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Abstract 

We present a significant update to VDJdb, introducing substantial enhancements to both the data content and the technical infrastructure. 
The integration of steadily accumulating T-cell receptor (TCR):epitope recognition data, together with advances in high-throughput experimental 
techniques, has expanded the landscape for machine learning-based prediction of TCR specificity, covering foreign antigens, neoantigens, and 
autoimmunity-associated epitopes. However, these advances have introduced new challenges, most notably in data quality—large-scale assays 
have heightened concerns about measurement reliability and exacerbated existing issues such as HLA and epitope coverage biases. To address 
these issues, we have adopted state-of-the-art artificial intelligence approaches, including protein sequence embeddings and AI-driven structure 
prediction. The updated VDJdb resource now features TCR specificity records annotated with embedding-derived paratope features, advanced 
noise filtering capabilities, and predicted three-dimensional protein structures. These improvements enable more comprehensive interrogation 
of TCR–epitope recognition and provide novel lines of evidence to support the reliability of high-throughput assay records, which are frequently 
limited by insufficient independent validation. VDJdb can be accessed at https://vdjdb.com and https://github.com/antigenomics/vdjdb-db . 
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Introduction 

The adaptive immune system is characterized by an extraor-
dinary repertoire of T-cell receptor (TCR) rearrangements,
sampled from an immensely diverse sequence space exceed-
ing 1015 in humans [ 1 ]. These TCRs recognize epitopes of
diverse origin—short peptides presented by major histocom-
patibility complex (peptide-MHC, or pMHC) molecules on
the cell surface. The theoretical diversity of an individual’s
immunopeptidome is estimated to surpass 109 for humans
[ 2 ], rendering the combined TCR:pMHC interaction space
astronomical in scale. While the vast TCR repertoire is de-
signed to recognize virtually any foreign pathogen, factors
such as biophysical constraints, negative selection against self-
reactive TCRs, and the extreme rarity of certain TCRs re-
sult in a highly sparse landscape for TCR:pMHC binding
events. 

Extensive efforts have been devoted to identifying
TCR:pMHC binders, given their critical roles in vaccine
development, autoimmune disease, and cancer immunology.
Nevertheless, these efforts have yielded ∼ 105 TCR specificity
records to date, each exhibiting highly variable measurement
reliability [ 3 ]. Machine learning approaches, particularly
recent advances in artificial intelligence, offer the potential
to generalize and extrapolate from this narrow and biased
dataset—one that is skewed towards medically relevant epi-
topes and MHC alleles with higher population frequencies.
However, the advent of high-throughput, automated assays
has revealed a sobering limitation: even for the most exten-
sively studied epitopes, the proportion of records that can be
independently validated may be as low as ∼50%, as recently
reported by Messemaker et al. [ 4 ]. 

Since both machine learning strategies and our broader un-
derstanding of TCR:pMHC binding mechanisms are funda-
mentally shaped by the quality and reliability of available
data, it is imperative to critically assess and refine our cur-
rent data collection approach (Fig. 1 a). The original VDJdb,
released in 2017 [ 5 ], prioritized the collection of highly re-
liable TCR:pMHC epitope records, applying stringent inclu-
sion criteria and rigorous confidence scoring. The 2019 update
[ 6 ] introduced additional features, such as paratope motif col-
lection, and greatly expanded the database by incorporating
high-throughput, multiplexed assays. However, this increase
in data volume came at a cost: most high-throughput datasets
lack sufficient independent validation, precluding consistent
application of the original confidence scoring system. Al-
though the COVID-19 pandemic prompted efforts to demon-
strate the reproducibility of assays and motifs across labora-
tories [ 7 ], systematic analyses and independent validations re-
main scarce, with the most comprehensive attempt discussed
here emerging only in 2025. 

In the current VDJdb update, we place a central empha-
sis on data reliability and interpretability. Notably, the origi-
nal paratope motif feature, based on TCR sequence similar-
ity, remains a valuable tool for noise filtering, especially in
the absence of detailed assay information. Recent studies have
further demonstrated that the quality scores of TCR:pMHC
structures, as predicted by AI-based structural modelling al-
gorithms, can serve as independent indicators of record re-
liability, as shown by Messemaker et al. Accordingly, we
have integrated a novel motif-detection and noise-filtering
algorithm based on protein sequence embeddings, along-
side the provision of structural modelling results for VDJdb
records. A dedicated web interface facilitates the assessment of
record reliability using multiple lines of evidence and scoring 
methodologies. 

