h
ig

h 
cl

on
al

ity
no

rm
al

iz
at

io
n

94

m
el

an
om

a
n=

18
C

TL
A

4
tu

m
or

p
re

cl
on

al
ity

re
sp

on
d

er
: h

ig
h 

cl
on

al
ity

N
/A

56

R
C

C
n=

14
P

D
-1

tu
m

or
p

re
cl

on
al

ity
re

sp
on

d
er

: h
ig

h 
cl

on
al

ity
no

rm
al

iz
at

io
n

64

m
el

an
om

a
n=

25
P

D
-1

tu
m

or
p

re
cl

on
al

ity
re

sp
on

d
er

: h
ig

h 
cl

on
al

ity
N

/A
95

S
G

C
*

n=
18

P
D

-1
 o

r 
P

D
-1

/C
TL

A
4

tu
m

or
p

re
cl

on
al

ity
re

sp
on

d
er

: h
ig

h 
cl

on
al

ity
N

/A
65

m
el

an
om

a
n=

19
P

D
-1

 o
r 

P
D

-1
/C

TL
A

4
tu

m
or

p
re

cl
on

al
ity

no
 d

iff
er

en
ce

N
/A

48

U
C

n=
24

P
D

L1
tu

m
or

p
re

cl
on

al
ity

no
 d

iff
er

en
ce

no
rm

al
iz

at
io

n
96

N
S

C
LC

n=
14

P
D

-1
(n

eo
ad

ju
va

nt
)

b
lo

od
p

re
si

m
ila

rit
y 

(ti
ss

ue
)

re
sp

on
d

er
: h

ig
h 

ov
er

la
p

 b
et

w
ee

n 
b

lo
od

 a
nd

 
tu

m
or

no
rm

al
iz

at
io

n
42

C
on

tin
ue

d

Journal for Im
m

unoT
herapy of C

ancer: first published as 10.1136/jitc-2025-013499 on 3 M
arch 2026. D

ow
nloaded from

 https://jitc.bm
j.com

 on 4 M
arch 2026 by guest.

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

ining, A
I training, and sim

ilar technologies.



8 Nose Y, et al. J Immunother Cancer 2026;14:e013499. doi:10.1136/jitc-2025-013499

Open access�

whether the expansion of pre-existing clones or the induc-
tion of novel clones plays a more critical role in the ther-
apeutic efficacy of ICIs. Several studies suggest that the 
expansion of pre-existing T-cell clones is more important, 
as many of the clones proliferating post-treatment were 
already present at baseline.39 48 62–65 69 91 97 100

Conversely, other reports highlight the importance of 
newly induced T-cell clones, which emerge only after treat-
ment, in mediating effective responses.55 90 101 102 These 
seemingly contradictory findings suggest that ICIs may 
exert their effects through dual mechanisms: sustaining 
and amplifying pre-existing T-cell clones, as well as 
recruiting and expanding novel clones.23 25 64 103

Similarity (overlap) and response to immunotherapy
TCR similarity (overlap) refers to the extent of shared 
TCR clonotypes across different time points before 
and after treatment or different tissues such as tumor, 
blood, and lymph nodes. High TCR similarity before and 
after ICI treatment suggests minimal change in clonal 
composition, whereas low overlap indicates significant 
reshaping of the TCR repertoire. As such, TCR similarity 
is largely influenced by the dynamics of clonal expansion 
or contraction. When pre-existing T-cell clones expand, 
the overlap increases due to their persistent presence 
before and after treatment. Conversely, when novel 
clones are induced and expand following therapy, or 
when pre-existing clones contract, TCR overlap tends to 
decrease.

Regarding the association between TCR overlap and 
treatment response, several studies have reported that the 
expansion of pre-existing clones is critical for therapeutic 
efficacy, with increased pretreatment and post-treatment 
TCR similarity observed in responders.48 64–66 In contrast, 
other reports highlight the importance of newly induced 
clones, in which case lower TCR overlap is associated with 
better outcomes.55 68 90 101 102 104 105 Taken together, these 
conflicting findings, likely influenced by limited sample 
sizes and cancer type heterogeneity, suggest that the qual-
itative nature of clonal changes may be more informative 
than overlap metrics alone.

Analyzing shared TCR clones across tissues can also 
provide insight into the origin of novel clones observed 
after treatment. For instance, higher baseline TCR overlap 
between tumor and blood has been associated with 
improved therapeutic responses,42 68 possibly reflecting 
a pre-existing antitumor immune response and active 
T-cell trafficking. Additionally, post-treatment responders 
often exhibit increased sharing of TCR clones between 
tumor and blood, which may serve as a biomarker of 
clinical benefit.42 49 98 106 Within the framework of the 
cancer-immunity cycle, lymph node-derived T cells may 
infiltrate tumors following ICI therapy,70 107 contributing 
to increased inter-organ TCR overlap, an indicator of 
systemic anti-tumor immunity.28 68 Finally, the TCR reper-
toire has also been implicated in immune-related adverse 
events associated with ICIs.47 79 108–112ca
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Table 2  Post-treatment or dynamic changes in TCR repertoire metrics in relation to treatment efficacy and prognosis

cancer type num ICI type SMP pre/post metrics results depth ref

melanoma
PC

n=16
n=25

CTLA4 blood pre–post 
change

diversity responder: low decreased 
clones (maintain)

normalization 46

NSCLC n=71 PDL1 blood pre–post 
change

diversity responder: high increased 
diversity

N/A 84

HL n=9 PD-1 blood pre–post 
change

diversity responder: high increased 
diversity

N/A 85

RCC n=25 PD-1 blood pre–post 
change

diversity responder: high decreased 
diversity

N/A 69

NSCLC n=20 PD-1 blood pre–post 
change

diversity responder: high decreased 
diversity

N/A 87

melanoma n=21 CTLA4 blood pre–post 
change

diversity no difference N/A 47

NSCLC n=7 PDL1 blood pre–post 
change

diversity no difference N/A 92

melanoma n=69 PD-1 or PD-1/
CTLA4

blood post diversity no difference statistical 
adjustment

91

NSCLC n=32 PD-1
(neoadjuvant)

blood post diversity no difference in evenness 
and diversity

normalization 89

melanoma n=16 PD-1 (after 
CTLA4)

tumor pre–post 
change

diversity responder: high increased 
richness

standardization 43

melanoma n=17 PD-1 tumor pre–post 
change

diversity responder: high decreased 
evenness

standardization 43

MCC n=18 PD-1 or PDL1 tumor post diversity responder: high richness 
(trend)

N/A 83

glioblastoma n=24 PD-1 tumor post diversity responder: high diversity N/A 86

NSCLC n=38 anti-PD-1 
(neoadjuvant)

tumor post diversity no difference in evenness 
and diversity

normalization 89

melanoma n=10 PD-1 tumor pre–post 
change

diversity responder: high decreased 
diversity (trend)

N/A 88

NSCLC n=19 PD-1 or PDL1 blood pre–post 
change

clonality responder: high increased
PD-1+CD8+ T cell clonality

N/A 62

RCC n=25 PD-1 blood pre–post 
change

clonality responder: high increased 
clonality

N/A 69

PDAC n=32 PD-1 blood post clonality responder: high clonality standardization 97

PDAC n=25 CTLA4 blood post clonality no difference standardization 97

RCC n=12 PD-1 blood post clonality no difference normalization 64

melanoma n=22 PD-1/CTLA4 tumor pre–post 
change

clonality responder: high increased 
clonality

normalization 94

melanoma n=9 PD-1 (after 
CTLA4)

tumor post clonality responder: high clonality N/A 93

melanoma n=19 PD-1 or PD-
1/CTLA4 
(neoadjuvant)

tumor post clonality responder: high clonality N/A 48

NSCLC n=11 PD-1 
(neoadjuvant)

tumor post (at 
surgery)

clonality responder: high clonality N/A 98

NSCLC n=14 PD-1
(neoadjuvant)

tumor post clonality responder: high clonality normalization 42

SGC n=18 PD-1 or PD-1/
CTLA4

tumor post clonality responder: high clonality N/A 65

RCC n=15 PD-1 tumor post clonality no difference normalization 64

UC n=22 PDL1 blood pre–post 
change

expanded responder: high expanded 
clones from tumor

normalization 96

NSCLC n=20 CTLA4 blood pre–post 
change

expanded 
contracted

responder: high expanded 
and contracted clones

normalization 100

Continued
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The why: role in defining the specificity of T cells, either for 
adoptive transfer or for antigen discovery
Adoptive cell transfer
Adoptive cell transplantation (ACT) is a highly personal-
ized cancer therapy in which T cells and other immune 
cells are collected from a patient, enhanced and expanded 
ex vivo, and then reinfused to boost their ability to target 
pathogens and tumor cells (figure 1b, upper left). ACT 
encompasses several approaches, including Tumor-
Infiltrating Lymphocyte therapy and TCR-engineered 
T-cell therapy.113 TCR-seq is central to the implemen-
tation of ACT, playing key roles in treatment design, 

