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Abstract: The T-cell receptor (TCR) is a fundamental component of the adaptive
immune system, playing a crucial role in the development and progression of
autoimmune diseases through its remarkable diversity and antigen specificity. Advances
in high-throughput sequencing technologies and multi-omics data integration have
revolutionized the ability to characterize TCR repertoires at unprecedented resolution.
Coupled with emerging machine learning methodologies, these advances have opened
new avenues for unraveling the complex immunopathology underlying autoimmune
disorders. This review comprehensively summarizes current knowledge on the
dynamic regulation of TCR repertoires in autoimmune diseases, highlighting key
processes such as central tolerance failure, clonal expansion of autoreactive T cells,
and regulatory T cell dysfunction, as well as the influences of genetic predisposition
and immunosenescence on shaping TCR diversity. This review also provides a 3 that
demonstrates how to analyze publicly available TCR repertoire datasets. We compare
V and J gene usage profiles and CDR3 summary features across clinical labels to
characterize between-group variation and to inform feature engineering for downstream
machine learning models. Furthermore, we detail various machine learning-based
diagnostic models that utilize gene usage patterns and CDR3 sequence features
to accurately classify autoimmune disease status, alongside recent breakthroughs
in predicting TCR-epitope binding specificity. These computational approaches
not only enhance diagnostic precision but also provide mechanistic insights into
immune recognition and autoreactivity. By integrating immunological principles
with data-driven techniques, this work aims to offer a robust theoretical framework
and practical guidance for future research in immunology and precision medicine.
Ultimately, the convergence of TCR repertoire profiling and machine learning promises
to drive innovative strategies for early diagnosis, personalized therapy, and improved
clinical management of autoimmune diseases, enabling the transition to antigen-specific
tolerogenic therapies.
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1. Introduction

T-cell receptors (TCRs) are membrane proteins expressed on T lymphocytes that mediate antigen specificity
by recognizing peptide–MHC complexes [1–4]. The TCR-MHC–peptide interaction initiates downstream signaling
pathways in T cells through molecular components that include enzymes and adapter proteins, processes which
appear to have considerable implications for human disease [1,2,4–6]. The assembly of TCRs with CD3 chains
on the cell surface forms a signal transduction complex, and differences in the molecular architecture of these
complexes are thought to underlie the distinct antigen recognition and signaling properties of αβ T cells versus γδ
T cells [4–6]. Each receptor comprises two chains, TCRα and TCRβ, generated via somatic V(D)J recombination.
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Among the variable segments, the complementarity-determining region 3 (CDR3) serves as the primary contact
site with antigen and is considered a major determinant of recognition specificity [1–4,7–9]. Through recognition
of antigenic peptides presented within major histocompatibility complex MHC grooves, TCRs orchestrate
adaptive immune responses that contribute to pathogen clearance, tumor surveillance, and the regulation of
self-tolerance [10–14]. Consequently, scalable analysis of TCR repertoires, especially when integrated with
machine learning approaches, has become an important method for assessing immune status and investigating
functional immunological relationships [15–21].

Autoimmune diseases (ADs) constitute a heterogeneous group of chronic disorders in which immune responses
are misdirected against host tissues, producing variable degrees of inflammation and organ dysfunction. Their
etiology reflects a multifactorial interplay among genetic susceptibility, environmental exposures, and failures
of central or peripheral tolerance; clinically they span systemic entities such as systemic lupus erythematosus
(SLE) and organ-restricted diseases including rheumatoid arthritis (RA) and multiple sclerosis (MS) [22–24].
Therapeutic regimens remain centered on immunosuppression and immune modulation, yet mounting evidence
implicates alterations in the TCR repertoire—loss of diversity and selective clonal expansions of autoreactive
T cells—as central contributors to pathogenesis in many ADs [25–27]. The advent of high-throughput sequencing
and multi-omics platforms has substantially refined our capacity to profile these repertoire perturbations, and
structural and functional analyses of TCRs have in turn informed biomarker discovery and precision therapeutic
design [27–29].

Machine learning (ML) comprises algorithmic approaches that infer predictive relationships from complex,
high-dimensional datasets, and has shown considerable promise across biomedical applications, including the
diagnosis and prognosis of autoimmune conditions [30,31]. For example, proteomic datasets analyzed with ML
produced diagnostic classifiers for SLE with reported accuracies of 78.1%, 85.8%, and 90.0% across successive
models [32]; in a separate application, an XGBoost algorithm was trained to predict relapse of lupus nephritis,
with similar 5-year recurrence estimates in derivation and validation cohorts [33]. While earlier work has utilized
clinical, imaging, and spectroscopic inputs, integrating features derived from TCR repertoires into ML pipelines is
a comparatively recent development. Over the past five years, researchers have increasingly exploited repertoire
differences between healthy donors and patients to build ML classifiers for autoimmune phenotypes [34, 35].
Although this subfield remains emergent and a comprehensive systematic review is not yet available, TCR-based
ML approaches are attractive because they can provide efficient, reproducible, and less resource-intensive predictive
tools relative to extensive clinical workups [36–38].

This review provides a structured account of machine learning–driven TCR prediction in autoimmune disease
research, integrating basic immunology with applied computational practice. We first describe the immunobiological
principles of TCR recognition and the mechanisms by which repertoire abnormalities may foster autoimmunity. We
then synthesize empirical comparisons of TCR sequencing profiles from patients and matched controls, and present
exploratory analyses of publicly available datasets that illustrate feature extraction and model construction. Next, we
survey representative ML models that employ diverse algorithms and feature representations to classify autoimmune
states. Finally, we discuss methodological challenges, potential trajectories for the field, and opportunities for
combining deep learning with systems-level data to yield mechanistic insight and to accelerate translational advances
aimed at improving clinical outcomes.

2. Dynamic Regulation of TCR Repertoires and Their Roles in Autoimmune Pathogenesis

2.1. Normal Function: TCR Antigen Recognition and Autoimmunity Prevention

TCRs are generated by stochastic V(D)J recombination with junctional diversity and thymic selection,
producing vast specificity for peptide–MHC complexes that defends against pathogens and tumours but inevitably
yields some self-reactive specificities [5,6,39–41]. The heterodimeric receptor (α/β chains) uses V regions and a
recombined CDR3 to determine peptide specificity, while CD3 and CD4/CD8 modulate signalling (Figure 1A).
Central tolerance—successive positive and negative selection and diversion into regulatory lineages—removes or
redirects strongly self-reactive thymocytes and thereby limits peripheral export of high-affinity autoreactive clones
(Figure 1B) [42]. When central tolerance fails, self-reactive clones survive, clonally expand, show skewed V/J usage
and reduced diversity; peripheral inflammation and homeostatic defects further select and maintain these pathogenic
expansions, cumulatively fostering autoimmune-prone repertoires [22,40,43,44].
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Figure 1. TCR architecture and thymic central tolerance mechanisms. (A) Structural features of the T cell receptor
(TCR): α and β chains each have variable (V) and constant (C) regions, with CDR3 formed by V-(D)-J recombination
determining antigen specificity. TCR V regions bind antigen-MHC complexes on antigen-presenting cells (APCs),
while CD3 transduces activation signals and CD4/CD8 co-receptors enhance T cell activation. (B) Thymic central
tolerance enforces self-tolerance by deleting self-reactive T cells via positive and negative selection or promoting
their differentiation into regulatory T cells (Tregs), preventing autoreactive cells from entering peripheral circulation.

2.2. Autoimmunity Mechanism I: Central Tolerance Failure and Defective Thymic Selection

mTECs present tissue-restricted antigens (TRAs), many induced stochastically by AIRE interacting
with chromatin and elongation machinery, enabling negative selection or Treg diversion that preserves
tolerance [45–49]. Mutations in AIRE, FOXP3 or NF-κB components disrupt these outcomes, permitting survival
of self-reactive thymocytes [50]. Defective selection yields patient repertoires with biased V–J usage and shortened
CDR3s—contracted diversity that spares pathogenic specificities [40, 51]. Escaped clones undergo peripheral
expansion after triggers (molecular mimicry, infection, inflammation), producing oligoclonality and dominance by a
few clones (Figure 2A); experimental studies link impAIREd mTEC presentation, reduced AIRE or IKKα mutations
to inefficient deletion and constrained, pathogenic peripheral repertoires [52–54].