Materials and methods 

Data acquisition and processing 

Relevant publications and preprints are systematically 
tracked using the GitHub issue system ( https://github. 
com/antigenomics/vdjdb-db/issues ), with additional entries 
sourced through PubMed searches on relevant terms, man- 
ual monitoring of Google Scholar alerts, and continuous re- 
view of bioRxiv and arXiv feeds. Personal communications 
and author submissions are similarly managed via the issue 
system and processed on a case-by-case basis. All data un- 
dergo formatting and proofreading in accordance with VDJdb 

guidelines and database specifications ( https://github.com/ 
antigenomics/vdjdb-db/blob/master/README.md ). A dedi- 
cated set of agentic AI skills is employed to extract, format,
and proofread submissions ( https://github.com/antigenomics/ 
vdjdb-db/tree/master/skills ). Mandatory manual curation and 

review by the VDJdb team were required for all submission 

types. Proofreading issues identified by database users are 
also monitored and resolved individually. Final database as- 
sembly and validation are performed using a custom Docker- 
based pipeline, maintained alongside input data fragments in 

the VDJdb-db repository. This build pipeline is hard-coded 

and version-controlled, and has been used and progressively 
refined since the inception of the database; it validates ev- 
ery submitted data chunk for missing fields, field syntax and 

controlled-vocabulary naming (IMGT gene and HLA allele 
nomenclature), canonical CDR3 amino acid sequences, and 

correct mapping of the V and J segments onto the CDR3,
rejecting any record that fails these checks. Each build ad- 
ditionally emits a human-readable summary report ( https: 
//vdjdb.com/overview ) that is manually inspected for CDR3 

spectratype and V–J usage anomalies and for spurious species,
antigen-source-species, gene, and allele names. As a further 
safeguard, every imported chunk is independently audited by 
a curator other than the one who performed the import. 

Embedding-based paratope motif detection and 

noise filtering 

We refined the VDJdb motif annotation by recomputing 
database-wide TCR clusters using TCREMP embeddings [ 8 ].
In contrast to the previous TCRNET annotation [ 9 ], which re- 
lied on clustering TCRs based on a Hamming distance-1 graph 

of complementarity-determining region 3 (CDR3) sequences,
TCREMP represents full TCR amino acid sequences as high- 
dimensional numerical vectors (dimension ∼ 103 ), enabling 
direct clustering or dimensionality reduction using principal 
component analysis. Aggregating variable gene segments (en- 
compassing CDR1 and CDR2 of the paratope) with vari- 
able CDR3 lengths increased clustering coverage across both 

TRA and TRB chains and yielded larger, less fragmented mo- 
tif clusters. Clustering was performed using the DBSCAN al- 
gorithm, with the neighbourhood radius ε selected automati- 
cally from the knee of the sorted k -nearest-neighbour distance 
curve by the Kneedle method [ 10 ]; in the rare degenerate case 
in which this curve is near-linear and no knee is resolved, we 
fall back to the mean k -distance, so that no per-dataset thresh- 
old tuning is required, and synthetic controls were used to 

distinguish true clusters from those arising from convergent 

https://github.com/antigenomics/vdjdb-db/issues
https://github.com/antigenomics/vdjdb-db/blob/master/README.md
https://github.com/antigenomics/vdjdb-db/tree/master/skills
https://vdjdb.com/overview
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Species Specificity Records TRA TRB Paired Epitopes MHCI MHCII Refs.

Human All 185,313 120,979 158,951 94,617 1,971 108 111 451

Human Self-peptides 52,735 44,360 48,856 40,481 697 62 53 182

Human COVID-19 12,772 7,305 11,471 6,004 705 16 23 49

Mouse All 15,800 10,374 12,456 7,030 127 10 12 149

Mouse Self-peptides 1,736 75 1,731 70 38 3 8 29

Macaque All 2,119 87 2,032 0 3 1 0 2

b
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Figure 1. VDJdb database expansion, coverage, and HLA bias. ( a ) Cumulative composition of VDJdb TCR:pMHC records (unique entries) by year of 
publication, 2015 and earlier to 2026, present. Normalized to 100% as of 2026. Coloured areas indicate TRA-only (light blue), TRB-only (light orange), and 
paired (having both TRA and TRB) αβ chain TCRs (red). Overlaid black lines (right axis) represent cumulative unique epitopes (solid), MHC alleles 
(dashed), and publications (dotted). Vertical dashed lines denote key technological milestones: amplicon RepSeq for MHC-multimer-sorted T cells (2017), 
10 × scRNA-seq and dCODE dextramer multiplexing (2020), large-scale COVID-19 T-cell studies (2022), deep epitope mutational scans and phage 
displays (2025, [ 20 , 21 ]), and the implementation of automated TCR cloning/validation platforms TCRvdb (Messemaker et al. ) and TCRAFT [ 22 ] emerging 
by 2026. Below the axis, squares indicate VDJdb key publications: Shugay et al. [ 5 ], Bagaev et al. [ 6 ], Goncharov et al. [ 7 ], and the present study (2026); 
circles mark VDJdb infrastructure updates: submission tracking via GitHub issue tracker (2015), assembly engine for automated database builds with 
record confidence scoring and web browser (2017), motif viewer and batch query interface (2019), embedding-based paratope motif analysis (2024), 
AI-guided structure prediction (2025), and multimodal evidence scoring with agentic AI proofreading (2026). ( b ) Summary counts for VDJdb TCR:pMHC 

