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Abstract 
Motivation: The six complementarity determining regions (CDRs) of the T cell receptor (TCR) form multiple contacts with 
cognate peptide and major histocompatibility complex, thus determining antigen specificity. However, the contacts 
between the CDRs themselves are less understood.

Results: Our systematic study of all available TCR crystallographic structures identified consistent patterns of intra- and 
inter-chain CDR contacts in both free and antigen-bound TCRs. In addition, the protein sequences of TCRα and TCRβ from 
sets of TCRs which recognise a shared antigen shared mutual information and were not independent. As a result, 
sequence-based models can partially predict TCRα/TCRβ pairing de novo. The conserved patterns of CDR amino acid 
contacts, and the mutual sequence constraints between antigen-specific sets of TCR α and β chains represent an 
under-appreciated element of TCR structure, which may play an important role in T cell antigen recognition.

Availability and implementation: The code and data necessary to reproduce the analyses are available at https://github. 
com/mm523/TCRab-pairing.

1 Introduction
The αβ T cell receptor (TCR) is a heterodimer which recognises 
peptides bound to major histocompatibility complex (MHC) mol
ecules (pMHC). Each TCR chain is generated by somatic V(D)J re
combination in each T cell between a Variable [V], a Joining [J] 
and, in the case of TCRβ, a Diversity [D] segment. The recombi
nation generates high sequence diversity, which has been esti
mated to be greater than 108 (Davis and Bjorkman 1988, Kesmir 
et al. 2000, Mora and Walczak 2019). TCRs bind pMHC through 
its complementarity-determining regions (CDRs or CDR1, CDR2 
and CDR3; Szeto et al. 2020, Milighetti et al. 2021), which are the 
most variable regions of each TCR chain. CDR1 and CDR2 are 
encoded by the germline V gene, while CDR3 spans the recombi
nation junction between V, D and J genes and is consequently 
the most diverse (Schwartz and Hershberg 2013). Notably, 

thousands of TCRs of different sequences can bind to the same 
pMHC (Dash et al. 2017, Glanville et al. 2017) and a single TCR 
may bind to many pMHCs (Sewell 2012).

Experimental studies have suggested that interactions be
tween CDR loops might be important for epitope specificity, by 
for example affecting the inter-domain angle between the two 
TCR chains (McBeth et al. 2008). The interactions between CDRs 
may therefore constitute an important consideration in the de
sign and optimisation of TCR-engineered T cells (Campillo-Davo 
et al. 2020, Baulu et al. 2023) or soluble TCRs (Robinson et al. 
2021) for therapeutic applications. In this study we investigate 
the interaction between the TCR α and β chain CDR loops. We 
first systematically document the intra-chain and inter-chain 
contacts that the CDR loops make with each other. We then 
quantify the extent to which the CDR sequences of each chain 
constrain and hence predict the sequence of the other chain. If 
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contacts between CDR loops are a conserved feature of TCRs 
and impact antigen binding, we expect the sequences of the two 
TCR chains to be interdependent in epitope-specific but not un
selected repertoires. Since TCR repertoire data is often single 
chain only, the extent to which information on one chain pre
dicts the sequence of the other is an important practical ques
tion, as is quantifying the extent to which the sequence of one 
chain determines specificity. Paired TCRαβ have been shown to 
carry more information about epitope specificity than each 
chain independently (Carter et al. 2019, Springer et al. 2021, 
Mayer and Callan 2023, Henderson et al. 2024), although the in
crease from adding the paired chain varies for different epito
pes. We quantify the interchain constraints using a mutual 
information (MI) framework, and then use models originally de
veloped in the context of protein co-evolution to predict 
chain pairing.

2 Methods
2.1 Analysis of existing crystal structures
A list of crystal structures for unbound TCRs and TCR-pMHC 
complexes was obtained from The Structural T-Cell Receptor 
Database (STCRDab, Leem et al. 2018), downloaded on 27 
February 2023, N = 918 structures). We selected all αβTCRs 
renumbered according to the International Immunogenetics 
Information System (IMGT, Lefranc et al. 2003), excluding all 
TCRs bound to non-canonical MHC (N = 616 structures remain
ing). We removed any sequence with missing epitope informa
tion (N = 590 remaining) and excluded non-peptide or chemically 
modified peptide antigens or superantigens, since their binding 
modalities may differ and are beyond the scope of this study 
(N = 527 remaining). Where multiple structures were available 
from a single PDB, we chose the structure with the most com
plete chain combination (N = 340 structures remaining). For the 
analysis of bound and unbound receptors, we extracted the 
sequences from the resulting 340 PDB files, and retained a non- 
redundant set of 157 structures of TCRs bound to cognate 
pMHC, and 78 unbound TCRs using STRCRDab annotations.