Figure 2. Tolerance failure and peripheral clonal expansion. (A) Central tolerance failure due to defective negative
selection in the thymus. Mutations in regulators like AIRE, FOXP3, and NF-κB2 impair mTEC function, reducing
self-antigen presentation. This allows self-reactive thymocytes to escape deletion and exit the thymus, increasing
autoimmunity risk. (B) Clonal expansion and bias in the pathological TCR repertoire combined with impAIREd
peripheral tolerance. Treg dysfunction weakens the suppression of autoimmune T cells. Autoreactive T cells
stimulate autoantibody production, causing tissue damage and inflammation. Released self-antigens drive biased
T cell clonal expansion, sustaining a vicious cycle and promoting epitope spreading that worsens autoimmunity.
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2.3. Autoimmunity Mechanism II: Clonal Expansion and Bias in TCR Repertoires

Peripheral antigen encounter drives selective clonal proliferation and memory formation in health, but
in autoimmunity similar mechanisms expand self-reactive clones, producing oligoclonal repertoires with
overrepresented TRBV families and recurrent CDR3 motifs; many expanded specificities are “public,” shared across
individuals [40,44,55,56] (Figure 2B). Empirical examples include TRBV13-2–biased memory CD4+ expansion
in diabetic mice and a few high-frequency autoreactive CD4+ clones driving arthritis [57, 58], observations
consistent with impAIREd thymic selection enabling peripheral antigen-driven oligoclonality [59]. Loss of Treg
control (FOXP3 defects or inflammatory impairment) permits unchecked expansion, tissue damage and antigen
release, forming a self-sustaining loop; epitope spreading recruits new clonotypes, further narrowing diversity and
worsening organ-specific disease [51,56–58,60].

2.4. Autoimmunity Mechanism III: Peripheral Tolerance Failure and Regulatory T Cell Dysfunction

Peripheral tolerance via Tregs (contact-dependent suppression and IL-10, TGF-β, IL-35) normally restrains
autoreactive activation; quantitative or qualitative Treg defects—FOXP3 mutations, chronic inflammation or other
perturbations—erode suppression and permit pathogenic effector expansion and tissue injury [22, 42, 60, 61].
Clinical and experimental data link FOXP3 abnormalities and reduced suppressive factor secretion to unchecked
autoreactivity, where even modest Treg potency losses enable excessive self-reactive responses [62–64]. The
resulting autoreactive T cell–B cell interactions generate autoantibodies that amplify inflammation, antigen release
and further repertoire entrenchment [40,44].

2.5. Autoimmunity Mechanism IV: Genetic Factors and HLA Influence

Genetic background strongly shapes maladaptive repertoires: HLA alleles alter peptide presentation and hence
selection and peripheral activation of autoreactive T cells, explaining HLA-associated autoimmune risk [50,51,65]
(Figure 3A). Non-HLA variants (e.g., PTPN22 R620W) modify signalling thresholds, lowering activation
requirements and facilitating expansion of low-affinity autoreactive clones [50,66,67]. Thus host genotype biases
both repertoire generation and selection dynamics, influencing autoimmune susceptibility [40].

Figure 3. Genetic and age-related influences on the autoimmune TCR repertoire. (A) HLA alleles modify peptide
presentation via MHC groove changes, promoting autoreactive T cell survival. Non-HLA genes (e.g., PTPN22) lower
activation thresholds, aiding autoreactive T cell expansion. (B) Aging causes thymic atrophy and fewer thymocytes,
reducing naı̈ve T cell output and TCR diversity. Autoreactive memory/effector T cells expand, driven by chronic
infections, promoting immune senescence and chronic inflammation.

2.6. Autoimmunity Mechanism V: Age-Related Changes and Immunosenescence in TCR Repertoires

Aging causes thymic involution, reduced naı̈ve export and contracted TCR diversity, increasing reliance on
peripheral homeostatic proliferation and expanding memory/effector clones with autoreactive potential [43,68,69].
Chronic infections (e.g., CMV) and persistent dominant clones further skew repertoires toward oligoclonality and
autoreactivity, compromising responses to new antigens and promoting “inflammaging” [41,53,70,71]. Within this
compressed repertoire, modest genetic or environmental insults more readily breach tolerance and sustain chronic
inflammation via dominant autoreactive clones [43].

These interconnected mechanisms collectively shape the autoimmune-prone TCR repertoire, as summarized in
Table 1.
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Table 1. Summary of mechanisms and factors contributing to TCR-mediated autoimmunity

Mechanism/Factor Description and Principle Key Findings and Supporting Evidence

Central tolerance
failure and

thymic defects

• Mutations (e.g., AIRE, FOXP3) impair
negative selection

• Thymic atrophy reduces deletion
efficiency

• Self-reactive T cells escape, narrowing
repertoire and increasing autoreactivity

• Agapiou et al. showed impAIREd mTEC self-peptide
expression reduces negative selection [52]

• Coder et al. found thymic atrophy lowers deletion of
high-affinity clones [53]

• Bainter et al. demonstrated IKKα mutation disrupts mTEC
development and nearly abolishes AIRE expression, enabling
escape of biased self-reactive T cells [54]

Clonal expansion and
repertoire bias

• Chronic self-antigen stimulation drives
oligoclonal expansion

• V/J gene usage bias observed
• Epitope spreading recruits new

autoreactive clones

• Marrero et al. observed biased TRBV usage and clonal
expansion in diabetic mice [57]

• Oh et al. reported dominant autoreactive clones expand in
arthritis models [58]

• Layzell et al. revealed thymic selection failure promotes
repeated peripheral proliferation, generating oligoclonal,
self-antigen biased TCR repertoires [59]

• Rojas et al. and Prinz et al. highlighted epitope spreading
broadens autoreactive clones [51,56]

Regulatory T cell
dysfunction and

peripheral
tolerance loss

• Treg deficiency or functional
impairment disrupts peripheral
tolerance

• Allows autoreactive T cell activation
and inflammation

• Heimli et al. found FOXP3 defects reduce Treg numbers and
function [62]

• Shokeen et al. linked reduced Treg cytokine secretion to
pathogenic T cell activation [63]

• Huang et al. emphasized slight Treg impairment fuels
excessive effector T cell responses [64]

Genetic factors and
HLA alleles

• Specific HLA alleles alter peptide
presentation favoring autoreactive T
cells

• Non-HLA genes (e.g., PTPN22)
modulate TCR signaling thresholds

• Bayley et al. showed HLA-DRB1 alleles bias antigen
presentation toward self-reactivity [65]

• Pratigya et al. found PTPN22 variant lowers activation
threshold, promoting autoreactive clones [67]

Age-related thymic
involution and

immunosenescence

• Thymic atrophy reduces naı̈ve T cell
output causing repertoire narrowing

• Memory autoreactive clones expand,
increasing autoimmunity risk

• Macaulay et al. observed thymic output decline narrows TCR
repertoire and increases self-reactivity [68]

• Coder et al. reported thymic microenvironment damage linked
to inflammation and autoreactive T cell increase [53]

• Müller et al. and Naumova et al. showed immunosenescence
reduces diversity and increases autoreactive clones [70,71]

3. Tcr Repertoire Alterations as Potential ML Features in Autoimmune Diseases

In autoimmune disorders, perturbations in antigen-driven selection and failures of immune regulation
manifest as characteristic alterations of the T cell receptor (TCR) repertoire: prominent clonal expansion, skewed
gene-segment usage and modified complementarity-determining region 3 (CDR3) architecture. The CDR3
loop—whose length and amino-acid composition determine most of the peptide–MHC contact surface—therefore
serves as a critical determinant of specificity and diversity, and is frequently interrogated when TCR features are
used as inputs for machine-learning classifiers [72,73]. Accumulating evidence documents consistent repertoire
perturbations across systemic lupus erythematosus (SLE), rheumatoid arthritis (RA), multiple sclerosis (MS)
and type 1 diabetes (T1D), alterations that have been leveraged as salient ML features in several diagnostic and
prognostic studies. The following sections synthesize the principal observations regarding diversity, gene segment
bias and CDR3 properties, and thereby set the stage for later examples of ML-based predictive modelling [72–75].

3.1. Systemic Lupus Erythematosus (SLE)

3.1.1. Diversity and Clonal Expansion

Work on SLE has repeatedly highlighted substantial clonal skewing within the TCR β-chain compartment.
Next-generation sequencing of the TCRβ CDR3 repertoire typically reveals a long tail of low-frequency clonotypes
together with a small number of markedly expanded clones that contribute disproportionately to the repertoire
composition [72]. Quantitative analyses using Shannon–Wiener and Simpson diversity indices indicate that, in
many cohorts, overall diversity is reduced and highly expanded clones occur at elevated frequencies—findings
interpreted as signatures of chronic antigenic stimulation and expansion of autoreactive T cells [76]. That said, the
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literature is not entirely uniform: Hou et al. report minimal net change in conventional diversity metrics in their SLE
cohort, a dissenting observation that highlights heterogeneity between studies and the influence of cohort selection,
sequencing depth and analytic choices [75].