records. Rows correspond to species—human ( Homo sapiens ), mouse ( Mus musculus ), and macaque ( Macaca mulatta )—stratified by antigen specificity 
(all peptides, self-peptides including neoantigens and autoimmune peptides, and SARS-CoV-2 epitopes). Columns indicate total records; records with 
TRA sequence; records with TRB sequence; paired αβ records; unique epitopes; unique MHCI α alleles; unique MHCII α/ β pairs; and unique 
publications. ( c ) Representation of MHC class I alleles among human MHCI records in VDJdb (black bars) as a percentage of all human MHCI records. 
Alleles are ordered by their frequency in European populations; the top 22 alleles are shown. European (EUR), Asian (ASN), and African (AFR) population 
frequencies were sourced from https:// www.allelefrequencies.net/ [ 23 ]. The y -axis is broken at 10% to display the overrepresentation of HLA-A ∗02. 
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(D)J rearrangements, based on statistical enrichment of VD-
db sequences. Because TCREMP encodes each receptor by
lignment to a fixed set of reference prototypes rather than
y pairwise CDR3 identity, it groups CDR3 motifs of differ-
ng lengths together and extends naturally to paired αβ re-
eptors by concatenating the per-chain embeddings. The up-
ated motifs were validated on an in-house set of TCR speci-
city prediction benchmarks, confirming that precision was
aintained while recall and F1 scores improved. Quantita-
tively, on the full human VDJdb release TCREMP clustering
matched the legacy TCRNET on cluster purity (0.94 versus
0.95) while more than doubling both retention (0.57 versus
0.23, the fraction of receptors assigned to a motif cluster)
and the coverage-aware F1 score (0.71 versus 0.37), and it
outperformed the protein language-model embeddings TCR-
BERT [ 11 ] and ESM-2 at both 35 and 650M parameters
[ 12 ] on every metric under an identical clustering pipeline
( Supplementary Fig. S1 a). 

https://www.allelefrequencies.net/
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag904#supplementary-data
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Structural modelling 

TCR structural modelling was performed using the locally
installed TCRmodel2 tool [ 13 ], selected for its high predic-
tive performance, ease of installation, and open-source dis-
tribution. Default parameters were used with the authors’
custom AlphaFold database. Only VDJdb records contain-
ing both TCR α and β chains were considered for modelling
and subsequent analyses. For each record, complete TCR
sequences were generated using the stitchr Python library
(v1.3.1; [ 14 ]), and corresponding MHC sequences were re-
trieved from the IMGT database ( https://www.ebi.ac.uk/ipd/
imgt/hla/, accessed 12 August 2025). Modelling was executed
on a high-performance computing cluster and managed via
the SLURM workload manager. For each VDJdb record, five
structures were generated, and only the highest-ranked model
was retained based on AlphaFold2 confidence [ 15 ]. The aver-
age wall-clock time to generate a single structure was ∼10 min
on a single node equipped with an NVIDIA Tesla V100 GPU
with 32 GB VRAM, 32 CPU cores, and 128 GB of RAM. Ow-
ing to computational constraints, comprehensive modelling of
all ∼ 105 VDJdb records in a relatively short time was unfeasi-
ble; instead, a pilot set of ∼ 104 structures was prioritized, fo-
cusing on records associated with identified human paratope
motifs for MHC class I (MHCI)-restricted epitopes. 

To facilitate model comparability, all generated struc-
tures underwent a two-stage alignment using the Py-
MOL Python API ( https://github.com/schrodinger/pymol- 
open-source ). The initial alignment was performed across all
structures sharing the same MHC class, followed by align-
ment among structures recognising the same epitope. After
alignment, the 3D C α coordinates of the CDR3 loops and the
peptide were projected onto a uniform 2D plane for all struc-
tures. Inter-chain amino acid contacts were annotated when
the distance between any atoms of two residues was < 5 Å .
The resulting 2D projections, annotated with contact infor-
mation (aka ‘complementarity maps’), are now accessible in
the VDJdb structure browser. Each VDJdb record with a gen-
erated structure was further annotated with its AlphaFold2
ranking confidence, the number of TCR–peptide contacts, and
scanning and pitch angles computed with the STCRpy library
(v1.0.6; [ 16 ]). PDB files, contact tables, and C α coordinate
data are made available via the structure browser interface
and on HuggingFace ( https://huggingface.co/datasets/isalgo/
vdjdb_structure_models ). 