Structures were visualised using Pymol Open Source v2.5.0 
(Schr€odinger, LLC 2015).

To calculate intra-chain and inter-chain distances between 
two residues, we calculated the Euclidean distance between 
each pair of non-H atoms and retained the minimum distance 
across all atom pairs using the BioPDB package in Python v3.11 
(Hamelryck and Manderick 2003). Contacts were defined as a 
minimum distance <5Å between two residues. A number of al
ternative thresholds were evaluated and 5Å was chosen as the 
average number of contacts between CDRs forms an elbow 
around the 5Å threshold (Fig. S1, available as supplementary 
data at Bioinformatics online).

For the epitopes analysed, we retrieved the crystal structures 
of pMHC complexes from the Protein DataBank (PDB), where 
available. Solvent-accessible surface area (SASA) for each epi
tope was calculated using Pymol Open Source v2.5.0 
(Schr€odinger, LLC 2015, command get_area on the peptide 
chain with dot_solvent 1 and solvent radius 1.4Å) on a repre
sentative structure for each epitope (Table 1).

2.2 Paired-chain datasets
The VDJDb database (Goncharov et al. 2022) was exported on 3 
February 2023. It was refined to only include TCRs for which 
both TCRα and TCRβ chains are available, and to include unique 
TCR-epitope pairs. We removed epitopes for which fewer than 
100 (N = 914) or more than 10 000 (N = 1) sequences are available, 
to reduce skewing due to small samples and spurious annota
tions and be able to compare similarly-sized sets (Fig. S2A, avail
able as supplementary data at Bioinformatics online). We chose 
the largest cut-off size which allowed us to retain enough epito
pes for analysis and we also excluded very large sets for which 
computational time would have been unwieldy. stitchr 
(Heather et al. 2022) was used to obtain full chain sequences for 
each V/CDR3/J annotation for both mouse and human TCRs, 
and ANARCI (Dunbar and Deane 2016) was used to obtain IMGT- 
renumbered (Lefranc et al. 2003) CDR3 sequences from each 
chain. To ensure that CDR3 sequences were all the same length 
for MI calculations, sequences longer than 19 residues were dis
carded (Fig. S2B, available as supplementary data at 
Bioinformatics online), corresponding to <1% (67/9852) of all 
CDR3αβ. Sequences shorter than 19 were padded by addition of 
gaps at position L

2 (where L is the length of the CDR3 sequence). 
In order to allow within study randomisation for mutual infor
mation calculation (Appendix A2, available as supplementary 
data at Bioinformatics online), we restricted the analysis to stud
ies which contain at least 3 sequences. tidytcells v1.6.0 
(Nagano and Chain 2023) was used to standardise to the V and J 
genes, removing allele information. We further dropped dupli
cates in TRAV-CDR3A-TRAJ/TRBV-CDR3B-TRBJ pairs within each 
epitope repertoire after gene standardisation to avoid inflating 
the estimated mutual information (Appendix A2, available as 
supplementary data at Bioinformatics online, N = 41 sequences 
removed). The final set of sequences comprised 9713 sequences 
from 22 epitopes (Table S1, available as supplementary data at 
Bioinformatics online). 7 of the epitopes and 4 of the TCRs (de
fined at the level of CDR3α-CDR3β) in this set are shared with 
the set of crystal structures analysed. Only one of the 9713 TCR- 
epitope pairs overlaps with the TCR-pMHC complexes included 
in the structural analysis.

Table 1 List of epitopes for which a PDB structure is available and 
calculated solvent-accessible surface area.

Epitope PDB code SASA Reference

ASNENMETM 4HUX 311Å2 Valkenburg et al. (2013)
CINGVCWTV 3MRG 264Å2 Reiser et al. (2014)
ELAGIGILTV 1JF1 329Å2 Sliz et al. (2001)
GILGFVFTL 2VLL 259Å2 Ishizuka et al. (2008)
GLCTLVAML 3MRE 341Å2 Reiser et al. (2014)
LLWNGPMAV 5N6B 307Å2 Bovay et al. (2018)
LSLRNPILV 3BUY 308Å2 La Gruta et al. (2008)
NLVPMVATV 3GSO 375Å2 Gras et al. (2009)
RAKFKQLL 3SPV 243Å2 To be published
SSLENFRAYV 1WBY 464Å2 Meijers et al. (2005)
SSYRRPVGI 1WBZ 331Å2 Meijers et al. (2005)
YLQPRTFLL 7N6D 460Å2 Chaurasia et al. (2021)
SPRWYFYYL 7LGD 436Å2 Lineburg et al. (2021)
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Pre-processed TCR sequencing data from Tanno et al. (2020)
was retrieved and further processed as in Mayer and Callan 
(2023). The clonotypes from sample A1, sorted on 
CD4þCD45RAþCCR7þ and classified by the authors as naïve 
cells were used as a control unselected repertoire. As for the 
VDJDb set, a length of 19 was enforced on the CDR3s.