3.1.2. Biased Gene Usage and Conserved Structural Features

Beyond clonality, biased usage of V, D and J gene segments is a recurrent theme in SLE repertoires. Large-scale
sequence surveys show that while the underlying mechanisms of V(D)J recombination and junctional insertion
remain operative, the relative frequencies of particular TRBV and TRBJ segments depart from control distributions
in disease, implying selection for certain germline-encoded scaffolds during autoreactive expansions [73, 76].
Hou et al. specifically noted over- or under-representation of defined TRBV segments, suggesting that particular
V genes may predispose to or facilitate expansion of autoreactive clonotypes. At the nucleotide level, insertion
biases—such as GC-rich insertions driven by terminal deoxynucleotidyl transferase (TdT)—appear preserved in
many datasets, indicating that recombinational processes remain partially constrained even when selection reshapes
the final repertoires [73].

3.1.3. Cdr3 Length Distribution

Alterations in CDR3 length in SLE have proven more contentious. A subset of studies reports a shift toward
shorter CDR3 amino-acid lengths among disease-associated clonotypes—Liu et al., for example, propose that
autoimmune TCRs in SLE show reduced long-insertion events in junctional regions, yielding comparatively shorter
CDR3s [44]. Conversely, several investigations (including Ye et al., Sui et al. and Hou et al.) found no meaningful
difference in median CDR3 length or in V–D and D–J insertion/deletion profiles when comparing SLE cases to
controls [75–77]. Taken together, SLE current data suggest that clonal expansion and V/J bias are more consistent
findings than CDR3 length shifts, though the discordant reports underscore the need for standardized cohort
definitions and uniform analytic pipelines to resolve remaining uncertainty.

3.2. Rheumatoid Arthritis (RA)

3.2.1. Repertoire Diversity and Clonality

A consistent finding in RA is contraction of the TCR repertoire, particularly within inflamed joints.
Garrido-Mesa et al. reported that diversity metrics—Shannon entropy and clonality measures among them—are
reduced in synovial fluid relative to pAIREd peripheral blood, with pronounced oligoclonal expansions indicative of
strong, local antigen-driven selection [78]. Larger AIRR-seq investigations by Aterido et al. refined this picture by
identifying disease-associated meta-clones (clusters of highly similar TCRs) whose frequencies correlate with
clinical serology such as rheumatoid factor (RF) and anti-citrullinated protein antibody (ACPA) status, supporting a
link between repertoire skewing and disease phenotype [79].

3.2.2. V/J Gene Segment Usage Bias

Multiple independent studies document departures from control distributions in V and J gene usage in RA.
Aterido et al. observed altered frequencies across dozens of V segments, multiple J segments and numerous
V–J pairings—effects that were most evident within particular T cell compartments [79]. Turcinov et al. further
detected enrichment of TRBV20-1 among CD4+ cells from ACPA-positive individuals, pointing to subset-specific
biases [80]. Zhang et al. reported significant variations in V(D)J combinations (for example, TRBV7-2, TRBV11-1,
TRBV13, TRBV15 and TRBJ2-3) in RA patients classified with kidney-deficiency syndromes, illustrating how
clinical subphenotypes may map onto distinct rearrangement patterns [81]. Although exact segment preferences
vary by cohort and method, the recurrent observation of over- and under-representation of particular germline
segments argues that biased gene rearrangement and selection are integral to RA immunopathology.

3.2.3. Cdr3 Physicochemical Properties

Alterations extend beyond gene usage to the physicochemical characteristics of the CDR3 loop, the principal
determinant of peptide contact. Early work showed that TCR clones modulated by TNF-inhibitor therapy
differ in biochemical traits—isoelectric point, hydrophobicity and amino-acid composition—within their CDR3s,
changes consistent with selective pressures imposed by antigenic targets or treatment-induced remodeling of the
repertoire [79]. On CDR3 length, Zhang et al. reported a relative shortening and an increased number of dominant
clonotypes in RA patients with kidney deficiency compared with healthy controls, a pattern that could reflect
convergent recombination and selection for shorter, functionally convergent loops [81]. Together, these observations
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suggest that both sequence composition and physicochemical properties of CDR3 contribute to antigen specificity
in RA.

3.2.4. Clonal Expansion Dynamics and Public TCR Sequences

Clonal expansions in RA are most apparent within the joint but frequently overlap with peripheral
compartments. Amoriello et al. documented substantial sharing of expanded clonotypes between synovial fluid and
blood, consistent with either recirculation of autoreactive clones or broad systemic exposure to joint antigens [82].
Public TCRs—identical or highly similar clonotypes observed across different patients—have been detected,
though private expansions remain more common. Dunlap et al. repeatedly identified shared clonotypes, implicating
common autoantigenic drivers (for example, citrullinated peptides or other joint-restricted epitopes) in convergent
T cell responses among RA patients [83].

3.2.5. T Cell Subset-Specific Repertoire Features

Finally, repertoire features in RA are subset-dependent. Amoriello et al. described peripheral helper T cells
(Tph), which promote intra-articular B cell activity, as carrying distinctive TCR signatures: pronounced clonal
expansions accompanied by expression of PDCD1 and other inhibitory markers, a phenotype consistent with
persistent antigen stimulation and exhaustion-like regulation [82]. By contrast, regulatory T cells (Tregs) in RA tend
to show weaker clonal dominance and different V/J usage patterns, consistent with a disturbed balance between
effector and regulatory compartments that likely contributes to unchecked autoreactivity [79].

3.3. Multiple Sclerosis (MS)

3.3.1. Diversity Metrics and Clonal Expansion

Unlike several autoimmune conditions that exhibit overt contraction of the TCR repertoire, MS cohort analyses
frequently report no clear reduction in overall diversity of sorted CD4+ and CD8+ populations despite the presence
of pronounced clonal expansions. Alves Sousa et al. observed greater TCRβ diversity in MS samples relative
to controls, a result subsequently noted by Hayashi, underscoring that bulk diversity measures can mask focused
oligoclonal responses [84,85]. More targeted investigations by Amoriello et al. demonstrated substantial clonal
expansions of CD8+ T cells within cerebrospinal fluid and lesional brain tissue, with some clonotypes shared
between compartments—evidence compatible with antigen-driven, compartment-specific selection processes that
contribute to local pathology [86]. Collectively, these observations argue that MS pathology is characterized less by
wholesale repertoire collapse and more by regionalized clonal dominance.

3.3.2. V/J Gene Usage Bias and TRBV/ TRBJ Preferences

High-resolution repertoire profiling in MS has revealed skewing of particular V-gene families. Several reports
document expansion of defined TRBV groups in lesion-infiltrating T cells, consistent with selective pressures
favoring particular rearrangements. Valkiers et al. provided evidence for biased TRBV/TRBJ recombination patterns
in CD8+ T cells, further supporting the model that antigenic selection sculpts TCR specificity in MS lesional
compartments [87].

3.3.3. Cdr3 Physicochemical Characteristics

Analyses focused on the CDR3 region report subtle but reproducible physicochemical biases. Massey et al.
described shifts in length distributions and amino-acid motif composition within CDR3 sequences, findings that
point toward repertoire tuning against specific autoantigens or viral peptides—notably Epstein–Barr virus (EBV)
candidate epitopes that have been implicated in MS pathogenesis [88]. Thus, while global diversity metrics may
remain near-normal, CDR3-level features reveal selection signals with likely functional relevance.

3.4. Type 1 Diabetes (T1D)

3.4.1. Reduced Diversity and Dominant Clonal Expansions

In contrast to MS, high-throughput TCR sequencing in T1D commonly shows a net reduction in repertoire
diversity relative to type 2 diabetes and non-diabetic controls. Tong et al. reported lower normalized Shannon entropy
values in T1D cohorts, reflecting repertoires dominated by a small number of highly expanded clonotypes—an
architecture consistent with antigen-driven selection and the presence of pathogenic, islet-targeting T cells [89].
The practical implication is that, although thousands of unique sequences are present, disease processes may be
driven by a restricted set of autoreactive clones.
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3.4.2. V/J Gene Usage and CDR3 Features

V and J segment usage in T1D shows considerable heterogeneity, yet certain recurrent patterns emerge. Patient
repertoires differ from healthy controls in TRBV/TRBJ composition, and distinctive CDR3 length and amino-acid
signatures have been reported. Eugster et al. found that GAD65-specific T cells display broad TRAV and TRBV
usage, with enrichment of TRBV5.1 among tetramer-positive cells—evidence that antigen specificity can arise
across diverse germline usages while still converging on functional CDR3 motifs [90]. These data suggest that
convergent sequence features, rather than single dominant germline usages, underpin autoreactivity in T1D.