Web interface 

The legacy VDJdb web browser [ 6 ] ( https://github.com/
antigenomics/vdjdb-web ) was updated to include an updated
paratope motif browser, a TCR:pMHC structure browser, and
integrated evidence filtering within the main search interface.

Results 

Timeline of database evolution and data 

accumulation 

Since 2017, the accumulation of published TCR specificity
data has accelerated considerably, propelled by advances
in experimental methodologies that have expanded cover-
age of TCRs, epitopes, and MHC alleles (Fig. 1 ). Tetramer-
based enrichment followed by deep repertoire sequencing has
markedly increased the number of single-chain TCR records
[ 17 ]. The deployment of single-cell sequencing platforms (e.g.,
10X Genomics, https://www.10xgenomics.com/) in conjunc- 
tion with multiplexed tetramer assays has enabled compre- 
hensive cataloguing of paired TCR chains and facilitated the 
identification of numerous new epitopes. 

The COVID-19 pandemic precipitated a substantial and 

diverse influx of epitope records, predominantly centred on 

SARS-CoV-2 antigens. Notably, SARS-CoV-2 datasets provide 
a compelling case study for robust orthogonal validation in 

TCR specificity research [ 7 ]. For several immunodominant 
HLA-A ∗02- and HLA-A ∗24-restricted Spike epitopes, multi- 
ple independent laboratories, donor cohorts, and assay plat- 
forms have reproducibly identified convergent TCR motifs 
and clonotypes, in agreement with those previously described 

in VDJdb [ 18 , 19 ]. This remarkable consistency across dis- 
tinct studies and technical approaches represents one of the 
most compelling real-world validations of TCR–epitope as- 
signment reproducibility to date. Furthermore, as discussed 

below (see Table 1 , HLA-A ∗02:YLQPRTFLL case), VDJdb 

records substantiated by cross-laboratory evidence remain ro- 
bust even under the most rigorous and meticulous experimen- 
tal scrutiny of Messemaker et al. 

Emerging methodologies, including deep epitope muta- 
tional scanning [ 20 ] and phage display-based selection of epi- 
tope binders from pools of TCRs with degenerate CDR3 

sequences [ 21 ], have enabled the generation of extensive 
TCR:pMHC datasets, thereby expanding coverage of rare 
TCR variants and epitopes and facilitating in-depth analysis 
of epitope recognition hotspots and paratope motifs (Fig. 1 a).
Nonetheless, these approaches can introduce pronounced bi- 
ases during classifier training, as they may yield thousands of 
highly similar TCR sequences for a single epitope or enhance 
epitope diversity without a commensurate increase in support- 
ing TCR counts, ultimately limiting their utility for machine 
learning applications. Laboratory automation has further im- 
proved throughput and reproducibility and continues to ad- 
vance [ 22 ] and Messemaker et al.; however, each methodology 
produces a distinct dataset structure and introduces sampling 
biases that must be carefully considered. 

The current version of VDJdb comprises ∼203 230 records 
(compared to 5491 at initial publication, representing a ∼37- 
fold increase over 8 years) and now provides broad coverage 
of autoimmune peptides and neoantigens (Fig. 1 b). Neverthe- 
less, significant compositional biases remain—most notably, a 
pronounced overrepresentation of HLA-A ∗02 allele records 
compared to the allele population frequency [ 23 ], as reported 

by multiple groups and highlighted in Fig. 1 c. We anticipate 
that the growing requirement for TCR specificity assessment 
in donors with diverse HLA backgrounds, particularly in the 
context of personalized cancer vaccine development, coupled 

with advances in high-throughput pMHC multiplexing as- 
says, will facilitate the mitigation of these biases in the near 
future. 

Despite the implementation of stringent inclusion crite- 
ria, VDJdb is now comparable (Fig. 2 ) to the IEDB Epitope 
Specific T Cell Receptors database [ 3 ] in terms of record 

count, based on the latest releases at the time of writing 
(accessed 7 June 2026). Notably, certain datasets—such as 
MIRA (Multiplexed Identification of T cell Receptor Anti- 
gen specificity)-based assays [ 24 , 25 ], which utilize a varia- 
tion of the combinatorial peptide pool approach—are valu- 
able for exploratory analyses but lack precise pMHC speci- 
ficity information and are therefore not considered for inclu- 
sion into VDJdb (Fig. 2 a–c). Other datasets are likewise ex- 

https://www.ebi.ac.uk/ipd/imgt/hla/
https://github.com/schrodinger/pymol-open-source
https://huggingface.co/datasets/isalgo/vdjdb_structure_models
https://github.com/antigenomics/vdjdb-web
https://www.10xgenomics.com/
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Table 1. Independent corroboration in VDJdb predicts experimental validation of paired αβ TCRs in the Messemaker et al. screen 