evaluation, tracking the T-cell repertoire, and predic-
tion of therapeutic response. Initially, TCR-seq enables 
the identification of tumor antigen-specific T-cell clones 
required for ACT. Additionally, TCR-seq characterizes 
T-cell diversity and clonality, facilitating the selection of 
optimal T-cell populations for transfer.114 115 TCR-seq can 
also serve as clonal barcodes, enabling the tracking of 
the distribution and functional fate of transferred T cells 
following ACT.116 117 Finally, TCR repertoire profiling 
has been employed to predict the therapeutic efficacy 
of ACT-based strategies.118 119 More recently, a clinical 
study demonstrated the feasibility of generating and 

cancer type num ICI type SMP pre/post metrics results depth ref

PDAC n=13 CTLA4 blood pre–post 
change

expanded responder: high expanded 
clones

standardization 97

melanoma n=15 CTLA4 blood pre–post 
change

expanded responder: high expanded 
clones from tumor

N/A 56

NSCLC n=12 PD-1 
(neoadjuvant)

blood pre–post 
change

expanded 
contracted

responder: high expanded 
clones from tumor

normalization 42

melanoma n=49 PD-1 or PD-1/
CTLA4

blood pre–post 
change

expanded 
contracted

responder: high expanded 
clones

statistical 
adjustment

91

RCC n=25 PD-1 blood pre–post 
change

expanded responder: high expanded 
clones

N/A 69

melanoma n=18 PD-1/CTLA4 blood pre–post 
change

expanded responder: high novel T cell 
clones

N/A 101

MDS n=37 CTLA4 or PD-1 blood pre–post 
change

expanded 
contracted

responder: high novel T cell 
clones

N/A 90

NSCLC n=60 PD-1 or PDL1 blood pre–post 
change

expanded 
contracted

responder: high novel clones 
expansion

N/A 102

melanoma n=11 PD-1 tumor pre–post 
change

expanded 
contracted

responder: high expanded 
clones

N/A 39

melanoma n=24 CTLA4 blood pre–post 
change

similarity 
(time)

no difference N/A 56

RCC n=12 PD-1 blood pre–post 
change

similarity 
(time)

no difference normalization 64

GI cancer n=47 PD-1 blood pre–post 
change

similarity 
(time)

responder: high overlap pre 
and post treatment

N/A 63

NSCLC n=19 PD-1 or PDL1 blood pre–post 
change

similarity 
(time)

responder: high overlap pre 
and post treatment

N/A 62

melanoma n=7 PD-1 or PD-1/
CTLA4

blood pre–post 
change

similarity 
(time, 
tissue)

responder: reduction of 
TCR clonal relatedness from 
tumor-derived PBMC

N/A 55

GI cancer n=8 PD-1 blood pre–post 
change

similarity 
(tissue)

responder: high increased 
overlap between blood and 
tumor

down–sampling 68

RCC n=15 PD-1 blood post similarity 
(tissue)

responder: high number of 
shared clones with tumor

N/A 69

melanoma n=9 PD-1
(neoadjuvant)

tumor pre–post 
change

similarity 
(time)

responder: high overlap pre 
and post treatment

N/A 48

RCC n=12 PD-1 tumor pre–post 
change

similarity 
(time)

responder: high similarity pre 
and post treatment

normalization 64

SGC n=18 PD-1 or PD-1/
CTLA4

tumor pre–post 
change

similarity 
(time)

responder: high overlap pre 
and post treatment

N/A 65

GI, gastrointestinal; HL, Hodgkin lymphoma; ICI, immune checkpoint inhibitor; MCC, merkel cell carcinoma; MDS, myelodysplastic syndromes; N/A, 
not available; NSCLC, non-small cell lung cancer; PC, prostate cancer; PDAC, pancreatic ductal adenocarcinoma; RCC, renal cell carcinoma; SGC, 
salivary gland cancer; SMP, type of sample; TCR, T-cell receptor; UC, urothelial carcinoma.

Table 2  Continued
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administering T cells engineered to express neoantigen-
specific TCRs, derived from a patient’s own TCR-seq 
data.120 Notably, the median time from neoTCR identifi-
cation to T-cell infusion was only 102 days, highlighting a 
promising approach to overcoming one of ACT’s major 
limitations, namely the lengthy time required for treat-
ment initiation.

Antigen discovery
T-cell antigen discovery refers to the identification 
of antigens or peptide–MHC (pMHC) complexes 
recognized by T cells. This can be achieved through 
various strategies, including antigen-directed 
approaches, TCR-directed approaches, and computa-
tional methods.121 Among antigen-directed methods, 
one of the most representative is the identification of 
antigen-specific TCRs by exposing T cells to a panel of 
pMHC complexes and performing TCR-seq on pMHC-
positive cells.122 Recently, innovative techniques 
have emerged, such as tetramer-associated TCR-seq 
(TetTCR-seq), which enables high-throughput linkage 
of antigen specificity with TCR-seq at the single-cell 
level,123 and microfluidic antigen–TCR engagement 
sequencing, which facilitates the isolation and TCR-
seq of neoantigen-specific T cells.124 In TCR-directed 
approaches, antigen screening platforms such as 
baculoviral and yeast display libraries, as well as 
T-Scan technology, use extensive peptide libraries to 
assess reactivity with T cells, enabling identification of 
antigen-specific TCRs through subsequent TCR-seq 
analysis.125 126 Computational (in silico) approaches 
have also gained prominence. The first study to 
combine tetramer-based sorting with single-cell TCR-
seq for antigen prediction was reported in 2017.9 Since 
then, various ML and deep learning-based methods 
have been developed to predict antigen–TCR inter-
actions.5 119–121 However, the existing datasets cover 
only a small subset of the immense diversity of poten-
tial TCR–antigen combinations (online supplemental 
table 1). Future work should aim to expand TCR–
antigen databases, particularly for rare HLA alleles 
and non-viral epitopes, to enhance predictive power 
and coverage.127 In summary, TCR-seq is instrumental 
in identifying the antigenic peptides recognized by 
T cells, including prediction of neoantigens based 
on TCR associations.128 Such antigen identification 
can inform ACT and vaccine development, enable 
personalized T-cell therapies based on each patient’s 
antigen repertoire, and facilitate immune monitoring 
using TCR and antigen data. Thus, by capturing the 
TCR-seq of antigen-reactive T cells, TCR-seq serves as 
a critical tool in the field of antigen discovery. Finally, 
it is worth noting that tumor-specific TCRs have high 
commercial value due to their therapeutic potential, 
and many high-affinity or clinically promising TCRs 
are retained within proprietary corporate databases, 
making them inaccessible to the academic community.

The next: novel computational approaches that try to predict 
what TCR recognizes
While recent sequence-based models are increasingly 
informative, predicting αβ TCR antigenic specificity 
from sequence alone remains an open problem, and 
reported performance often depends on epitope/
HLA familiarity and dataset composition. Under-
standing TCR antigen specificity, defined as the 
precise recognition of peptide–MHC complexes, 
is pivotal to uncover the functional roles of T cells 
in immune responses, particularly within the tumor 
microenvironment. Traditional TCR-seq analysis, 
while robust in capturing clonotype diversity, does not 
inherently provide information about antigen speci-
ficity. Recently, significant advancements in compu-
tational biology have paved the way for predictive 
approaches to decipher what TCRs recognize directly 
from their sequences. A recent perspective under-
scores these constraints, noting that current datasets 
sample only a tiny fraction of possible TCR–peptide–
MHC combinations and that performance commonly 
drops on unseen epitopes/HLAs, motivating stan-
dardized benchmarks, higher-quality negatives, and 
paired αβ inputs.127

Database-driven methods constitute one classical 
approach, where the specificity of newly sequenced 
TCR clonotypes is inferred by matching to experimen-
tally validated TCR-antigen pairs stored in curated 
repositories such as VDJdb129 130 and McPAS-TCR 
(online supplemental table 1).131 In recent years, 
beyond these reports, a variety of public databases 
have been developed to predict TCR–antigen combi-
nations.132–137 These databases compile extensive 
experimentally determined TCR–peptide pairs, facili-
tating rapid identification of known pathogen-specific 
or tumor antigen-specific clonotypes. However, the 
predictive power of this approach is inherently limited 
by the breadth and quality of the reference data.138 
Clonotypes recognizing uncommon or novel epitopes 
may remain unidentified, underscoring the need for 
complementary prediction strategies. Addressing 
this limitation, ML methods have emerged, lever-
aging large-scale TCR-seq datasets to computation-
ally predict antigen specificity. ML-driven approaches 
such as GLIPH/GLIPH2 (Grouping of Lymphocyte 
Interactions by Paratope Hotspots) cluster TCR-seq 
based on conserved motifs in their CDR3, thereby 
identifying clonotypes that likely share antigen 
specificity, even without prior experimental annota-
tion.139 140 Similarly, advanced deep learning models 
such as DeepTCR141 and ERGO142 143 have integrated 
convolutional neural networks and sequence-based 
modeling to predict antigen specificity directly from 
the primary TCR-seq. These algorithms can iden-
tify subtle sequence features associated with antigen 
recognition, substantially expanding the potential 
for novel antigen discovery and characterization of 
rare clonotypes.144 The predictive accuracy of these 
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computational methods varies significantly depending 
on the sequencing technology and library preparation 
method used. Bulk TCR-seq approaches using short-
read sequencing (eg, Illumina platforms) commonly 
sequence only a single chain, typically the β chain due 
to its greater combinatorial diversity, but lack paired-
chain information, thus restricting antigen specificity 
predictions.145 146 Conversely, single-cell TCR-seq 
technology provides paired-chain sequencing of α 
and β TCR chains from individual cells, significantly 
improving prediction accuracy and enabling precise 
antigen specificity identification.3 147 Consistent with 
broader evaluations, high area under the curves 
(AUCs) tend to cluster around well-represented 
viral epitopes in common class I HLA backgrounds, 
whereas unseen-epitope generalization is modest 
and variable across datasets and negative-sampling 
schemes. This pattern highlights the importance of 
independent, harmonized benchmarks and paired 
αβ modeling to curb overfitting and improve out-of-
distribution reliability. In addition, explicit reporting 
of true-negative construction and cross-cohort testing 
would strengthen claims of generalizability.127