3.4.3. Antigen-Driven Selection and Public TCRs

Longitudinal and chain-level analyses support antigen-driven selection in T1D. Eugster et al. reported
persistent, highly expanded clones, and while public (shared) TCRs are relatively uncommon in T1D compared
with some other autoimmune diseases, instances of chain-level convergence occur: identical TCR chains arise
pAIREd with variable partners across individuals, indicating recurrent recombination/selection events that produce
functionally analogous receptors [90]. Such partial convergence implies that common antigenic pressures can shape
similar solutions in different patients despite broad interindividual diversity.

Collectively, these disease-specific TCR repertoire alterations provide a rich set of quantifiable features that
can be leveraged for machine learning-based classification and monitoring of autoimmune conditions (Table 2).

Table 2. Summary of TCR repertoire alterations in autoimmune diseases

Conclusion Study and Findings

Systemic lupus erythematosus (SLE)

• Marked clonal expansion
• Biased TRBV/TRBJ gene usage
• Conserved G/C nucleotide insertions
• Controversial CDR3 length alteration
• Pathogenesis linked to clonal selection over

CDR3 length

• Attaf et al. reported clonal expansions [72]
• Sui et al. observed reduced diversity and clonal proliferation [76]
• Hou et al. identified biased gene usage and conserved

insertions [73,75]
• Liu et al. found shortened CDR3 length (minority view) [44]
• Ye et al., Sui et al., Hou et al. found no significant CDR3 length

change [75–77]

Rheumatoid arthritis (RA)

• Reduced diversity, especially synovial fluid
• Strong clonal expansions and antigen selection
• Marked V/J gene bias
• Altered CDR3 physicochemical features
• Shorter CDR3 in kidney deficiency subtype
• Expanded clones overlap joint and blood
• Public TCRs less frequent than private
• Distinct repertoires in Tph and Tregs

• Garrido-Mesa et al. showed reduced synovial diversity and
expansions [78]

• Aterido et al. discovered disease-specific meta-clones linked to
clinical markers [79]

• Turcinov et al. detected TRBV20-1 bias in CD4+ ACPA+ cells [80]
• Zhang et al. reported shortened CDR3 length in kidney deficiency

RA [81]
• Amoriello et al. found overlapping expanded clones in joint and

blood [82]
• Dunlap et al. identified shared public clonotypes [83]
• Amoriello et al. characterized Tph-specific TCR signatures [82]
• Aterido et al. observed weaker clonal dominance in Tregs [79]

Multiple sclerosis (MS)

• Overall diversity similar or slightly increased
• Significant clonal expansions in CNS
• Biased TRBV/TRBJ usage
• Altered CDR3 physicochemical traits
• Oligoclonal expansions target CNS/viral

antigens

• Alves Sousa et al. reported increased diversity [84]
• Amoriello et al. found clonal expansions in cerebrospinal fluid

and brain [86]
• Valkiers et al. observed biased V/J gene usage [87]
• Massey et al. reported CDR3 length and motif biases [88]

Type 1 diabetes (T1D)

• Reduced diversity dominated by few clones
• High V/J gene heterogeneity
• Distinctive CDR3 length and composition
• Low frequency public TCRs with chain-level

convergence

• Tong et al. showed reduced diversity and dominant clones [89]
• Eugster et al. described GAD65-specific TCR features and

convergence [90]
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3.5. Preliminary Small-Scale Case Study on Feature Extraction Methods for Alterations

To address ongoing uncertainties regarding potential TCR repertoire variations across autoimmune diseases,
we conducted this small exploratory case study as a methodological illustration alongside the main review. Detailed
methods are documented in the supplementary materials. This investigation should be regarded as a preliminary
case study focused on feature extraction methodology rather than a comprehensive empirical analysis. We utilized
publicly available datasets [44,74,91–93] and performed a standardized comparative analysis. Twenty samples
per group were randomly selected from multiple sclerosis, rheumatoid arthritis, systemic lupus erythematosus,
type 1 diabetes, and healthy controls, recognizing that this limited sample size of n = 20 per group constrains
statistical power and generalizability. We evaluated V and J segment usage frequencies alongside their Shannon
diversity indices, CDR3 amino acid length distributions with associated Shannon diversity metrics, and proportions
of conserved G/C nucleotide insertions in underlying DNA sequences. The objective was to generate a harmonized
perspective on repertoire features across distinct autoimmune diseases using consistent metrics.

3.5.1. Methods

Data Sources

Public TCR β repertoire datasets [44,74,91–93] were used for this exploratory analysis (downloaded from
the ImmuneAccess database). Twenty samples per group were randomly selected from multiple sclerosis (MS),
rheumatoid arthritis (RA), systemic lupus erythematosus (SLE), type 1 diabetes (T1D), and healthy control ckeck
(CK) groups, with the latter provided by Martinez et al. [93]. Data processing followed the original study pipelines
(see Supplementary Material for details).

Feature Extraction

The following features were extracted: V and J gene usage frequencies; Shannon diversity indices of V and J
usage; CDR3 amino acid length distributions and their Shannon diversity; and conserved G/C nucleotide insertion
proportions. Repertoires were downsampled to control for sequencing depth. Analyses were conducted per sample,
with group results reported as mean ± standard deviation.

Statistical Methodology

Comparisons between autoimmune disease groups and healthy controls were performed using two-tailed
Student’s t-tests. Statistical testing was conducted at the per-sample level, and the p-values reported in the text
reflect uncorrected significance testing. Group-level results are summarized as mean ± standard deviation.

3.5.2. Results

Analysis of V gene usage frequency suggested potential disease-associated skewing in data involved in this
case. For instance, TCRBV03 in MS, TCRBV04 in RA, TCRBV07 in both RA and SLE, TCRBV20 in T1D, and
TCRBV27 in SLE appeared overrepresented relative to healthy controls (all comparisons p < 0.005; t-test). While
these observations may be consistent with selective clonal expansion in particular disease contexts, the limited
sample size and the absence of multiple-comparison correction necessitate cautious interpretation, suggesting that
such findings should be regarded as exploratory rather than definitive. Shannon diversity based on V gene usage
was highest in controls (mean 2.8997) and lowest in MS (mean 2.8627), yielding the order CK > RA > T1D >

SLE > MS. Statistical testing indicated a modest reduction in MS relative to controls (p = 0.0227; t-test), whereas
RA, SLE, and T1D trended lower without reaching the conventional significance threshold (p = 0.8056, 0.2202,
0.5484; t-test, respectively) (Figure 4A, C). This limited re-analysis therefore points to a possible reduction in V
gene diversity in MS compared with controls, although prior studies have reported equal or even higher diversity.
Such discrepancies may reflect differences in sample selection and analytical approaches. Overall, based on the
limited sample analyzed, we observed a trend of modest contraction in V gene diversity, particularly in MS, but
emphasize that these results remain preliminary.

J gene usage patterns also suggested potential disease-linked biases: TCRBJ01-02 * 01 was enriched in
MS (p < 0.005; t-test), whereas TCRBJ02-01 * 01 and TCRBJ02-07 * 01 were elevated in RA, SLE, and T1D
versus controls (all p < 0.005; t-test). These findings may indicate selective J-segment utilization associated with
autoimmune states, though again larger cohorts and more rigorous statistical controls will be needed to confirm the
presence and significance of such trends (Figure 4B).
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Figure 4. Preliminary small-scale case study of TCR β repertoire features across autoimmune disease groups and
healthy control groups. (A) Comparative usage frequencies of TCR β V gene segments demonstrate V gene biases
in autoimmune diseases relative to controls. (B) Shannon diversity indices of V gene usage reveal reduced diversity
in autoimmune diseases, particularly in multiple sclerosis. (C) Comparative usage frequencies of TCR β J gene
segments show selective J gene biases associated with autoimmune diseases. (D) Average CDR3 length comparison
indicates marginal length increases in autoimmune diseases without reaching conventional statistical thresholds.
(E) Shannon diversity indices of CDR3 length reveal slight diversity decreases in multiple sclerosis and modest
increases in other autoimmune diseases.