Epitope 
Independent validation 
(VDJdb) 

Validated 
(TCRvdb) 

Not validated 
(TCRvdb) Total OR (95% CI) Fisher P 

GLCTLVAML Not independently 
validated 

43 30 73 — —

TRA only 25 8 33 2.10 (0.85–5.19) 0.1 
TRB only 22 17 39 0.90 (0.41–1.96) 0.8 
Both TRA and TRB 44 4 48 6.93 (2.37–20.30) 6 . 5 × 10−5 

Total 134 59 193 
YLQPRTFLL Not independently 

validated 
65 223 288 — —

TRA only 55 10 65 18.04 (8.82–36.86) 7 . 9 × 10−21 

TRB only 23 13 36 5.94 (2.88–12.25) 9 . 7 × 10−7 

Both TRA and TRB 29 3 32 28.76 (9.18–90.09) 2 . 6 × 10−14 

Total 172 249 421 

Receptors from the Messemaker et al. TCRvdb dataset (snapshot 01-05-2025, provided by authors) were screened against their cognate HLA-A ∗02:01- 
restricted epitope (YLQPRTFLL, SARS-CoV-2 spike, n = 421; GLCTLVAML, EBV BMLF1, n = 193) and considered validated if the Benjamini–Hochberg 
adjusted P < 1 × 10−5 , as per author recommendations. Independent validation was assigned when each chain matched the current VDJdb snapshot by epitope, 
V-gene (allele-collapsed), and CDR3 amino acid sequence, and was supported by more than one unique reference ( ≥2 independent studies). Receptors are 
cross-tabulated by independent validation class (rows) and experimental validation status (columns). Statistical association was tested for each epitope using 
Pearson’s χ2 test (YLQPRTFLL: χ2 = 132.1, P = 1 . 9 × 10−28 ; GLCTLVAML: χ2 = 18.7, P = 3 . 1 × 10−4 ). Odds ratios (OR), their confidence intervals (95% 

CI), and two-sided Fisher exact test P -values compare the odds of validation for each class relative to the baseline (not independently validated). 
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luded when T-cell stimulation to a given epitope can only
e inferred indirectly, or critical pMHC information is miss-
ng, thereby limiting their suitability for high-confidence TCR
pecificity annotation. Notably, after excluding such indirect
ssays, the IEDB TCR database ( ∼140 000 records) is consid-
rably smaller than VDJdb (Fig. 2 d–f). 

aratope motifs and noise filtering 

t is widely accepted that TCRs recognizing the same pMHC
omplex often share similar paratope sequences, exempli-
ed by well-characterized conserved k -mers such as the ‘RS’
otif for HLA-A ∗02:GILGFVFTL of Influenza A virus or
biquitous Variable gene biases like TRBV20-1 for HLA-
 ∗02:GLCTLVAML of Epstein-Barr Virus, TRAV12-2 for
LA-A ∗02-LLWNGPMAV of Yellow Fever Virus, and HLA-
 ∗02:ELAGIGILTV, an artificial heteroclitic variant of nat-
rally presented self-peptide HLA-A ∗02:EAAGIGILTV from
ART-1 gene. However, as VDJdb has grown, it has be-

ome apparent that this relationship is more complex: a single
pitope may be associated with multiple paratope motifs or
ecognition modes, and the fine structure of paratope sequence
pace can vary dramatically between epitopes. For example,
ome epitopes present a single dominant motif, while oth-
rs, such as HLA-A ∗02:NLVPMVATV of Cytomegalovirus,
isplay multiple disjoint motifs, complicating motif discov-
ry and modelling [ 26 ]. Although the exact molecular de-
erminants governing these differences remain incompletely
lucidated, current evidence suggests that ‘featureless’ epi-
opes tend to be recognized by a broader and more diverse
CR repertoire [ 27 , 28 ]. Additionally, rare sequence variants
r insufficient sampling may impede the unambiguous delin-
ation of certain motif architectures, as seen for TCRs with
ow V(D)J generation probabilities, such as autoimmunity-
ssociated variants (e.g. TCR motif in HLA-B ∗27 + ankylos-
ng spondylitis donors [ 29 ]). 

Given that a substantial portion of assay-derived records
ay represent false positives, it is essential to distinguish gen-
ine ‘orphan’ sequences from methodological artefacts [ 30 ].
he TCRNET algorithm, previously used for robust paratope
otif detection [ 31 ], can also serve as a noise filter by flag-
ging sequences not associated with any statistically signifi-
cant motif as likely false positives and eliminating numerous
false-positive hits that dominate cross-repertoire comparisons
[ 9 ]. However, TCRNET is highly stringent—requiring only
single amino acid differences and limited handling of CDR1
and CDR2 regions—which restricts sensitivity. To address
these limitations, we developed the TCREMP embedding-
based clustering approach [ 8 ] (see the ‘Materials and meth-
ods’ section), enabling a more flexible and comprehensive de-
lineation of paratope motifs. 