Long-read sequencing technologies, such as PacBio 
and Oxford Nanopore, offer distinct advantages by 
capturing full-length TCR transcripts without frag-
mentation, preserving complete V(D)J junctions and 
α–β pairing information within individual T cells. 
These features facilitate accurate clonotype resolu-
tion, robust reconstruction of complex TCR-seq, and 
enhanced antigen specificity prediction, particularly 
beneficial for characterizing rare or novel antigen-
specific T cells.148 149 However, long-read sequencing 
currently faces limitations, including higher error 
rates and lower throughput compared with short-
read methods, requiring specialized bioinformatics 
approaches and careful error correction to achieve 
accurate results. Moreover, the choice of library prepa-
ration further influences prediction capabilities. Multi-
plex PCR-based library preparations, despite their 
high throughput and cost-efficiency, introduce biases 
toward specific TCR V/J segments, potentially over-
looking rare antigen-specific clonotypes.150 In contrast, 
5’ RACE-based methods, due to minimal primer biases, 
are particularly suited to uncover novel clonotypes 
and improve subsequent computational prediction.33 
Therefore, careful selection of sequencing methodolo-
gies aligned with computational prediction approaches 
is essential to optimizing antigen specificity analyses.

Structure-aware and hybrid approaches
A complementary direction incorporates explicit 
structure of the TCR–peptide–MHC ternary complex 
to better ground sequence-level correlations in 
biophysics. Early pipelines using predicted complexes 
(eg, AlphaFold-Multimer-style modeling) suggest 
structure-guided re-ranking of candidate TCRs to a 
given pMHC may add value in seen-epitope settings, 

though broad benchmarks remain limited. The recent 
AlphaFold 3 framework extends diffusion-based 
prediction to multimolecular complexes, theoretically 
enabling large-scale TCR–pMHC modeling; however, 
its utility for prospective ligand discovery will hinge on 
task-specific validation across diverse HLAs and anti-
gens. In practice, hybrid workflows that (1) prefilter 
peptides with peptide–HLA presentation predictors 
(eg, NetMHCpan), (2) apply sequence-based TCR 
models, and (3) optionally score/dock the top candi-
dates structurally are emerging as pragmatic routes 
for ligand nomination in constrained HLA/proteome 
settings, although performance on unseen-epitope/
novel-HLA still requires rigorous blinded testing.151 152

Recent advances in computational biology and artifi-
cial intelligence have markedly expanded our capacity 
to model and predict TCR–antigen interactions, 
offering unprecedented opportunities for hypothesis 
generation, candidate screening, personalized immu-
notherapy strategies, vaccine development, and disease 
monitoring.30 95 153 Nevertheless, their predictive scope 
remains narrow outside well-represented epitopes 
and HLA contexts, and most current models still rely 
heavily on data availability and curated training sets. 
Sustained progress will likely depend on integrating 
paired αβ TCR information, structure-aware features, 
and rigorously curated negative datasets, alongside 
independent, standardized benchmarking frameworks 
to ensure generalizability across unseen epitopes 
and donors. As emphasized by Hudson et al,127 such 
combined efforts, linking high-quality data, trans-
parent evaluation, and structural interpretability, are 
essential before computational predictions of TCR 
specificity can be considered ready for translational or 
clinical application.

CONCLUSIONS
We have discussed the critical role of TCR-seq in 
cancer immunotherapy across various domains, 
including the fundamental understanding of TCR 
biology, methodologies, its application as a tracking 
tool and biomarker in immunotherapy, and emerging 
computational approaches (figure  2). In summary, 
the TCR is central to antigen recognition, and its high 
specificity allows for precise tracking of T-cell clones 
reactive to given antigens. This capability is especially 
valuable for monitoring immune dynamics before 
and after ICI therapy, as well as for assessing the 
spatial distribution of T cells across different tissues. 
Moreover, analyses of diverse TCR repertoire metrics 
hold promise as biomarkers for predicting treatment 
efficacy and patient prognosis. TCR information also 
contributes to clinical applications such as adoptive 
T-cell transfer and novel antigen discovery. Notably, 
recent advances in single-cell analysis, integration 
with spatial transcriptomics, and the use of artificial 
intelligence and ML to predict antigen specificity 
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have greatly enhanced the depth and utility of infor-
mation obtainable from TCR-seq. Nonetheless, signif-
icant challenges remain, including technical biases, 
interpretation of large-scale data, and high costs. As 

immunotherapy indications expand rapidly across 
various cancer types, a solid understanding of TCR-
seq is increasingly essential for elucidating immu-
notherapy mechanisms, forecasting therapeutic 

Figure 2  Summary chart of short and long reads in bulk TCR-seq and single-cell TCR-seq. Dendrogram of biological 
questions we want to answer and the computational methods that address them. These concepts are comprehensively 
organized by dividing them into bulk TCR-seq and single-cell TCR-seq, and further subdividing into short-read and long-read 
approaches. MRD, minimal residual disease; TCR, T cell receptor.
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responses, and enabling personalized treatment 
strategies.

Acknowledgements  The authors acknowledge the Society for Immunotherapy 
of Cancer (SITC) Winter School that supported SG in lectures about TCR-seq, from 
which this review was based in part. SG was partially supported by NIH grants 
CA224319, DK124165, CA234212, and CA196521.

Contributors  YN, IF, RC, EG-K and SG wrote the manuscript. All authors gave input 
to the outline and scope of the manuscript, contributed to revisions, and approved 
the final version. SG has been identified as the guarantor, taking responsibility for 
the content of the manuscript.

Funding  The authors have not declared a specific grant for this research from any 
funding agency in the public, commercial, or not-for-profit sectors.

Competing interests  SG reports other research funding from Boehringer 
Ingelheim, Bristol-Myers Squibb, Celgene, Genentech, Regeneron, and Takeda not 
related to this review.

Patient consent for publication  Not applicable.

Ethics approval  Not applicable.

Provenance and peer review  Commissioned; externally peer reviewed.

Supplemental material  This content has been supplied by the author(s). It has 
not been vetted by BMJ Publishing Group Limited (BMJ) and may not have been 
peer-reviewed. Any opinions or recommendations discussed are solely those 
of the author(s) and are not endorsed by BMJ. BMJ disclaims all liability and 
responsibility arising from any reliance placed on the content. Where the content 
includes any translated material, BMJ does not warrant the accuracy and reliability 
of the translations (including but not limited to local regulations, clinical guidelines, 
terminology, drug names and drug dosages), and is not responsible for any error 
and/or omissions arising from translation and adaptation or otherwise.

Open access  This is an open access article distributed in accordance with the 
Creative Commons Attribution Non Commercial (CC BY-NC 4.0) license, which 
permits others to distribute, remix, adapt, build upon this work non-commercially, 
and license their derivative works on different terms, provided the original work is 
properly cited, appropriate credit is given, any changes made indicated, and the use 
is non-commercial. See https://creativecommons.org/licenses/by-nc/4.0/.

ORCID iDs
Yohei Nose https://orcid.org/0000-0003-1973-9035
Diane Marie Del Valle https://orcid.org/0000-0001-6983-5362

REFERENCES
	 1	 Davis MM, Bjorkman PJ. T-cell antigen receptor genes and T-cell 

recognition. Nature New Biol 1988;334:395–402. 
	 2	 Chung S, Strominger JL. Regulation of T-cell antigen receptor (TCR) 

alpha-chain expression by TCR beta-chain transcripts. Proc Natl 
Acad Sci U S A 1995;92:3712–6. 

	 3	 Pai JA, Satpathy AT. High-throughput and single-cell T cell receptor 
sequencing technologies. Nat Methods 2021;18:881–92. 

	 4	 Coulie PG, Van den Eynde BJ, van der Bruggen P, et al. Tumour 
antigens recognized by T lymphocytes: at the core of cancer 
immunotherapy. Nat Rev Cancer 2014;14:135–46. 

	 5	 Chi H, Pepper M, Thomas PG. Principles and therapeutic 
applications of adaptive immunity. Cell 2024;187:2052–78. 

	 6	 Mensurado S, Blanco-Domínguez R, Silva-Santos B. The emerging 
roles of γδ T cells in cancer immunotherapy. Nat Rev Clin Oncol 
2023;20:178–91. 

	 7	 Zheng J, Liu Y, Lau Y-L, et al. γδ-T cells: an unpolished sword in 
human anti-infection immunity. Cell Mol Immunol 2013;10:50–7. 