CDR3 amino acid length distributions were broadly comparable across cohorts; autoimmune disease groups
exhibited slightly longer mean CDR3 lengths than controls, with MS showing the largest mean (14.703 ± 0.237)
versus controls (14.595 ± 0.182). These differences did not reach conventional statistical thresholds (all p > 0.05;
t-test), and variability measures were similar across groups (mean SD ≈ 1.85–1.88), suggesting limited influence of
autoimmune disease status on overall CDR3 length architecture (Figure 4D, supplementary Figure 1A).

Shannon indices derived from CDR3 length distributions displayed a small decrease in MS but modest
increases in other autoimmune diseases, reflecting heterogeneous influences of autoimmune pathology on length
diversity that may depend on individual-level factors (Figure 4F).

In summary, this multi-metric analysis provides an exploratory perspective on disease-associated remodeling of
the TCR β repertoire: V and J gene usage may exhibit biases in specific autoimmune diseases, most notably in MS,
whereas CDR3 length distributions and G/C insertion conservation appear largely stable in these datasets. These
findings suggest that standardized metrics can help highlight repertoire features potentially linked to disease, though
larger cohorts and more stringent statistical approaches will be important to refine and validate these observations.
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4. Machine Learning-Based Prediction Using TCR Repertoires and Databases

4.1. Tcr Databases and Repertoire Contents

T-cell receptor (TCR) databases are indispensable for both experimental immunology and computational
modelling efforts; they underpin studies of autoimmune pathology and serve as training/validation sources for
machine learning approaches. The principal public resources in current use include IEDB, VDJdb, McPAS-TCR,
AIRR and iReceptor. For example, IEDB provides an extensive compendium of experimentally validated immune
epitopes and associated binding data that researchers routinely exploit for epitope prediction and immune monitoring
tasks [94]. VDJdb curates TCR sequences linked to known antigens, reporting CDR3 sequences together with V/J
annotations—information that is particularly useful when constructing supervised classifiers or motif discovery
pipelines [95]. McPAS-TCR collects disease-associated TCRs and annotated epitopes, making it well suited to
investigations of infection- and autoimmunity-related repertoires [96]. In addition, AIRR and iReceptor act as
community platforms for standardized sharing and large-scale integration of immune receptor sequencing data,
thereby enabling cross-cohort mining and reproducible repertoire analyses [97,98].

Typical TCR repertoire records contain multiple layers of information: the amino-acid sequence of the CDR3
region (the principal determinant of antigen contact), V, D (for the β chain), and J gene assignments, chain identity
(α, β, γ, δ), clone abundance or frequency, and metadata such as donor disease status or tissue of origin. Because
CDR3 mediates antigen recognition, it is the primary focus in most sequence-based studies, while V(D)J usage
patterns provide complementary signals about recombinational biases and potential publicities. Clone frequency
reports reveal expansion dynamics and immune activation. Several databases additionally offer experimentally
validated TCR–epitope pairings and functional annotations, which help to connect sequence patterns with biological
roles and disease associations. High-quality sequencing accompanied by rich, standardized metadata (sample
provenance, sequencing depth, quality metrics) is therefore essential for downstream bioinformatics and for training
robust machine learning models.

The standardized frameworks offered by these databases facilitate systematic analysis of immune repertoire
features across different disease contexts and experimental conditions (Tables 3 and 4).

Table 3. Summary of TCR and Epitope Related Databases

Database Name Data Format Brief Description Significances and Applications

IEDB [94]

Epitope data: Extensive
curated experimental data.

Contains millions of entries.
Data type: Experimentally

validated T cell and
B cell epitopes.

A comprehensive resource for
antibody and T cell epitopes.
Covers infectious diseases,

allergies, autoimmunity, and
transplantation. Provides

prediction and analysis tools.

The primary repository for epitope
data. Essential for epitope

discovery and vaccine design.
Useful for studying immune

responses. Includes integrated
prediction tools.

VDJdb [95]

TCR–epitope pairs: Curated
TCR sequences with known
antigen specificity. Most are
single-chain records. Data

type: High-confidence,
manually curated pairs.

Focuses on TCR sequences
paired with epitopes and

MHC molecules. Includes
CDR3 sequences and V/J

gene usage.

Designed for studying
TCR–antigen interactions.

High-quality data for training
TCR specificity models. Suitable
for machine learning applications.

McPAS-TCR
[96]

TCR–disease associations:
TCR sequences linked to

specific diseases. Data type:
Manually curated from

published literature.

Contains TCR sequences
associated with pathological

conditions. Includes
infectious diseases,

autoimmune disorders,
and cancer.

Valuable for immunopathology
research. Enables exploration of

TCR repertoires in disease
contexts. Helps identify public

TCRs in infections like
COVID-19.

AIRR
Community [97]

Standardized RepSeq data:
Framework for sharing

immune receptor data. Data
type: Raw and processed data

from numerous studies.

An international community
establishing data standards.
Focuses on TCR and BCR
repertoire sequencing data.

Promotes data reproducibility and
open access. Standardized format
enables large-scale meta-analyses.

Facilitates comparisons across
labs and projects.

iReceptor [98]

Integrated RepSeq data:
Gateway federating multiple
AIRR-compliant repositories.

Data type: Unified query
interface for large-scale data.

Integrates millions of
TCR/BCR sequences from

distributed sources. Provides a
unified search interface.

Enables cross-database queries
and large-scale mining. Users can

search without downloading
individual datasets. Accelerates

scientific discovery.
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Table 4. TCR repertoire feature categories

Content Category Description

CDR3 sequence
The complementarity-determining region 3 amino acid sequence, critical for

antigen specificity
V gene Variable gene segment involved in recombination
D gene Diversity gene segment (β chain only)
J gene Joining gene segment

Chain type α (TRA), β (TRB), or other chains (γ , δ)
Clone frequency Abundance or frequency of specific TCR clones in the sample
Sample source Donor information (disease status, tissue origin, time point)

Pairing information α-β chain pairing where available
Antigen epitope information Recognized antigen peptide sequences or epitopes (experimentally validated)

Functional annotation Immune phenotype, cell type, disease relevance
Sequencing quality metrics Read length, depth, error rate

4.2. Tcr-Based Diagnosis of Autoimmune Disease States

Using repertoire data to classify disease versus health is an active area of research. Broadly speaking, models
fall into two families depending on input design: those driven by gene-level features (V/J usage, V–J pairing) and
those built on CDR3 sequence or physicochemical representations.

4.2.1. Gene Feature-Driven Diagnostic Models

Several groups have demonstrated that gene-level patterns can provide discriminative signals for autoimmune
phenotypes. Liu et al. analyzed TCRβ repertoires from a large cohort—877 SLE patients, 206 RA patients, and
439 healthy controls—and trained a random forest classifier leveraging V and J gene usage together with V–J
pairing frequencies. Their pipeline identified 198 SLE-specific and 53 RA-specific clones and reported very high
sensitivity and specificity under their evaluation framework, underscoring the potential of high-dimensional gene
features for clinical discrimination [44]. While these findings are encouraging, they were derived from a single
large cohort under particular technical settings, and further confirmation in independent datasets would be valuable.

Ye et al. constructed a peripheral blood repertoire from 10 lupus nephritis patients and 10 controls, then trained
a random forest on V–J frequency features to create TCR-LupusDetect. The model combined diversity indices
with specific V–J motifs and attained a cross-validated AUC of 0.89, illustrating the feasibility of non-invasive
blood-based repertoire diagnostics in LN [77].

By contrast, Dibble et al. evaluated TCR diversity across 160 samples from the UK ME/CFS biobank
(including ME/CFS cases, MS disease controls and healthy donors) using a potential SVM (P-SVM) on CDR3
and full VDJ rearrangement features. Their findings underscore practical limitations: despite encouraging in silico
performance, clinical sample classification was not significant, highlighting current limitations in sample size,
cohort heterogeneity and technical variability [99].

Taken together, these studies emphasize both the promise of gene feature models and the need for rigorous
validation across larger, better-annotated cohorts before translation to clinical assays (Table 5).

Table 5. Gene feature-based diagnostic models summary

Reference Date
Dataset

(Pts/CKs)
Base

Model
Summary Description

Liu [44] 2019
SLE 877, RA
206, CK 439

Random
Forest

V/J gene usage and pairing features; achieved 100% sensitivity and
specificity for SLE/RA diagnosis, identifying disease-specific clones.

Ye [77] 2020 LN 10, CK 10
Random
Forest

Utilized V-J gene frequencies and diversity indices; AUC 0.89 for
lupus nephritis detection from blood samples.