We downloaded all human data from The Observed T Cell 
Receptor Space (OTS) database (Raybould et al. 2024). We used 
the annotations as given by the authors to remove γδ T cells, 
thymocytes or Mucosal-Associated Invariant T (MAIT) cells, and 
samples that had <100 sequences. As above, a length of 19 was 
enforced on the CDR3s.

2.3 Calculating mutual information 
between TCR regions
To quantify how much restriction one region of the TCR poses 
on another, we calculated the mutual information (MI) between 
different TCR regions. For CDR3s, where the diversity is too large 
to calculate entropy using the full sequence as a single categori
cal variable, we used a pairwise approximation by calculating 
the MI between single CDR3 residues and either the V or J genes, 
or single residues in the paired CDR3. All MI estimations were 
corrected for small sample size bias and finite sampling, back
ground entropy and batch effects. Full details on the MI calcula
tion are in Appendix A2, available as supplementary data at 
Bioinformatics online. MI was calculated using scikit-learn 
v1.1.3 (Pedregosa et al. 2012).

2.4 Calculation of effective set size
We define effective set size as the number of distinct sequences 
present in a repertoire, accounting for repeated or similar 
sequences (Weigt et al. 2009, Bitbol et al. 2016). For each se
quence (S) in a set of size N, the number of sequence neighbours 
within a similarity threshold are counted (mS) and S is assigned 
a weight wS ¼

1
mSþ1. The total effective set size can be calcu

lated as: 

Neff ¼
XN

S21
wS ¼

XN

S21

1
mSþ 1

(1) 

If all sequences are distinct and have no neighbours, Neff ¼ N, 
whilst if all sequences are neighbours of all other sequences 
Neff ¼ 1. The diversity is calculated by Hamming distance on the 
padded CDR3 sequences, excluding the first 3 and the last 3 
amino acids of the CDR3. We set the threshold of similarity to be 
up to Hamming distance 1 for CDR3α and CDR3β, and up to 
Hamming distance 2 for CDR3αβ (calculated as a sum of the dis
tance over the two chains). The effective set size Neff is normal
ised by total repertoire size N for comparison across repertoires. 
The effective set size was not correlated to total repertoire size 
(Fig. S3, available as supplementary data at Bioinformatics 
online).

2.5 Pairing models
We adapted two previously-published pairing algorithms to pair 
TCRαβ chains: the mutual information iterative pairing algorithm 
(MI-IPA, Bitbol 2018) and the graph alignment algorithm (GA, 
Bradde et al. 2010). The two methods perform pairing by 
either maximising the residue-level MI, or the alignment of similar
ity graphs of CDR3α and CDR3β sequences, respectively. These 
models were originally developed to leverage two distinct signals 
in co-evolving protein families: the co-evolution of specific residue 
positions (detected by MI) and the similarity in the phylogenetic 
trees of co-evolving protein families (detected in the graph align
ment). We also evaluated a combination of the two algorithms (GA 
+ MI-IPA, Gandarilla-Pérez et al. 2023). Full details on the implemen
tation of each algorithm are in Appendix A3, available as supple
mentary data at Bioinformatics online.

The MI-IPA, GA and GA + MI-IPA models for each epitope were 
run on a computer with Intel Xeon W-2295× 36 processor with 
128GB RAM. All models were run on each epitope-specific reper
toire from VDJDb separately, without using a training set of 
known pairs, as would be the case if no information about pair
ing was available. We inputted the CDR3 sequences only. To 
equalize epitope-specific TCR set sizes and reduce computa
tional load, we subsampled the three largest epitope sets to 700 
sequences, matching the size of the fourth-largest epitope-spe
cific set. The set used for each epitope is summarised in Table 
S1, available as supplementary data at Bioinformatics online. 
For all models, epitopes GLCTLVAML (EBV) and YLQPRTFLL 
(SARS-CoV-2) were used to find the optimal parameters.