	 8	 Garcia KC, Adams EJ. How the T cell receptor sees antigen--a 
structural view. Cell 2005;122:333–6. 

	 9	 Dash P, Fiore-Gartland AJ, Hertz T, et al. Quantifiable predictive 
features define epitope-specific T cell receptor repertoires. Nature 
New Biol 2017;547:89–93. 

	 10	 Schatz DG, Ji Y. Recombination centres and the orchestration of 
V(D)J recombination. Nat Rev Immunol 2011;11:251–63. 

	 11	 Bassing CH, Swat W, Alt FW. The mechanism and regulation of 
chromosomal V(D)J recombination. Cell 2002;109 Suppl:S45–55. 

	 12	 Culshaw A, Ladell K, Gras S, et al. Germline bias dictates cross-
serotype reactivity in a common dengue-virus-specific CD8+ T cell 
response. Nat Immunol 2017;18:1228–37. 

	 13	 Newell EW, Ely LK, Kruse AC, et al. Structural basis of specificity 
and cross-reactivity in T cell receptors specific for cytochrome c-I-
E(k). J Immunol 2011;186:5823–32. 

	 14	 McNeel DG. TCR diversity - a universal cancer immunotherapy 
biomarker? J Immunother Cancer 2016;4:69. 

	 15	 Mostoslavsky R, Alt FW, Rajewsky K. The lingering enigma of the 
allelic exclusion mechanism. Cell 2004;118:539–44. 

	 16	 Pauken KE, Lagattuta KA, Lu BY, et al. TCR-sequencing in cancer 
and autoimmunity: barcodes and beyond. Trends Immunol 
2022;43:180–94. 

	 17	 Zarnitsyna VI, Evavold BD, Schoettle LN, et al. Estimating the 
diversity, completeness, and cross-reactivity of the T cell repertoire. 
Front Immunol 2013;4:485. 

	 18	 Mora T, Walczak AM. How many different clonotypes do immune 
repertoires contain? Curr Opin Syst Biol 2019;18:104–10. 

	 19	 Tanaka A, Maeda S, Nomura T, et al. Construction of a T cell 
receptor signaling range for spontaneous development of 
autoimmune disease. J Exp Med 2023;220:e20220386. 

	 20	 Schober K, Buchholz VR, Busch DH. TCR repertoire evolution 
during maintenance of CMV-specific T-cell populations. Immunol 
Rev 2018;283:113–28. 

	 21	 Sanromán ÁF, Joshi K, Au L, et al. TCR sequencing: applications 
in immuno-oncology research. Immunooncol Technol 
2023;17:100373. 

	 22	 Mahdy AKH, Lokes E, Schöpfel V, et al. Bulk T cell repertoire 
sequencing (TCR-Seq) is a powerful technology for understanding 
inflammation-mediated diseases. J Autoimmun 2024;149:103337. 

	 23	 Sade-Feldman M, Yizhak K, Bjorgaard SL, et al. Defining T Cell 
States Associated with Response to Checkpoint Immunotherapy in 
Melanoma. Cell 2019;176. 

	 24	 Oliveira G, Stromhaug K, Klaeger S, et al. Phenotype, specificity 
and avidity of antitumour CD8+ T cells in melanoma. Nature New 
Biol 2021;596:119–25. 

	 25	 Oliveira G, Wu CJ. Dynamics and specificities of T cells in cancer 
immunotherapy. Nat Rev Cancer 2023;23:295–316. 

	 26	 Chiffelle J, Genolet R, Perez MA, et al. T-cell repertoire analysis 
and metrics of diversity and clonality. Curr Opin Biotechnol 
2020;65:284–95. 

	 27	 Caushi JX, Zhang J, Ji Z, et al. Transcriptional programs of 
neoantigen-specific TIL in anti-PD-1-treated lung cancers. Nature 
New Biol 2021;596:126–32. 

	 28	 Puig-Saus C, Sennino B, Peng S, et al. Neoantigen-targeted CD8+ 
T cell responses with PD-1 blockade therapy. Nature New Biol 
2023;615:697–704. 

	 29	 Pogorelyy MV, Kirk AM, Adhikari S, et al. TIRTL-seq: deep, 
quantitative and affordable paired TCR repertoire sequencing. Nat 
Methods 2026;23:56–64. 

	 30	 Frank ML, Lu K, Erdogan C, et al. T-Cell Receptor Repertoire 
Sequencing in the Era of Cancer Immunotherapy. Clin Cancer Res 
2023;29:994–1008. 

	 31	 Chen Y-T, Hsu H-C, Lee Y-S, et al. Longitudinal High-Throughput 
Sequencing of the T-Cell Receptor Repertoire Reveals Dynamic 
Change and Prognostic Significance of Peripheral Blood TCR 
Diversity in Metastatic Colorectal Cancer During Chemotherapy. 
Front Immunol 2021;12:743448. 

	 32	 Yoshikai Y, Kimura N, Toyonaga B, et al. Sequences and repertoire 
of human T cell receptor alpha chain variable region genes in 
mature T lymphocytes. J Exp Med 1986;164:90–103. 

	 33	 Genolet R, Bobisse S, Chiffelle J, et al. TCR sequencing and cloning 
methods for repertoire analysis and isolation of tumor-reactive 
TCRs. Cell Rep Methods 2023;3:100459. 

	 34	 Eisenhofer R, Nesme J, Santos-Bay L, et al. A comparison of short-
read, HiFi long-read, and hybrid strategies for genome-resolved 
metagenomics. Microbiol Spectr 2024;12:e03590-23. 

	 35	 Nazarov VI, Pogorelyy MV, Komech EA, et al. tcR: an R package 
for T cell receptor repertoire advanced data analysis. BMC 
Bioinformatics 2015;16:175. 

	 36	 Fuller CW, Middendorf LR, Benner SA, et al. The challenges of 
sequencing by synthesis. Nat Biotechnol 2009;27:1013–23. 

	 37	 De Simone M, Rossetti G, Pagani M. Single Cell T Cell Receptor 
Sequencing: Techniques and Future Challenges. Front Immunol 
2018;9:1638. 

	 38	 Mazzotti L, Gaimari A, Bravaccini S, et al. T-Cell Receptor 
Repertoire Sequencing and Its Applications: Focus on Infectious 
Diseases and Cancer. Int J Mol Sci 2022;23:8590. 

	 39	 Tumeh PC, Harview CL, Yearley JH, et al. PD-1 blockade induces 
responses by inhibiting adaptive immune resistance. Nature New 
Biol 2014;515:568–71. 

	 40	 Aran A, Garrigós L, Curigliano G, et al. Evaluation of the TCR 
Repertoire as a Predictive and Prognostic Biomarker in Cancer: 
Diversity or Clonality? Cancers (Basel) 2022;14:1771. 

Journal for Im
m

unoT
herapy of C

ancer: first published as 10.1136/jitc-2025-013499 on 3 M
arch 2026. D

ow
nloaded from

 https://jitc.bm
j.com

 on 4 M
arch 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://creativecommons.org/licenses/by-nc/4.0/
https://orcid.org/0000-0003-1973-9035
https://orcid.org/0000-0001-6983-5362
http://dx.doi.org/10.1038/334395a0
http://dx.doi.org/10.1073/pnas.92.9.3712
http://dx.doi.org/10.1073/pnas.92.9.3712
http://dx.doi.org/10.1038/s41592-021-01201-8
http://dx.doi.org/10.1038/nrc3670
http://dx.doi.org/10.1016/j.cell.2024.03.037
http://dx.doi.org/10.1038/s41571-022-00722-1
http://dx.doi.org/10.1038/cmi.2012.43
http://dx.doi.org/10.1016/j.cell.2005.07.015
http://dx.doi.org/10.1038/nature22383
http://dx.doi.org/10.1038/nature22383
http://dx.doi.org/10.1038/nri2941
http://dx.doi.org/10.1016/s0092-8674(02)00675-x
http://dx.doi.org/10.1038/ni.3850
http://dx.doi.org/10.4049/jimmunol.1100197
http://dx.doi.org/10.1186/s40425-016-0175-4
http://dx.doi.org/10.1016/j.cell.2004.08.023
http://dx.doi.org/10.1016/j.it.2022.01.002
http://dx.doi.org/10.3389/fimmu.2013.00485
http://dx.doi.org/10.1016/j.coisb.2019.10.001
http://dx.doi.org/10.1084/jem.20220386
http://dx.doi.org/10.1111/imr.12654
http://dx.doi.org/10.1111/imr.12654
http://dx.doi.org/10.1016/j.iotech.2023.100373
http://dx.doi.org/10.1016/j.jaut.2024.103337
http://dx.doi.org/10.1016/j.cell.2018.12.034
http://dx.doi.org/10.1038/s41586-021-03704-y
http://dx.doi.org/10.1038/s41586-021-03704-y
http://dx.doi.org/10.1038/s41568-023-00560-y
http://dx.doi.org/10.1016/j.copbio.2020.07.010
http://dx.doi.org/10.1038/s41586-021-03752-4
http://dx.doi.org/10.1038/s41586-021-03752-4
http://dx.doi.org/10.1038/s41586-023-05787-1
http://dx.doi.org/10.1038/s41592-025-02907-9
http://dx.doi.org/10.1038/s41592-025-02907-9
http://dx.doi.org/10.1158/1078-0432.CCR-22-2469
http://dx.doi.org/10.3389/fimmu.2021.743448
http://dx.doi.org/10.1084/jem.164.1.90
http://dx.doi.org/10.1016/j.crmeth.2023.100459
http://dx.doi.org/10.1128/spectrum.03590-23
http://dx.doi.org/10.1186/s12859-015-0613-1
http://dx.doi.org/10.1186/s12859-015-0613-1
http://dx.doi.org/10.1038/nbt.1585
http://dx.doi.org/10.3389/fimmu.2018.01638
http://dx.doi.org/10.3390/ijms23158590
http://dx.doi.org/10.1038/nature13954
http://dx.doi.org/10.1038/nature13954
http://dx.doi.org/10.3390/cancers14071771


15Nose Y, et al. J Immunother Cancer 2026;14:e013499. doi:10.1136/jitc-2025-013499

Open access

	 41	 Aoki H, Tsunoda M, Ogiwara H, et al. Clonal Spreading of Tumor-
Infiltrating T Cells Underlies the Robust Antitumor Immune 
Responses. Cancer Immunol Res 2023;11:847–62. 