Dibble [99] 2024
ME/CFS 160,

MS, CK
P-SVM

Used CDR3 sequences and V-D-J rearrangements; found no
significant classification power for ME/CFS/MS, highlighting

sample and technical limitations.
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4.2.2. Cdr3 Sequence and Physicochemical Feature-Based Diagnostic Models

A second class of methods encodes the CDR3 amino-acid sequence and derived physicochemical descriptors
for classification. Fowler et al. developed GlutenDetect by leveraging known gluten-specific TCRα and TCRβ
sequences and frequency thresholds; trained on intestinal CD4+ repertoires (20 celiac patients under gluten and
gluten-free diets plus controls) and tested on an independent set, the model reached perfect accuracy on training and
80% on the held-out set—an encouraging result given the absence of an oral gluten challenge [100].

Ma et al. studied 662 newly diagnosed pediatric ITP patients and applied classical ML algorithms (logistic
regression, SVM, random forest, XGBoost) to predict chronicity. Their XGBoost-ITP predictor combined
immunological measures (Th17/Treg ratios, TCRγδ+ counts) with demographic features and achieved an
AUROC of 0.85 and 80% accuracy on test data, demonstrating the benefit of integrating repertoire signals with
immunophenotyping [101].

Shen et al. reported DeepTAPE, a convolutional neural network long short term memory hybrid architecture
with residual connections trained on TCRα CDR3 sequences and V gene frequencies from 877 systemic lupus
erythematosus patients and 439 controls. They derived an Autoimmune Risk Score as the mean of sequence level risk
estimates. Cross validated performance metrics included an area under the curve (AUC) of 97.99% and accuracy of
93.97%. The Autoimmune Risk Score demonstrated correlation with clinical activity measures, suggesting potential
diagnostic and prognostic utility. It should be noted that these performance metrics were obtained from internal
cross validation within the original dataset. When evaluated on an independent external dataset from a different
source than the ImmuneAccess database, the model showed some generalization capacity for juvenile idiopathic
arthritis and autoimmune arthritis, though with reduced AUC values of up to 82.67% and 90.33%, respectively. This
performance decline in external validation highlights a limitation regarding generalizability beyond the original
cohort and underscores the need for further validation in diverse populations [102].

He et al. proposed SLEpitopeNet, a hybrid CNN + BiLSTM architecture with a scaled dot-product attention
fusion layer. Using 4456 SLE-related epitopes (1116 positives, 3340 negatives), they encoded amino-acid
composition, dipeptide composition and spectrum descriptors and computed attention weights as

A = softmax

(
HLSTM Wq

(
HCNN Wk

)T
√
dk

)

where HLSTM and HCNN are the BiLSTM and CNN feature matrices, Wq,Wk are learned projections, and
√
dk is

the scaling dimension. The model attained ROC-AUC 0.9506 and F1 0.8333, outperforming several comparator
methods by combining local pattern recognition with long-range contextual modelling [103].

Rawat et al. evaluated T1D-associated repertoires across 2250 peripheral blood samples (patients, relatives,
controls) and applied DeepRC, a CNN within a multiple-instance learning framework that extracts positional
amino-acid frequency features from CDR3β sequences. DeepRC reached AUC 0.77 and balanced accuracy 72.9%,
exceeding k-mer logistic regression and public-clone frequency baselines and demonstrating automated motif
discovery with interpretable outputs [104].

Yang et al. presented AutoY, a convolutional neural network, and LSTMY, an attention-enhanced bidirectional
long short-term memory network, trained on Adaptive Biotechnologies repertoire data encompassing rheumatoid
arthritis, type 1 diabetes, multiple sclerosis, and insulin autoantibody positivity. The prediction was formulated
within a multiple instance learning framework defined by

Y̌ = P (Y = 1 | {M1, . . . ,Mk}) = σ′
(
WL′T[ỹ1, . . . , ỹk]

T + bL
′
)
,

where Mk denotes the k-th TCR feature matrix, P (Y = 1 | {M1, . . . ,Mk}) represents the probability of
autoimmune disease for the library, σ′(x) is a sigmoid activation function, and WL′ ∈ Rk and bL

′ ∈ R are
the weight matrix and bias term, respectively. The AutoY model demonstrated notably high discriminatory
performance for type 1 diabetes and multiple sclerosis, with AUC values of 0.9991 and 0.9961, respectively,
and exhibited greater stability compared to LSTMY. These results suggest that integrating local and long-range
sequence representations could be beneficial for non-invasive autoimmune diagnostics [35]. However, it should
be noted that these exceptional performance metrics were obtained from internal validation within the original
dataset. The study did not include external validation on completely independent cohorts from different sources or
technical platforms, which represents a limitation regarding the assessment of model generalizability. Near-perfect
classification performance is uncommon in biological prediction tasks and may indicate that the model is leveraging
training-set-specific signals rather than more generalizable disease-associated features [105]. Therefore, additional
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validation in independent and clinically diverse populations would be valuable to confirm the robustness and broader
applicability of these findings (Table 6).

Table 6. Summary of diagnostic models based on CDR3 sequence and physicochemical features

Reference Year Dataset Model
Key Characteristics, Performance

and Limitations

Fowler et al. [100] 2023
Celiac 21,

HC 14
Interpretable ML

100% training, 80% test accuracy; limited
by small sample size and absence of

gluten challenge.

Ma et al. [101] 2023 ITP 662 XGBoost
AUROC 0.85, 80% accuracy; single-center

data may limit generalizability.

Shen et al. [102] 2024
SLE 877,
HC 439

CNN+LSTM+Residual
AUC 97.99%, accuracy 93.97%; external
validation showed reduced performance

(AUC 82.67–90.33%).

Rawat et al. [104] 2024 T1D 2250 CNN, MIL
AUC 0.77, balanced accuracy 72.9%;

moderate performance may reflect disease
heterogeneity.

He et al. [103] 2025
SLE epitopes

4456
CNN+BiLSTM+Attention

ROC-AUC 0.9506, F1 0.8333;
epitope-based approach requires further

clinical validation.

Yang et al. [35] 2025
RA, T1D,
MS, IAA

CNN & Attention-BiLSTM
AUC 0.9991 (T1D), 0.9961 (MS);
exceptional performance requires

independent cohort validation.

In conclusion, when evaluating the comparative performance of immune receptor-based machine learning
approaches for autoimmune disease diagnosis, several methodological considerations warrant careful attention.
Direct performance comparisons across studies remain challenging due to fundamental differences in dataset
compositions, technical platforms, and evaluation frameworks. The limited number of directly comparable studies
employing standardized evaluation frameworks, particularly before 2020, restricts definitive conclusions. Within
this constrained analytical landscape, the BCR-based classifier developed by Ostmeyer et al. in 2017 [106], while
not TCR-based, provides a useful reference point for multiple sclerosis diagnosis, achieving 87% leave-one-out
cross-validation accuracy and 72% validation accuracy on independent data. This intermediate performance
level may be contextualized against the more recent TCR-based deep learning approach by Yang et al. [35],
It reported an AUC of 0.9961 for multiple sclerosis. Similarly, for systemic lupus erythematosus, the gene
feature-driven methodology proposed by Liu et al. in 2019 [44] can be compared with the CDR3-based approach
of Shen et al. [102]. with the latter appearing to demonstrate enhanced diagnostic capability. The progression
from earlier methods to contemporary TCR-based deep learning approaches suggests a general trend toward
improved diagnostic performance over time. However, the specialized nature of immune receptor-based machine
learning for autoimmune diagnostics, combined with the relatively small number of high-quality comparable
studies, necessitates cautious interpretation of these observations. The field would benefit from additional rigorously
validated studies to establish more definitive performance benchmarks across different autoimmune conditions and
methodological approaches.

4.3. Immune Epitope Binding Prediction Models

Predicting TCR–epitope binding remains a central challenge and a rapidly progressing subfield. Rajitha
Rajeshwar T. et al. constructed TCR-H, an SVM-based predictor trained on an assembled set of 107,000 positive
and 147,000 negative TCR–epitope pairs drawn from IEDB, VDJdb and McPAS-TCR. By using full-sequence
physicochemical encodings of both CDR3β and peptide sequences and relying on experimentally validated negatives,
their model yielded AUC-ROC values in the 0.87–0.92 range under hard-split evaluations (unseen epitopes and
TCRs), and exhibited advantages over ensemble tree methods in interpretability and negative-sample handling [107].