Transitioning to embedding-based annotation has
markedly increased both the number and size of paratope
motif clusters for TRA and, especially, TRB chains (Fig. 3 a
and b). This approach reduces fragmentation of related
sequence neighbourhoods and yields more coherent motif
clusters. Notably, CDR3 sequences in VDJdb are frequently
associated with multiple epitopes, reflecting both genuine
cross-reactivity and false positives (Fig. 3 c and d). Comparing
CDR3:epitope associations to TCREMP cluster incidence
reveals that most shared CDR3 sequences are limited to a
few motif contexts, CDR3s associated with several epitopes
are distinguishable from more specific motifs, and those
with an unexpectedly high number of associations do not
belong to any motif and fall into the ‘noise’ category. Thus,
embedding-based motifs provide a refined annotation layer
that maintains biologically plausible cross-reactivity while
filtering out spurious records that are likely misannotated. 

Furthermore, the new annotation consolidates structurally
similar motifs that were previously split among smaller clus-
ters, particularly for clonotypes with divergent CDR3 lengths
but conserved paratope features (Fig. 3 e and f). For in-
stance, the TRB CSAR/GELFF-16 motif associated with HLA-
A ∗02:YLQPRTFLL forms a single TCREMP cluster, merging
previously separate TCRnet clusters. Collectively, TCREMP-
based clustering delivers a more comprehensive and ro-
bust paratope motif annotation layer for VDJdb and aids
in database denoising (see Fig. 5 a). To quantify these im-
provements and to benchmark TCREMP against modern
alternatives, we compared antigen-specific clustering across
the full human VDJdb release and a high-quality subset of
records whose specificity is corroborated by at least two in-
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dependent references ( Supplementary Fig. S1 ). TCREMP re-
covered antigen-pure clusters while assigning far more of
the repertoire to motifs than TCRNET, and it dominated
the purity–retention frontier of both TCR-BERT—a lan-
guage model pretrained on TCR sequences, including those
in VDJdb—and untuned ESM-2 embeddings across parame-
ter scales. The advantage persisted on the high-quality sub-
set, where stringent noise filtering is less critical, indicat-
ing that the result is not an artefact of the noise threshold
( Supplementary Fig. S1 b and c). 
Exploring TCR:pMHC contacts in structural models 

Previous studies by our group and others [ 5 , 32 ] have demon- 
strated a strong concordance between structural contact pat- 
terns and paratope motif annotations. Recent results fur- 
ther indicate that the confidence scores of structural mod- 
els are effective predictors of true TCR:pMHC binding.
This was first observed indirectly in the IMMREP25 chal- 
lenge: while overall classifier accuracy for predicting speci- 
ficity against previously unseen epitopes was moderate to 

low, only structure-based methods—leveraging AlphaFold- 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag904#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag904#supplementary-data
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enerated TCR:pMHC models—produced substantial gains
ver random classifiers, highlighting the utility of accurate
tructural modelling for identifying bona fide binders, as re-
orted by Richardson et al. [ 33 ]. More recently, studies such
s Messemaker et al. have demonstrated that integrating Al-
haFold model confidence, as implemented in approaches like
CRbridge, can reliably distinguish true binders from noise.
uch model-confidence scores are most informative when
dequate structural templates are available—as is the case
or the well-characterized, paired-chain records selected here
or modelling—and are correspondingly less reliable for en-
irely novel epitopes or receptors that lack close templates;
er-model confidence, interface ipTM, and outlier-binding-
ode flags are therefore surfaced for every modelled struc-

ure so that reliability can be assessed on a case-by-case
asis. 
Given the current scarcity of experimentally resolved

CR:pMHC structures, imputing missing data with high-
uality computational models offers a unique opportunity
o investigate the molecular mechanisms underlying antigen
ecognition. To address this gap, and to complement paratope
otif-based evidence for VDJdb record confidence, we un-
dertook large-scale modelling of TCR:pMHC complexes (see
the ‘Materials and methods’ section). In total, we generated
over 10 000 structural models spanning a range of quality
scores (Fig. 4 a–c), with predicted docking angles that closely
matched those observed in experimental structures [ 16 ]. Al-
though there were cases where TCRmodel2 failed to produce
a docked complex (yielding zero contacts), the inter-chain con-
tacts were normally distributed and, in general, contact, pitch,
and scanning angle distributions were similar for native and
modelled structures (Fig. 4 d and e). Interestingly, there was a
significant but extremely weak correlation between the num-
ber of contacts in the complex and the Interface Predicted
Template-Modelling Score (ipTM; Fig. 4 f). This observation
suggests that the nature and positioning of specific residue
interactions—rather than their absolute number—are central
to the stability of the TCR:pMHC complex. 