	 42	 Zhang J, Ji Z, Caushi JX, et al. Compartmental Analysis of T-
cell Clonal Dynamics as a Function of Pathologic Response to 
Neoadjuvant PD-1 Blockade in Resectable Non-Small Cell Lung 
Cancer. Clin Cancer Res 2020;26:1327–37. 

	 43	 Riaz N, Havel JJ, Makarov V, et al. Tumor and Microenvironment 
Evolution during Immunotherapy with Nivolumab. Cell 
2017;171:934–49. 

	 44	 Zhuo Y, Yang X, Shuai P, et al. Evaluation and comparison of 
adaptive immunity through analyzing the diversities and clonalities 
of T-cell receptor repertoires in the peripheral blood. Front Immunol 
2022;13:916430. 

	 45	 Qi Q, Liu Y, Cheng Y, et al. Diversity and clonal selection 
in the human T-cell repertoire. Proc Natl Acad Sci U S A 
2014;111:13139–44. 

	 46	 Cha E, Klinger M, Hou Y, et al. Improved survival with T cell 
clonotype stability after anti-CTLA-4 treatment in cancer patients. 
Sci Transl Med 2014;6:238ra70. 

	 47	 Robert L, Tsoi J, Wang X, et al. CTLA4 blockade broadens 
the peripheral T-cell receptor repertoire. Clin Cancer Res 
2014;20:2424–32. 

	 48	 Amaria RN, Reddy SM, Tawbi HA, et al. Neoadjuvant immune 
checkpoint blockade in high-risk resectable melanoma. Nat Med 
2018;24:1649–54. 

	 49	 Monjazeb AM, Giobbie-Hurder A, Lako A, et al. A Randomized Trial 
of Combined PD-L1 and CTLA-4 Inhibition with Targeted Low-
Dose or Hypofractionated Radiation for Patients with Metastatic 
Colorectal Cancer. Clin Cancer Res 2021;27:2470–80. 

	 50	 Chen L, Hu Y, Zheng B, et al. Human TCR repertoire in cancer. 
Cancer Med 2024;13:e70164. 

	 51	 Greiff V, Miho E, Menzel U, et al. Bioinformatic and Statistical 
Analysis of Adaptive Immune Repertoires. Trends Immunol 
2015;36:738–49. 

	 52	 Rempala GA, Seweryn M. Methods for diversity and 
overlap analysis in T-cell receptor populations. J Math Biol 
2013;67:1339–68. 

	 53	 Carey AJ, Hope JL, Mueller YM, et al. Public Clonotypes and 
Convergent Recombination Characterize the Naïve CD8+ T-Cell 
Receptor Repertoire of Extremely Preterm Neonates. Front Immunol 
2017;8:1859. 

	 54	 Sitthiyot T, Holasut K. A simple method for measuring inequality. 
Palgrave Commun 2020;6. 

	 55	 Valpione S, Galvani E, Tweedy J, et al. Immune-awakening revealed 
by peripheral T cell dynamics after one cycle of immunotherapy. Nat 
Cancer 2020;1:210–21. 

	 56	 Khunger A, Rytlewski JA, Fields P, et al. The impact of CTLA-4 
blockade and interferon-α on clonality of T-cell repertoire in the 
tumor microenvironment and peripheral blood of metastatic 
melanoma patients. Oncoimmunology 2019;8:e1652538. 

	 57	 Looney TJ, Topacio-Hall D, Lowman G, et al. TCR Convergence in 
Individuals Treated With Immune Checkpoint Inhibition for Cancer. 
Front Immunol 2019;10:2985. 

	 58	 Zhang L, Yu X, Zheng L, et al. Lineage tracking reveals dynamic 
relationships of T cells in colorectal cancer. Nature New Biol 
2018;564:268–72. 

	 59	 Pai JA, Hellmann MD, Sauter JL, et al. Lineage tracing reveals 
clonal progenitors and long-term persistence of tumor-specific 
T cells during immune checkpoint blockade. Cancer Cell 
2023;41:776–90. 

	 60	 Liu S, Iorgulescu JB, Li S, et al. Spatial maps of T cell receptors and 
transcriptomes reveal distinct immune niches and interactions in 
the adaptive immune response. Immunity 2022;55:1940–52. 

	 61	 Benotmane JK, Kueckelhaus J, Will P, et al. High-sensitive spatially 
resolved T cell receptor sequencing with SPTCR-seq. Nat Commun 
2023;14:7432. 

	 62	 Han J, Duan J, Bai H, et al. TCR Repertoire Diversity of Peripheral 
PD-1+CD8+ T Cells Predicts Clinical Outcomes after Immunotherapy 
in Patients with Non-Small Cell Lung Cancer. Cancer Immunol Res 
2020;8:146–54. 

	 63	 Ji S, Li J, Chang L, et al. Peripheral blood T-cell receptor 
repertoire as a predictor of clinical outcomes in gastrointestinal 
cancer patients treated with PD-1 inhibitor. Clin Transl Oncol 
2021;23:1646–56. 

	 64	 Au L, Hatipoglu E, Robert de Massy M, et al. Determinants of anti-
PD-1 response and resistance in clear cell renal cell carcinoma. 
Cancer Cell 2021;39:1497–518. 

	 65	 Vos JL, Burman B, Jain S, et al. Nivolumab plus ipilimumab 
in advanced salivary gland cancer: a phase 2 trial. Nat Med 
2023;29:3077–89. 

	 66	 Magen A, Hamon P, Fiaschi N, et al. Intratumoral dendritic cell–
CD4+ T helper cell niches enable CD8+ T cell differentiation 
following PD-1 blockade in hepatocellular carcinoma. Nat Med 
2023;29:1389–99. 

	 67	 Gros A, Parkhurst MR, Tran E, et al. Prospective identification 
of neoantigen-specific lymphocytes in the peripheral blood of 
melanoma patients. Nat Med 2016;22:433–8. 

	 68	 Aoki H, Ueha S, Nakamura Y, et al. Greater extent of blood-
tumor TCR repertoire overlap is associated with favorable clinical 
responses to PD-1 blockade. Cancer Sci 2021;112:2993–3004. 

	 69	 Kato T, Kiyotani K, Tomiyama E, et al. Peripheral T cell receptor 
repertoire features predict durable responses to anti-PD-1 inhibitor 
monotherapy in advanced renal cell carcinoma. Oncoimmunology 
2021;10:1862948. 

	 70	 Nagasaki J, Inozume T, Sax N, et al. PD-1 blockade therapy 
promotes infiltration of tumor-attacking exhausted T cell 
clonotypes. Cell Rep 2022;38:110331. 

	 71	 Wu TD, Madireddi S, de Almeida PE, et al. Peripheral T cell 
expansion predicts tumour infiltration and clinical response. Nature 
New Biol 2020;579:274–8. 

	 72	 Matsuda T, Miyauchi E, Hsu Y-W, et al. TCR sequencing analysis of 
cancer tissues and tumor draining lymph nodes in colorectal cancer 
patients. Oncoimmunology 2019;8:e1588085. 

	 73	 Teng YHF, Quah HS, Suteja L, et al. Analysis of T cell receptor 
clonotypes in tumor microenvironment identifies shared 
cancer-type-specific signatures. Cancer Immunol Immunother 
2022;71:989–98. 

	 74	 Oh DY, Kwek SS, Raju SS, et al. Intratumoral CD4+ T Cells 
Mediate Anti-tumor Cytotoxicity in Human Bladder Cancer. Cell 
2020;181:1612–25. 

	 75	 Uzun S, Pant A, Bartoszek E, et al. Analysis of Hyperexpanded 
T Cell Clones in SARS-CoV-2 Vaccine-Associated Liver 
Injury by Spatial Proteomics and Transcriptomics. Liver Int 
2025;45:e70172. 

	 76	 Bhatt D, Kang B, Sawant D, et al. STARTRAC analyses of 
scRNAseq data from tumor models reveal T cell dynamics and 
therapeutic targets. J Exp Med 2021;218:e20201329. 