Weber et al. profiled TCRβ repertoires from 73 giant cell arteritis patients and 69 age-matched controls,
applying the tcrdist3 metric and a K-nearest neighbor classifier to nominate 1526 GCA-associated sequences; their
TITAN framework further encodes TCR and epitope sequences with dual-modality attention and fuses them via
structured attention where
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αi =
exp(ui)∑T
j=1 exp(uj)

, where u⃗ = tanh(X1W1 +W3(X2W2))v⃗.

Here, X1 and X2 are convolutional features and W1,W2,W3, v⃗ are learnable parameters. TITAN
demonstrated improved generalization and interpretability through attention visualization, enhancing autoimmune
epitope recognition performance [69].

Darmawan et al. developed MITNet and MITNet-Fusion, Transformer plus CNN hybrids, trained on public
repositories (IEDB, VDJdb, McPAS) and benchmarked on dominant epitopes such as GILGFVFTL, GLCTLVAML
and NLVPMVATV. By combining AAC, DIP, SPC and composite descriptors (AADIP), MITNet-Fusion achieved
an AUC up to 0.87 for those epitopes, outperforming prior methods by capturing both local motifs and long-range
dependencies [108].

Wang et al. introduced TPepRet, a BiGRU + RetNet hybrid that augments positional encoding with a decay
matrix D and computes retention as

Sn = γSn−1 +KT
n Vn, Retention(X) = (QKT ⊙D)V,

training on over 83,000 positives from public databases. TPepRet emphasizes physicochemical encodings of
CDR3β residues and outputs binding probabilities via a sigmoid; it reports AUC 0.87 on known peptides and
displays favorable generalization and robustness [109].

Overall, the field has moved from simple motif or k-mer methods toward architectures that blend local pattern
detection with global sequence context and attention mechanisms; these hybrids tend to show better generalization
to unseen TCR–epitope pairs while also offering interpretable elements that can be mapped back to biologically
meaningful motifs (Table 7).

Table 7. Summary of TCR-epitope binding prediction models

Reference Date Dataset (Pts/CKs) Base Model Key Contributions and Findings

Weber et al. [69] 2023 GCA 73, CK 69 KNN + Attention

Employs dual attention mechanism and
transfer learning for autoimmune

epitope recognition, demonstrating high
accuracy on unseen data.

Darmawan et al. [108] 2023
IEDB, VDJdb,

McPAS epitopes
Transformer + CNN

Combines AAC, DIP, and SPC features
to capture long-range and local motifs,

achieving peak AUC 0.87 in
epitope prediction.

Demerdash et al. [107] 2024
107k pos, 147k neg
TCR-epitope pairs

SVM

Uses full-sequence physicochemical
features with validated negatives,

achieving AUC 0.87–0.92 and
providing interpretable predictions.

Wang et al. [109] 2025
83k positive

TCR-peptide pairs
BiGRU + RetNet LLM

Utilizes physicochemical CDR3β
encoding with decay matrix for

positional information, achieving AUC
0.87 in binding prediction.

5. Future Perspectives and Discussion

The convergence of T-cell receptor (TCR) repertoire analysis with advanced machine learning techniques
offers a promising direction for advancing research, diagnosis, and treatment of autoimmune diseases. As our
understanding of TCR diversity, clonal expansion, and antigen-specific immune mechanisms deepens, these insights
hold significant promise for translation into precision immunomedicine. Recent advances in strategic reasoning
frameworks, particularly game theory-inspired approaches like the Game-Theoretic Artificial Intelligence (GTAI)
framework proposed by Guo and Wu [110], provide novel methodologies for translating complex biological insights
into actionable clinical strategies. The GTAI framework formalizes strategic reasoning through four iterative
phases—observation and diagnosis, treatment planning, execution, and outcome evaluation—offering a structured
approach for navigating the complex decision landscapes in autoimmune disease management. While these strategic
frameworks show particular relevance for TCR-based diagnostic and therapeutic strategies, their application to
autoimmune diseases remains largely conceptual and requires empirical validation to establish practical utility.
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Moving forward, research must systematically integrate longitudinal multi-omics datasets—including
genomics, transcriptomics, proteomics, and epigenomics—to enable a comprehensive, temporal dissection
of immune dysregulation and TCR repertoire dynamics, thereby elucidating critical immunoregulatory nodes
throughout disease progression [111]. In practice, this means designing studies with repeated sampling, standardized
processing pipelines and harmonized metadata so that temporal trajectories, rather than static snapshots, drive
model development and mechanistic inference.

5.1. Advances and Challenges in Machine Learning for TCR Analysis

Machine learning has demonstrated tremendous potential in analyzing TCR data; however, existing models
still face notable challenges in terms of generalizability, interpretability, and clinical translation [112,113]. In this
regard, the establishment of large-scale, high-quality, cross-disease standardized TCR databases is foundational,
as it facilitates the unification of model training and validation protocols, thereby accelerating the deployment of
ML applications [114]. Equally important are transparent benchmarking practices and the routine reporting of
cohort composition, preprocessing steps and evaluation splits—details that materially affect reproducibility but are
often under-reported.

One particularly important frontier lies in developing interpretable and generalizable ML models capable of
parsing the high-dimensional complexity inherent in TCR sequences. Advances in explainable artificial intelligence
(XAI) are crucial for identifying biologically meaningful autoreactive features embedded within CDR3 motifs
and V(D)J gene usage biases [115,116]. Such interpretability not only enhances clinician trust and adoption but
also fosters the discovery of novel pathogenic mechanisms, thus informing targeted immunomodulatory strategies.
For example, SHAP (Shapley Additive Explanations), though not originally applied to autoimmune diseases, has
contributed significantly to predictive and therapeutic approaches in immune-related disorders. Tan et al. utilized
explainable ML models (e.g., XGBoost) on single-cell data to predict tumor-reactive TCRs in TCR-T cell therapy,
markedly improving prediction accuracy (e.g., the geometric mean of the predicTCR tool increased from 0.38 to
0.74) [117]. Similarly, Sun et al. applied SHAP analysis in gastrointestinal cancers to identify key genes such
as CXCL13, constructing a high-accuracy (AUC = 0.99) neoantigen T cell recognition model and revealing its
differentiation mechanisms [118]. It is anticipated that such approaches will extend beyond oncology to autoimmune
disease prediction, whereby attributing model predictions to specific physicochemical features of CDR3 or gene
usage patterns can begin to decode the “black-box” nature of these models and yield biological insights into
determinants of self-reactivity. This interpretability is indispensable not only for refining predictive algorithms but
also for translating findings into biologically meaningful insights that guide therapeutic interventions. In short,
interpretability is both a scientific goal and a prerequisite for clinical uptake.

Moreover, the accurate and large-scale capture of pAIREd TCR α and β chains remains a technical bottleneck.
The future implementation of stable and efficient chain pairing recognition through high-throughput single-cell
sequencing technologies will generate richer datasets, thereby facilitating the development of models that more
faithfully reflect TCR antigen recognition specificity [1]. In conjunction with improved epitope mapping and
structural biology modeling, these advances will drive precise prediction of TCR–epitope binding affinities, opening
new avenues for personalized vaccine design and TCR engineering therapies [119–121]. Practically speaking,
researchers should prioritise experimental designs that preserve pairing information and report pairing recovery
rates, so that downstream model limitations are transparent and interpretable.

5.2. Data Leakage and Overfitting in TCR Repertoire Analysis

TCR repertoire analysis faces significant methodological challenges concerning data leakage and overfitting,
particularly when sequence sharing occurs between training and test sets from subjects with public TCR
clones. Investigations such as those by Yang et al., who developed AutoY and LSTMY models using Adaptive
Biotechnologies repertoire data [35], and Shen et al., who created the DeepTAPE architecture [102], have reported
exceptionally high performance metrics. However, these outcomes typically derive from internal validation within
the original datasets, while their performance declines on external datasets. The observed AUC values approaching
1.0 in certain cases may reflect specific characteristics of the training data and could indicate susceptibility to
overfitting. Related repertoire-classification studies have similarly noted that models can show strong in-dataset
performance yet degrade under distribution shifts, consistent with limited cross-cohort generalizability [122,123].
Performance degradation during external validation highlights limitations in model generalizability beyond the
original cohorts.
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This phenomenon may be attributed to methodological and material similarities when testing data originates
from the same source. Although positive and negative samples maintain correct labeling, they might share common
clones and characteristics, potentially leading to inflated performance estimates during model evaluation. This
scenario could provide an unfair advantage as models encounter familiar patterns during testing. While researchers
typically employ external independent test sets honestly, which reveal performance declines on unfamiliar data, users
should interpret these apparently elevated metrics obtained from internal data-based evaluations with considerable
caution. These observations emphasize the necessity for additional validation across diverse populations and the
implementation of rigorous data partitioning strategies that account for public clonotypes to prevent artificially
enhanced performance assessments.