To facilitate exploration and interpretation, we have inte-
grated a dedicated structure browser into the VDJdb web in-
terface. This resource enables users to visualize contacts be-
tween the TRA and TRB CDR3 loops and the epitope across
paratope motifs using a minimalist, intuitive ‘complementar-
ity maps’ visualization (Fig. 5 b). 



8 Luppov et al.

19
88

20
00

20
10

20
20

20
26

Year

10
0

10
1

10
2

10
3

10
4

C
um

ul
at

iv
e

TC
R

:p
M

H
C

 s
tru

ct
ur

es

a
Native (PDB)
Non-native (modelled)

b

Structures Epitopes MHCs

Human,
native 233 123 44

Human,
model 14,612 39 11

Mouse,
native 61 45 7

VDJdb structure dataset summary

0 1000 2000 3000 4000 5000
Number of TCR:pMHC structures

Other

A*02-CLG

A*02-YVL

A*02-YLQ

A*02-LLA

B*08-FLR

A*02-GLC

B*08-RAK

A*03-KLG

A*02-GIL

A*02-NLV
c

good (≥ 0.85)
medium (0.50–0.84)
bad (≤ 0.49)

Ranking confidence

0 20 40 60 80
Number of contacts

0.00

0.02

0.04

0.06

0.08

0.10

D
en

si
ty

d
Non-native  (n = 14,612)
Native  (n = 294)

0 50 100 150
Scanning angle (°)

0

20

40

60

80
P

itc
h 

an
gl

e 
(°

)

e
Non-native
Native

0 10 20 30 40
Number of contacts

0.2

0.4

0.6

0.8

TC
R

:p
M

H
C

 ip
TM

f

R 2 = 0.076
p < 0.001

Figure 4. Structural coverage and quality of TCR:pMHC complexes in VDJdb. All complexes shown are MHC class I-restricted TCR:pMHC structures. ( a ) 
Cumulative TCR:pMHC structure records (log scale) over time. Blue: experimentally determined native structures from Protein Data Bank published prior 
to 2025 that were annotated and deposited to VDJdb ( n = 294). Orange: structures predicted for database records using TCRmodel2 in 2025–2026 
( n = 14 612). ( b ) Summary by species and structure type, showing counts of unique TCR:pMHC complexes, epitope sequences, and MHC alleles. ( c ) 
Distribution of TCRmodel2 ranking confidence scores for the 10 most frequently modelled epitope–MHC pairs (e.g., A02-NLV is NLVPMVATV in 
HLA-A ∗02:01). Bars are coloured by confidence: bad ( < 0.50, red), medium (0.50–0.84, light blue), and good ( ≥0.85, blue). ( d ) Kernel density-smoothed 
histograms of inter-chain contacts (residues from distinct complex chains with closest atoms < 5 Å ) per structure for native (blue) and non-native (orange) 
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Model-based evidence for confidence scoring 

Rigorous independent validation remains a prerequisite for
confirming findings from high-throughput assays; however,
despite advances in automation and efficiency [ 22 ] and Messe-
maker et al., such validation currently exists for only a lim-
ited fraction of epitopes represented in VDJdb, notably those
associated with extensively studied pathogens such as SARS-
CoV-2. Legacy VDJdb confidence scores are predominantly
supported by records in which TCR:pMHC interactions have
been investigated in depth, often leveraging structural biology
data or comprehensive biochemical characterization from ear-
lier studies. In contrast, many more recent entries derived from
large-scale screening platforms are unlikely to undergo such
detailed, targeted validation. 

To address this gap and enhance the database’s reliabil-
ity, we have implemented an evidence imputation framework
that draws on two complementary modalities: paratope motif
analysis and structural modelling. The updated VDJdb inter-
face facilitates record selection and prioritization by combin-
ing legacy confidence scores with model-based quality met-
rics (Fig. 5 a and b), thereby supporting more nuanced evi-
dence filtering (Fig. 5 c). For example, independent validation
of records across multiple studies—particularly when both 

TRA and TRB chains of paired-chain TCRs in the VDJdb 

compendium are validated—is a strong predictor of success- 
ful experimental validation. This relationship is clearly illus- 
trated by Table 1 , which presents a re-analysis of the bench- 
marking study by Messemaker et al. These features enable re- 
searchers to maximize the reliability of specificity assignments 
and support robust benchmarking and model development for 
the next generation of TCR specificity prediction tools. 