	 77	 Sharma P, Allison JP. Dissecting the mechanisms of immune 
checkpoint therapy. Nat Rev Immunol 2020;20:75–6. 

	 78	 Hogan SA, Courtier A, Cheng PF, et al. Peripheral Blood TCR 
Repertoire Profiling May Facilitate Patient Stratification for 
Immunotherapy against Melanoma. Cancer Immunol Res 
2019;7:77–85. 

	 79	 Arakawa A, Vollmer S, Tietze J, et al. Clonality of CD4+ Blood T 
Cells Predicts Longer Survival With CTLA4 or PD-1 Checkpoint 
Inhibition in Advanced Melanoma. Front Immunol 2019;10:1336. 

	 80	 Postow MA, Manuel M, Wong P, et al. Peripheral T cell receptor 
diversity is associated with clinical outcomes following ipilimumab 
treatment in metastatic melanoma. J Immunother Cancer 
2015;3:23. 

	 81	 Altan M, Li R, Li Z, et al. High peripheral T cell diversity is 
associated with lower risk of toxicity and superior response to dual 
immune checkpoint inhibitor therapy in patients with metastatic 
NSCLC. J Immunother Cancer 2024;12:e008950. 

	 82	 Li Y, Wang J, Wu L, et al. Diversity of Dominant Peripheral T 
Cell Receptor Clone and Soluble Immune Checkpoint Proteins 
Associated With Clinical Outcomes Following Immune Checkpoint 
Inhibitor Treatment in Advanced Cancers. Front Immunol 
2021;12:649343. 

	 83	 Spassova I, Ugurel S, Terheyden P, et al. Predominance of Central 
Memory T Cells with High T-Cell Receptor Repertoire Diversity is 
Associated with Response to PD-1/PD-L1 Inhibition in Merkel Cell 
Carcinoma. Clin Cancer Res 2020;26:2257–67. 

	 84	 Naidus E, Bouquet J, Oh DY, et al. Early changes in the circulating 
T cells are associated with clinical outcomes after PD-L1 blockade 
by durvalumab in advanced NSCLC patients. Cancer Immunol 
Immunother 2021;70:2095–102. 

	 85	 Cader FZ, Hu X, Goh WL, et al. A peripheral immune signature of 
responsiveness to PD-1 blockade in patients with classical Hodgkin 
lymphoma. Nat Med 2020;26:1468–79. 

	 86	 Schalper KA, Rodriguez-Ruiz ME, Diez-Valle R, et al. Neoadjuvant 
nivolumab modifies the tumor immune microenvironment in 
resectable glioblastoma. Nat Med 2019;25:470–6. 

	 87	 Nakahara Y, Matsutani T, Igarashi Y, et al. Clinical significance of 
peripheral TCR and BCR repertoire diversity in EGFR/ALK wild-
type NSCLC treated with anti-PD-1 antibody. Cancer Immunol 
Immunother 2021;70:2881–92. 

	 88	 Inoue H, ParkJH, Kiyotani K, et al. Intratumoral expression levels of 
PD-L1, GZMA, and HLA-A along with oligoclonal T cell expansion 
associate with response to nivolumab in metastatic melanoma. 
Oncoimmunology 2016;5:e1204507. 

Journal for Im
m

unoT
herapy of C

ancer: first published as 10.1136/jitc-2025-013499 on 3 M
arch 2026. D

ow
nloaded from

 https://jitc.bm
j.com

 on 4 M
arch 2026 by guest.

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

ining, A
I training, and sim

ilar technologies.

http://dx.doi.org/10.1158/2326-6066.CIR-22-0517
http://dx.doi.org/10.1158/1078-0432.CCR-19-2931
http://dx.doi.org/10.1016/j.cell.2017.09.028
http://dx.doi.org/10.3389/fimmu.2022.916430
http://dx.doi.org/10.1073/pnas.1409155111
http://dx.doi.org/10.1126/scitranslmed.3008211
http://dx.doi.org/10.1158/1078-0432.CCR-13-2648
http://dx.doi.org/10.1038/s41591-018-0197-1
http://dx.doi.org/10.1158/1078-0432.CCR-20-4632
http://dx.doi.org/10.1002/cam4.70164
http://dx.doi.org/10.1016/j.it.2015.09.006
http://dx.doi.org/10.1007/s00285-012-0589-7
http://dx.doi.org/10.3389/fimmu.2017.01859
http://dx.doi.org/10.1057/s41599-020-0484-6
http://dx.doi.org/10.1038/s43018-019-0022-x
http://dx.doi.org/10.1038/s43018-019-0022-x
http://dx.doi.org/10.1080/2162402X.2019.1652538
http://dx.doi.org/10.3389/fimmu.2019.02985
http://dx.doi.org/10.1038/s41586-018-0694-x
http://dx.doi.org/10.1016/j.ccell.2023.03.009
http://dx.doi.org/10.1016/j.immuni.2022.09.002
http://dx.doi.org/10.1038/s41467-023-43201-6
http://dx.doi.org/10.1158/2326-6066.CIR-19-0398
http://dx.doi.org/10.1007/s12094-021-02562-4
http://dx.doi.org/10.1016/j.ccell.2021.10.001
http://dx.doi.org/10.1038/s41591-023-02518-x
http://dx.doi.org/10.1038/s41591-023-02345-0
http://dx.doi.org/10.1038/nm.4051
http://dx.doi.org/10.1111/cas.14975
http://dx.doi.org/10.1080/2162402X.2020.1862948
http://dx.doi.org/10.1016/j.celrep.2022.110331
http://dx.doi.org/10.1038/s41586-020-2056-8
http://dx.doi.org/10.1038/s41586-020-2056-8
http://dx.doi.org/10.1080/2162402X.2019.1588085
http://dx.doi.org/10.1007/s00262-021-03047-7
http://dx.doi.org/10.1016/j.cell.2020.05.017
http://dx.doi.org/10.1111/liv.70172
http://dx.doi.org/10.1084/jem.20201329
http://dx.doi.org/10.1038/s41577-020-0275-8
http://dx.doi.org/10.1158/2326-6066.CIR-18-0136
http://dx.doi.org/10.3389/fimmu.2019.01336
http://dx.doi.org/10.1186/s40425-015-0070-4
http://dx.doi.org/10.1136/jitc-2024-008950
http://dx.doi.org/10.3389/fimmu.2021.649343
http://dx.doi.org/10.1158/1078-0432.CCR-19-2244
http://dx.doi.org/10.1007/s00262-020-02833-z
http://dx.doi.org/10.1007/s00262-020-02833-z
http://dx.doi.org/10.1038/s41591-020-1006-1
http://dx.doi.org/10.1038/s41591-018-0339-5
http://dx.doi.org/10.1007/s00262-021-02900-z
http://dx.doi.org/10.1007/s00262-021-02900-z
http://dx.doi.org/10.1080/2162402X.2016.1204507


16 Nose Y, et al. J Immunother Cancer 2026;14:e013499. doi:10.1136/jitc-2025-013499

Open access�

	 89	 Casarrubios M, Cruz-Bermúdez A, Nadal E, et al. Pretreatment 
Tissue TCR Repertoire Evenness Is Associated with Complete 
Pathologic Response in Patients with NSCLC Receiving 
Neoadjuvant Chemoimmunotherapy. Clin Cancer Res 
2021;27:5878–90. 

	 90	 Lee S-E, Wang F, Grefe M, et al. Immunologic Predictors for Clinical 
Responses during Immune Checkpoint Blockade in Patients with 
Myelodysplastic Syndromes. Clin Cancer Res 2023;29:1938–51. 

	 91	 Fairfax BP, Taylor CA, Watson RA, et al. Peripheral CD8+ T cell 
characteristics associated with durable responses to immune 
checkpoint blockade in patients with metastatic melanoma. Nat 
Med 2020;26:193–9. 

	 92	 Iemwimangsa N, Anantaya D, Oranratnachai S, et al. Dynamic 
changes in immune repertoire profiles in patients with stage III 
unresectable non-small cell lung cancer during consolidation 
treatment with immunotherapy. BMC Cancer 2025;25:333. 

	 93	 Roh W, Chen P-L, Reuben A, et al. Integrated molecular analysis of 
tumor biopsies on sequential CTLA-4 and PD-1 blockade reveals 
markers of response and resistance. Sci Transl Med 2017;9. 

	 94	 Yusko E, Vignali M, Wilson RK, et al. Association of Tumor 
Microenvironment T-cell Repertoire and Mutational Load with 
Clinical Outcome after Sequential Checkpoint Blockade in 
Melanoma. Cancer Immunol Res 2019;7:458–65. 

	 95	 Valpione S, Mundra PA, Galvani E, et al. The T cell receptor 
repertoire of tumor infiltrating T cells is predictive and prognostic for 
cancer survival. Nat Commun 2021;12:4098. 

	 96	 Snyder A, Nathanson T, Funt SA, et al. Contribution of systemic 
and somatic factors to clinical response and resistance to PD-L1 
blockade in urothelial cancer: An exploratory multi-omic analysis. 
PLoS Med 2017;14:e1002309. 

	 97	 Hopkins AC, Yarchoan M, Durham JN, et al. T cell receptor 
repertoire features associated with survival in immunotherapy-
treated pancreatic ductal adenocarcinoma. JCI Insight 
2018;3:e122092. 