The development of unified, large-scale databases with consistent formatting represents another critical
consideration. Ensuring that real-world clinical data maintain format consistency with training and testing datasets
could help mitigate potential advantages models might possess on their original training data. Utilizing databases
with uniform sources and formats during both model development and application might reduce discrepancies,
though models may still demonstrate reduced adaptability to novel data compared to their performance on familiar
training sets. The absence of standardized benchmarks and consistent data formats across different studies
complicates fair comparisons between methodological approaches. Consequently, direct comparisons of AUC
values without accounting for variations in dataset usage, preprocessing pipelines, and validation schemes risk
misinterpretation. Establishing unified, large-scale databases with consistent formatting appears crucial for enabling
robust benchmarking and promoting reproducible research within this field.

5.3. Integrative Multi-Modal Modeling and Genetic Context

Another highly promising direction is the integration of patient-specific genetic background information into
predictive models, with particular emphasis on HLA polymorphisms and non-HLA immune regulatory gene variants.
Such integrative strategies will enable ML models to capture the influence of host immunogenetic context on
shaping the TCR repertoire, thereby enhancing the accuracy of disease risk assessment and therapeutic response
prediction [124]. Combining these genomic layers with transcriptomic readouts and proteomic measures can resolve
whether observed repertoire shifts reflect intrinsic selection pressures or transient activation states. Furthermore,
combining these data with environmental and lifestyle factors could substantially improve model performance and
facilitate early interventions based on the individual’s comprehensive immune landscape.

From a clinical standpoint, TCR repertoire–based diagnostic and prognostic models exhibit great potential as
non-invasive tools for early screening and personalized treatment of autoimmune diseases [125]. Strengthening
interdisciplinary collaborations that integrate clinical phenotyping, imaging, and immune functional assays will
further accelerate the construction of multimodal, fused diagnostic systems [126]. Additionally, TCR repertoire
analyses not only serve diagnostic purposes but also inform the development of TCR-T cell therapies by precisely
targeting pathogenic clones to enable personalized immunomodulation. Given the complexity of immune networks,
translating TCR repertoire research findings into effective clinical interventions remains a continuous challenge,
necessitating further exploration and clinical validation [127,128]. Concurrently, developing cost-effective and
widely accessible sequencing platforms is critical for broad clinical adoption of these models; without attention to
affordability and scalability, even the most accurate models will struggle to achieve real-world impact.

5.4. Critical Synthesis: Framework, Taxonomy and Theoretical Bottlenecks

We previously reviewed characteristic features of TCR repertoires across autoimmune diseases and a range of
machine learning approaches that make use of those features [35,44,77,99–104]. To translate dispersed empirical
findings into an actionable research agenda, we propose a pragmatic framework that maps common TCR feature
categories to appropriate machine learning model families and identifies attendant theoretical bottlenecks and
priority directions for investigation. The framework is arranged along a first dimension of data granularity: static
sequence features CDR3 sequences, k-mers and physicochemical descriptors; gene level features V/D/J usage and
pairing; repertoire level quantitative features clone frequencies and Shannon/Simpson diversity; and clinical and
genetic context HLA, phenotype labels and longitudinal information [72,73,75,76,86–90]. The second dimension
groups algorithms by modelling capability: sequence pattern models CNN and Transformer, sample level multiple
instance models MIL and DeepRC, similarity and graph based approaches tcrdist and GNN, and multimodal
fusion models that incorporate genetic and phenotypic covariates [69,104]. From this mapping a set of practical
observations emerges. When the objective is detection of short sequence motifs or local patterns, convolutional
filters or Transformer architectures tend to perform better than shallow models that rely largely on V and J frequency
features [102, 103]. When labels are available only at the sample level rather than the sequence level, multiple
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instance learning and pooling strategies exemplified by DeepRC and MIL are generally more appropriate [69,104].
When paired alpha beta chain or single cell data are available, joint modelling via paired chain multimodal networks
appears likely to improve TCR epitope prediction accuracy [125–128].

Despite the pragmatic guidance afforded by this mapping, several theoretical and practical constraints persist.
Principal challenges include scarce chain pairing and epitope annotation that induce weak label regimes and hinder
out of distribution generalization, sample imbalance and database biases across studies populations and technologies
that constrain cross cohort reproducibility, limited model interpretability that complicates biological validation and
a weak structural linkage between motifs inferred by deep networks and actual MHC binding sites, and insufficient
formal modelling of longitudinal trajectories and immune dynamics [129–132] (Figure 5). To mitigate these
constraints we propose a staged research roadmap. Short term priorities should emphasize creation of public paired
chain and epitope annotated benchmark datasets together with standardized evaluation protocols. Medium term
efforts should advance multimodal joint learning that incorporates HLA, transcriptomic and clinical covariates.
Long term priorities include development of interpretable hybrid models that combine structural modelling with data
driven attention constraints to better connect sequence patterns and molecular interaction mechanisms. Collectively
this taxonomy and the enumerated bottlenecks provide evidence based guidance for method selection and indicate
data priorities for funders and database curators [130,131].

Figure 5. Overview of feature types, modeling approaches, results and challenges for repertoire-based TCR analysis.
Left: feature types (sequence, repertoire-level and clinical/genetic). Middle: modeling approaches (sequence-pattern,
MIL/sample-level, similarity/graph-based, multimodal). Right: results (diagnosis/risk scoring, epitope binding,
interpretability). Bottom: key challenges.

5.5. Ethical Considerations and Data Governance

Immune-repertoire sequencing and ML-driven diagnostics pose heightened privacy risks because repertoires
can reveal genetic predispositions, immune status, and exposure history. Robust data protection — including
strong anonymization, encryption, documented de-identification and threat models — is essential across collection,
storage and analysis. Clear governance policies on data access, provenance and usage rights are needed to
ensure transparency and accountability. Privacy-preserving computational methods (e.g., federated learning, secure
multi-party computation) can enable collaborative model building without raw data sharing, but require interoperable
infrastructure and legal agreements. Informed consent processes should cover potential secondary and commercial
uses, and governance must promote equitable benefit sharing to avoid disadvantaging vulnerable groups. Finally,
international ethical guidelines and regulatory frameworks tailored to repertoire research and ML applications,
developed with broad stakeholder engagement, are urgently required to detect and mitigate harms and bias.
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6. Conclusions

In summary, the intricate interplay between TCR repertoire dynamics and autoimmune pathogenesis
underscores the profound complexity inherent in the breakdown of immune self-tolerance. Moreover, numerous
disease-specific alterations manifest within the TCR repertoire, providing valuable signatures that can be harnessed
for machine learning (ML)–based prediction. Indeed, recent advances have demonstrated tangible successes in
employing ML models to predict autoimmune disorders. Our review has emphasized that failures in both central and
peripheral tolerance—evidenced by defects in thymic selection, dysfunctions in regulatory T cells, and underlying
genetic predispositions—collectively shape a pathogenic TCR landscape. This landscape is characterized by
biased gene segment usage, prominent clonal expansions, and altered repertoire diversity. Importantly, these
immunological insights establish a robust foundation for leveraging high-throughput sequencing datasets to train
ML algorithms capable of discerning subtle, disease-specific TCR features. Specifically, the integration of deep
learning architectures that combine complementarity-determining region 3 (CDR3) sequence motifs with gene
usage patterns has yielded unprecedented predictive accuracy. Concurrently, the emergence of interpretable artificial
intelligence approaches is beginning to elucidate the biological mechanisms underlying autoreactivity encoded
within TCR repertoires. Nevertheless, significant challenges persist. These include the pressing need for larger
and more standardized datasets, improved approaches for pAIREd αβ-chain sequencing, and enhanced model
generalizability alongside translational feasibility in clinical settings. Looking ahead, future research integrating
multi-omics data, patient-specific genetic profiles, and longitudinal immune monitoring holds considerable promise
to refine these predictive frameworks, thereby advancing the field of precision immunomedicine. Ultimately, the
convergence of immunogenomics and machine learning points toward new opportunities for early, non-invasive
diagnosis and personalized therapeutic strategies in autoimmune diseases, while also contributing to a deeper
understanding of immune dysregulation. This integrated approach may open promising avenues for therapeutic
innovation and improved patient outcomes.
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