While the choice of filtering criteria ultimately resides with 

the end user, we recommend prioritizing the most stringent 
evidence—specifically, records with strong paratope motif 
support and high-confidence structural models. It is also criti- 
cal to consider HLA matching between the donor and the epi- 
tope, as this can substantially reduce background noise [ 31 ],
especially when searching for rare, antigen-specific TCRs in 

large-scale repertoires, where even a low false-positive rate can 

yield a high number of spurious hits. For foundational stud- 
ies of TCR:pMHC interaction rules, we advise pre-filtering 
for well-supported, true positive records based on paratope 
features, and subsequently incorporating negative controls 
in a manner tailored to the study design, for example, by 
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Figure 5. Overview of the VDJdb web interface. ( a ) Paratope motif browser tab. Users can select epitopes with associated paratope motifs from the left 
menu. Upon selection, a UMAP visualisation (TCRNET or TCREMP) displays clusters representing motifs, with background TCRs from healthy donors 
shown in grey. Sequence logos for each motif are provided below (not shown). ( b ) Predicted structure complement arit y map t ab. The interface enables 
browsing of structures by epitope, with information on TCR chains, MHC alleles, and paratope motifs. The interactive plot visualizes complement arit y 
maps, showing CDR3 α, CDR3 β, and epitope residues, with loops and peptides indicated by bold lines and contacts ( < 5 Å ) by dashed lines. Multiple 
structures can be overlaid to compare loop conformations. ( c ) Main database browser with evidence-based record reliability filters and quality badges. 
Users can filter records by VDJdb confidence score, independent validation (see also Table 1 ), and database cross-references (other databases enabled 
upon official TCRvdb release). Records can also be filtered by high-quality structure or paratope motif assignment. Reliability metadata are shown as 
badges and tooltips in the ‘Evidence’ column of the main table. 
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generating random V(D)J rearrangements from probabilistic
models or pre-selection repertoires [ 31 ]. 

Discussion 

Technological advances in TCR specificity measurement con-
tinue at an unprecedented pace, exemplified by the devel-
opment of high-throughput and automated assays capable
of systematically identifying TCR–epitope pairs across a
wide array of biological contexts, including infectious dis-
eases, cancer, and autoimmunity [ 34 ]. In parallel, the field
has seen a rapid expansion of computational approaches—
particularly machine learning and artificial intelligence
methods—designed to predict TCR specificity in silico , with
many models relying on VDJdb as a principal source of train-
ing and validation data [ 35 ]. 

This dual progress underlines VDJdb’s critical responsibil-
ity as a community resource: to aggregate and curate emerg-
ing data efficiently, uphold rigorous standards for data qual-
ity, and provide transparent, reproducible workflows for data
processing. By maintaining full public access to both datasets
and processing pipelines, we enable the scientific community
to independently scrutinize, benchmark, and validate speci-
ficity records—advantages that proprietary or closed datasets
cannot offer. The recent independent benchmarking by Messe-
maker et al. highlights the value of such transparency for rig-
orous, community-driven validation. 

To further support the integration of experimental
and computational immunology, we now provide auxil-
iary evidence—including paratope motif embeddings and
AI-guided structure predictions—that complements high-
confidence specificity records and enhances the accuracy and
interpretability of TCR–epitope assignments. This approach
enables systematic identification of ambiguous or challenging
cases, facilitating iterative improvements to both the database
and machine learning models. 

While the inclusion of AI-based structure prediction and
paratope motif embeddings provides valuable orthogonal ev-
idence, it is important not to overstate the biological certainty
these methods confer. High-confidence models are not equiva-
lent to definitive proof of molecular recognition, and the use of
AI for data curation introduces the risk of pre-filtering training
datasets with methods later evaluated on them. These caveats
should be considered when interpreting results and bench-
marking model performance. 

A major limitation of current datasets is the pronounced
bias in pMHC coverage, with a substantial overrepresenta-
tion of MHCI-restricted epitopes, particularly those associ-
ated with frequent alleles such as HLA-A ∗02. As a result,
MHCII and unconventional T-cell systems are markedly un-
derrepresented. Existing MHCII data are often limited to im-
precisely defined epitopes and incomplete mapping of peptide
regions within the MHC groove. Resolving these biases and
data gaps will require new experimental strategies, improved
MHC binding prediction tools, and expanded data collection,
particularly for MHCII and less-studied T-cell modalities. Ad-
dressing this challenge remains a central priority for the future
development of antigen specificity databases. 

We believe that this community-centric, multimodal strat-
egy is essential for overcoming persistent challenges in the
field, such as susceptibility to model overfitting on artefacts
of the training set [ 36 ] and the limited generalizability of cur-
rent algorithms to previously unseen epitopes, as reported by
Richardson et al. By promoting transparency, interoperability,
and ongoing validation, VDJdb aims to accelerate the devel- 
opment of robust and clinically relevant TCR specificity pre- 
diction tools. 
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