	 98	 Forde PM, Chaft JE, Smith KN, et al. Neoadjuvant PD-1 Blockade in 
Resectable Lung Cancer. N Engl J Med 2018;378:1976–86. 

	 99	 Philip H, Snir T, Gordin M, et al. A T cell repertoire timestamp 
is at the core of responsiveness to CTLA-4 blockade. iScience 
2021;24:102100. 

	100	 Formenti SC, Rudqvist N-P, Golden E, et al. Radiotherapy 
induces responses of lung cancer to CTLA-4 blockade. Nat Med 
2018;24:1845–51. 

	101	 Blank CU, Rozeman EA, Fanchi LF, et al. Neoadjuvant versus 
adjuvant ipilimumab plus nivolumab in macroscopic stage III 
melanoma. Nat Med 2018;24:1655–61. 

	102	 Kim H, Park S, Han K-Y, et al. Clonal expansion of resident memory 
T cells in peripheral blood of patients with non-small cell lung 
cancer during immune checkpoint inhibitor treatment. J Immunother 
Cancer 2023;11:e005509. 

	103	 Bassez A, Vos H, Van Dyck L, et al. A single-cell map of intratumoral 
changes during anti-PD1 treatment of patients with breast cancer. 
Nat Med 2021;27:820–32. 

	104	 Yost KE, Satpathy AT, Wells DK, et al. Clonal replacement of tumor-
specific T cells following PD-1 blockade. Nat Med 2019;25:1251–9. 

	105	 Yost KE, Chang HY, Satpathy AT. Recruiting T cells in cancer 
immunotherapy. Science 2021;372:130–1. 

	106	 Huang AC, Postow MA, Orlowski RJ, et al. T-cell invigoration to 
tumour burden ratio associated with anti-PD-1 response. Nature 
New Biol 2017;545:60–5. 

	107	 Huang Q, Wu X, Wang Z, et al. The primordial differentiation of 
tumor-specific memory CD8+ T cells as bona fide responders to PD-
1/PD-L1 blockade in draining lymph nodes. Cell 2022;185:4049–66. 

	108	 Lozano AX, Chaudhuri AA, Nene A, et al. T cell characteristics 
associated with toxicity to immune checkpoint blockade in patients 
with melanoma. Nat Med 2022;28:353–62. 

	109	 Murray JC, Sivapalan L, Hummelink K, et al. Elucidating the 
Heterogeneity of Immunotherapy Response and Immune-Related 
Toxicities by Longitudinal ctDNA and Immune Cell Compartment 
Tracking in Lung Cancer. Clin Cancer Res 2024;30:389–403. 

	110	 Subudhi SK, Aparicio A, Gao J, et al. Clonal expansion of 
CD8 T cells in the systemic circulation precedes development 
of ipilimumab-induced toxicities. Proc Natl Acad Sci U S A 
2016;113:11919–24. 

	111	 Oh DY, Cham J, Zhang L, et al. Immune Toxicities Elicted by 
CTLA-4 Blockade in Cancer Patients Are Associated with 
Early Diversification of the T-cell Repertoire. Cancer Res 
2017;77:1322–30. 

	112	 Johnson DB, McDonnell WJ, Gonzalez-Ericsson PI, et al. A 
case report of clonal EBV-like memory CD4+ T cell activation 
in fatal checkpoint inhibitor-induced encephalitis. Nat Med 
2019;25:1243–50. 

	113	 Rosenberg SA, Restifo NP. Adoptive cell transfer as personalized 
immunotherapy for human cancer. Science 2015;348:62–8. 

	114	 Parkhurst M, Goff SL, Lowery FJ, et al. Adoptive transfer of 
personalized neoantigen-reactive TCR-transduced T cells in 
metastatic colorectal cancer: phase 2 trial interim results. Nat Med 
2024;30:2586–95. 

	115	 Baulu E, Gardet C, Chuvin N, et al. TCR-engineered T cell therapy 
in solid tumors: State of the art and perspectives. Sci Adv 
2023;9:eadf3700. 

	116	 Chapuis AG, Desmarais C, Emerson R, et al. Tracking the fate and 
origin of clinically relevant adoptively transferred CD8 + T cells in 
vivo. Sci Immunol 2017;2. 

	117	 Watkins TS, Miles JJ. Tracking the T‐cell repertoire after adoptive 
therapy. Clin &Amp; Trans Imm 2017;6:e146. 

	118	 Smith C, Corvino D, Beagley L, et al. T cell repertoire remodeling 
following post-transplant T cell therapy coincides with clinical 
response. J Clin Invest 2019;129:5020–32. 

	119	 Chiffelle J, Barras D, Pétremand R, et al. Tumor-reactive T cell 
clonotype dynamics underlying clinical response to TIL therapy in 
melanoma. Immunity 2024;57:2466–82. 

	120	 Foy SP, Jacoby K, Bota DA, et al. Non-viral precision T cell receptor 
replacement for personalized cell therapy. Nature New Biol 
2023;615:687–96. 

	121	 Joglekar AV, Li G. T cell antigen discovery. Nat Methods 
2021;18:873–80. 

	122	 Altman JD, Moss PA, Goulder PJ, et al. Phenotypic analysis of 
antigen-specific T lymphocytes. Science 1996;274:94–6. 

	123	 Zhang S-Q, Ma K-Y, Schonnesen AA, et al. High-throughput 
determination of the antigen specificities of T cell receptors in single 
cells. Nat Biotechnol 2018;36:1156–9. 

	124	 Ng AHC, Peng S, Xu AM, et al. MATE-Seq: microfluidic antigen-TCR 
engagement sequencing. Lab Chip 2019;19:3011–21. 

	125	 Kula T, Dezfulian MH, Wang CI, et al. T-Scan: A Genome-wide 
Method for the Systematic Discovery of T Cell Epitopes. Cell 
2019;178:1016–28. 

	126	 Wen F, Sethi DK, Wucherpfennig KW, et al. Cell surface display of 
functional human MHC class II proteins: yeast display versus insect 
cell display. Protein Eng Des Sel 2011;24:701–9. 

	127	 Hudson D, Fernandes RA, Basham M, et al. Can we predict T 
cell specificity with digital biology and machine learning? Nat Rev 
Immunol 2023;23:511–21. 

	128	 Dolton G, Rius C, Wall A, et al. Targeting of multiple tumor-
associated antigens by individual T cell receptors during successful 
cancer immunotherapy. Cell 2023;186:3333–49. 

	129	 Shugay M, Bagaev DV, Zvyagin IV, et al. VDJdb: a curated database 
of T-cell receptor sequences with known antigen specificity. Nucleic 
Acids Res 2018;46:D419–27. 

	130	 Bagaev DV, Vroomans RMA, Samir J, et al. VDJdb in 
2019: database extension, new analysis infrastructure and 
a T-cell receptor motif compendium. Nucleic Acids Res 
2020;48:D1057–62. 

	131	 Tickotsky N, Sagiv T, Prilusky J, et al. McPAS-TCR: a manually 
curated catalogue of pathology-associated T cell receptor 
sequences. Bioinformatics 2017;33:2924–9. 

	132	 Vita R, Blazeska N, Marrama D, et al. The Immune 
Epitope Database (IEDB): 2024 update. Nucleic Acids Res 
2025;53:D436–43. 

	133	 Zhang W, Wang L, Liu K, et al. PIRD: Pan Immune Repertoire 
Database. Bioinformatics 2020;36:897–903. 

	134	 Chen S-Y, Yue T, Lei Q, et al. TCRdb: a comprehensive database 
for T-cell receptor sequences with powerful search function. Nucleic 
Acids Res 2021;49:D468–74. 

	135	 Gowthaman R, Pierce BG. TCR3d: The T cell receptor structural 
repertoire database. Bioinformatics 2019;35:5323–5. 

	136	 Nolan S, Vignali M, Klinger M, et al. A large-scale database of 
T-cell receptor beta sequences and binding associations from 
natural and synthetic exposure to SARS-CoV-2. Front Immunol 
2025;16:1488851. 

	137	 Raybould MIJ, Greenshields-Watson A, Agarwal P, et al. The 
Observed T Cell Receptor Space database enables paired-chain 
repertoire mining, coherence analysis, and language modeling. Cell 
Rep 2024;43:114704. 

	138	 Montemurro A, Schuster V, Povlsen HR, et al. NetTCR-2.0 enables 
accurate prediction of TCR-peptide binding by using paired TCRα 
and β sequence data. Commun Biol 2021;4:1060. 

	139	 Glanville J, Huang H, Nau A, et al. Identifying specificity groups in 
the T cell receptor repertoire. Nature New Biol 2017;547:94–8. 

	140	 Huang H, Wang C, Rubelt F, et al. Analyzing the Mycobacterium 
tuberculosis immune response by T-cell receptor clustering with 
GLIPH2 and genome-wide antigen screening. Nat Biotechnol 
2020;38:1194–202. 

Journal for Im
m

unoT
herapy of C

ancer: first published as 10.1136/jitc-2025-013499 on 3 M
arch 2026. D

ow
nloaded from

 https://jitc.bm
j.com

 on 4 M
arch 2026 by guest.

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

ining, A
I training, and sim

ilar technologies.

http://dx.doi.org/10.1158/1078-0432.CCR-21-1200
http://dx.doi.org/10.1158/1078-0432.CCR-22-2601
http://dx.doi.org/10.1038/s41591-019-0734-6
http://dx.doi.org/10.1038/s41591-019-0734-6
http://dx.doi.org/10.1186/s12885-025-13716-w
http://dx.doi.org/10.1126/scitranslmed.aah3560
http://dx.doi.org/10.1158/2326-6066.CIR-18-0226
http://dx.doi.org/10.1038/s41467-021-24343-x
http://dx.doi.org/10.1371/journal.pmed.1002309
http://dx.doi.org/10.1172/jci.insight.122092
http://dx.doi.org/10.1056/NEJMoa1716078
http://dx.doi.org/10.1016/j.isci.2021.102100
http://dx.doi.org/10.1038/s41591-018-0232-2
http://dx.doi.org/10.1038/s41591-018-0198-0
http://dx.doi.org/10.1136/jitc-2022-005509
http://dx.doi.org/10.1136/jitc-2022-005509
http://dx.doi.org/10.1038/s41591-021-01323-8
http://dx.doi.org/10.1038/s41591-019-0522-3
http://dx.doi.org/10.1126/science.abd1329
http://dx.doi.org/10.1038/nature22079
http://dx.doi.org/10.1038/nature22079
http://dx.doi.org/10.1016/j.cell.2022.09.020
http://dx.doi.org/10.1038/s41591-021-01623-z
http://dx.doi.org/10.1158/1078-0432.CCR-23-1469
http://dx.doi.org/10.1073/pnas.1611421113
http://dx.doi.org/10.1158/0008-5472.CAN-16-2324
http://dx.doi.org/10.1038/s41591-019-0523-2
http://dx.doi.org/10.1126/science.aaa4967
http://dx.doi.org/10.1038/s41591-024-03109-0
http://dx.doi.org/10.1126/sciadv.adf3700
http://dx.doi.org/10.1126/sciimmunol.aal2568
http://dx.doi.org/10.1038/cti.2017.27
http://dx.doi.org/10.1172/JCI128323
http://dx.doi.org/10.1016/j.immuni.2024.08.014
http://dx.doi.org/10.1038/s41586-022-05531-1
http://dx.doi.org/10.1038/s41592-020-0867-z
http://dx.doi.org/10.1126/science.274.5284.94
http://dx.doi.org/10.1038/nbt.4282
http://dx.doi.org/10.1039/c9lc00538b
http://dx.doi.org/10.1016/j.cell.2019.07.009
http://dx.doi.org/10.1093/protein/gzr035
http://dx.doi.org/10.1038/s41577-023-00835-3
http://dx.doi.org/10.1038/s41577-023-00835-3
http://dx.doi.org/10.1016/j.cell.2023.06.020
http://dx.doi.org/10.1093/nar/gkx760
http://dx.doi.org/10.1093/nar/gkx760
http://dx.doi.org/10.1093/nar/gkz874
http://dx.doi.org/10.1093/bioinformatics/btx286
http://dx.doi.org/10.1093/nar/gkae1092
http://dx.doi.org/10.1093/bioinformatics/btz614
http://dx.doi.org/10.1093/nar/gkaa796
http://dx.doi.org/10.1093/nar/gkaa796
http://dx.doi.org/10.1093/bioinformatics/btz517
http://dx.doi.org/10.3389/fimmu.2025.1488851
http://dx.doi.org/10.1016/j.celrep.2024.114704
http://dx.doi.org/10.1016/j.celrep.2024.114704
http://dx.doi.org/10.1038/s42003-021-02610-3
http://dx.doi.org/10.1038/nature22976
http://dx.doi.org/10.1038/s41587-020-0505-4


17Nose Y, et al. J Immunother Cancer 2026;14:e013499. doi:10.1136/jitc-2025-013499

Open access

	141	 Sidhom J-W, Larman HB, Pardoll DM, et al. DeepTCR is a deep 
learning framework for revealing sequence concepts within T-cell 
repertoires. Nat Commun 2021;12:1605. 

	142	 Springer I, Besser H, Tickotsky-Moskovitz N, et al. Prediction of 
Specific TCR-Peptide Binding From Large Dictionaries of TCR-
Peptide Pairs. Front Immunol 2020;11:1803. 

	143	 Springer I, Tickotsky N, Louzoun Y. Contribution of T Cell Receptor 
Alpha and Beta CDR3, MHC Typing, V and J Genes to Peptide 
Binding Prediction. Front Immunol 2021;12:664514. 

	144	 Chronister WD, Crinklaw A, Mahajan S, et al. TCRMatch: 
Predicting T-Cell Receptor Specificity Based on Sequence 
Similarity to Previously Characterized Receptors. Front Immunol 
2021;12:640725. 

	145	 Bradley P, Thomas PG. Using T Cell Receptor Repertoires to 
Understand the Principles of Adaptive Immune Recognition. Annu 
Rev Immunol 2019;37:547–70. 

	146	 Rosati E, Dowds CM, Liaskou E, et al. Overview of methodologies 
for T-cell receptor repertoire analysis. BMC Biotechnol 2017;17:61. 

	147	 Stubbington MJT, Lönnberg T, Proserpio V, et al. T cell fate and 
clonality inference from single-cell transcriptomes. Nat Methods 
2016;13:329–32. 

	148	 Singh M, Al-Eryani G, Carswell S, et al. High-throughput 
targeted long-read single cell sequencing reveals the clonal 
and transcriptional landscape of lymphocytes. Nat Commun 
2019;10:3120. 

	149	 Shen Y, Voigt A, Leng X, et al. A current and future perspective on T 
cell receptor repertoire profiling. Front Genet 2023;14. 

	150	 Okino ST, Kong M, Sarras H, et al. Evaluation of bias associated 
with high-multiplex, target-specific pre-amplification. Biomol Detect 
Quantif 2016;6:13–21. 

	151	 Abramson J, Adler J, Dunger J, et al. Accurate structure prediction 
of biomolecular interactions with AlphaFold 3. Nature New Biol 
2024;630:493–500. 

	152	 Reynisson B, Alvarez B, Paul S, et al. NetMHCpan-4.1 and 
NetMHCIIpan-4.0: improved predictions of MHC antigen 
presentation by concurrent motif deconvolution and 
integration of MS MHC eluted ligand data. Nucleic Acids Res 
2020;48:W449–54. 

	153	 Klebanoff CA, Chandran SS, Baker BM, et al. T cell receptor 
therapeutics: immunological targeting of the intracellular cancer 
proteome. Nat Rev Drug Discov 2023;22:996–1017. 

Journal for Im
m

unoT
herapy of C

ancer: first published as 10.1136/jitc-2025-013499 on 3 M
arch 2026. D

ow
nloaded from

 https://jitc.bm
j.com

 on 4 M
arch 2026 by guest.

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

ining, A
I training, and sim

ilar technologies.

http://dx.doi.org/10.1038/s41467-021-21879-w
http://dx.doi.org/10.3389/fimmu.2020.01803
http://dx.doi.org/10.3389/fimmu.2021.664514
http://dx.doi.org/10.3389/fimmu.2021.640725
http://dx.doi.org/10.1146/annurev-immunol-042718-041757
http://dx.doi.org/10.1146/annurev-immunol-042718-041757
http://dx.doi.org/10.1186/s12896-017-0379-9
http://dx.doi.org/10.1038/nmeth.3800
http://dx.doi.org/10.1038/s41467-019-11049-4
http://dx.doi.org/10.3389/fgene.2023.1159109
http://dx.doi.org/10.1016/j.bdq.2015.12.001
http://dx.doi.org/10.1016/j.bdq.2015.12.001
http://dx.doi.org/10.1038/s41586-024-07487-w
http://dx.doi.org/10.1093/nar/gkaa379
http://dx.doi.org/10.1038/s41573-023-00809-z

	﻿﻿﻿﻿﻿﻿﻿﻿TCR sequencing in cancer immunology and immunotherapy: what, when, where, why, and how
	Abstract
	Introduction
	The what: defining the ﻿T-cell receptor﻿ and its generation
	The why: impact of evaluating TCR on immunology questions
	The how: TCR-seq profiling methodologies, DNA versus RNA, short versus long reads, and αβ+Vβ versus Vβ-alone
	The what: TCR repertoire metrics (evaluation of diversity, clonality, and similarity)
	Diversity metrics
	Clonality metrics
	Similarity (overlap) metrics

	The when and the where: role of TCR-seq as a tracking tool for T cells, across time or across tissues
	Tracking tool for T cells across time
	Tracking tool for T cells across tissues

	The why: role as a biomarker and monitoring for immunotherapy
	Diversity and response to immunotherapy
	Clonality and response to immunotherapy
	Temporal changes in clonotypes (expanded, contracted, and novel clones)
	Similarity (overlap) and response to immunotherapy

	The why: role in defining the specificity of T cells, either for adoptive transfer or for antigen discovery
	Adoptive cell transfer
	Antigen discovery

	The next: novel computational approaches that try to predict what TCR recognizes
	Structure-aware and hybrid approaches


	Conclusions
	References