To quantitatively compare pairing algorithms, we calculated 
the proportion of predicted pairs that are correct, i.e. they are 
paired as observed in the downloaded VDJDb set (precision). 
Importantly, there are repeats in the α and β chain sets which 
will influence this calculation (Fig. S4, available as supplemen
tary data at Bioinformatics online).

2.6 Benchmarking the pairing models
To benchmark the performance of MI-IPA, GA and GA + MI-IPA, 
we predicted pairing using TULIP (Meynard-Piganeau et al. 
2024) and SCEPTR (Nagano et al. 2025). TULIP prediction was 
performed using the available pre-trained model. For each epi
tope, we generated all possible CDR3α-CDR3β pairs available 
from each individual and predicted the probability of binding of 
each pair against the epitope. We then assigned αβ pairs with a 
greedy algorithm similar to that used for the MI-IPA. Briefly, for 
each individual, we selected the most likely pair (lowest score). 
We then removed the α and the β sequences from the set, 
assigned the best remaining pair and continued iteratively until 
all pairs were assigned. We calculated precision as above.

To assign pairing with SCEPTR, we embedded the α and the β 
chains separately using the pre-trained default model. Since the 
training is performed by masking sections of the TCR, we expect 
that αβ paired chains may have similar embeddings. Therefore, 
we calculated the Euclidean distance between all α and all β 
chains from one individual for each epitope and then assigned 
pairs with the same greedy algorithm as above (starting with the 
pair with the smallest distance) and calculated precision as pre
viously defined. SCEPTR was run both with its default model 
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(trained on paired data) and with a model trained on synthetic 
data, in which the pairing in the training set was random 
(SCEPTR—synthetic).

3 Results
3.1 Contacts between CDR loops in 
existing TCR structures
One type of interaction between CDR loops may be mediated by 
molecular contacts between amino acids. We therefore exam
ined 340 curated TCR-pMHC structures available from the The 
Structural T-Cell Receptor Database (STCRDab, Leem et al. 
2018). We defined contact as minimum distance between two 
non-H atoms <5Å. Observation of 4 representative TCRs (Fig. 1) 
shows that CDR loops form a continuous contact surface that 
binds pMHC. There are both intra- (between two CDR residues 
on the same chain) and inter-chain (between one residue on the 
α and one residue on the β chain) contacts observed both in the 
bound (right panel, indicated with a *) and in the unbound (mid
dle panel) TCR structures, although the number of contacts 
varies between the ligated and free receptors.

Consistent with Fig. 1, the intra-chain distances for the four 
example unligated structures (Fig. 2A and B for TCRα and β, re
spectively) show intra-chain contacts between CDR1 and CDR3 
and CDR1 and CDR2, both in the TCRα and in the TCRβ chain. 
The patterns are consistent across the four structures and in 
both chains. The same analysis was extended to 78 unique un
bound receptors (Fig. S5A, available as supplementary data at 
Bioinformatics online), 157 unique pMHC bound TCRs (Figs 2C, D
and S5B, C, available as supplementary data at Bioinformatics 
online) and TCRs that bind MHC with reversed polarity (Fig. S5D, 
available as supplementary data at Bioinformatics online). We 
also calculated the number of contacts between CDR loops, de
fined as minimum distance between two non-H atoms <5Å, for 

all 340 available structures (Fig. S6A, available as supplementary 
data at Bioinformatics online). The patterns observed in the 4 ex
ample structures are generalisable and observed in TCRs both in 
the unligated and ligated form. Strikingly, all 340 PDB files ana
lysed show contacts between CDR1 and CDR3 on both chains 
(Fig. S6A, available as supplementary data at Bioinformatics on
line; median of 13 contacts [range 5–23] for TCRα and median of 
14 [range 8–22] contacts for TCRβ). CDR2 in turn forms contacts 
with CDR1 (median of 5 contacts for both TCRα and TCRβ, 
ranges of 0–12 and 0–7, respectively). We also observe contacts 
between CDR2 and CDR3 (range 0–3 contacts in TCRα and 0–4 
contacts in TCRβ).

Inter-chain distances for the four unligated TCRs in Fig. 1 also 
show contacts both in the conserved framework regions and in 
the CDR loops (Fig. 3A). These interactions are also observed in 
most studied structures (Figs 3B and S7A-C, available as supple
mentary data at Bioinformatics online; and quantified in Fig. 
S6B-C, available as supplementary data at Bioinformatics on
line). Specifically, framework region 2 (FR2), found between 
CDR1 and CDR2, makes contacts with FR2 on the other chain, 
as well as with the edges of the CDR3, where the CDR3 se
quence is least variable (the diamond-shaped pattern, median 
9 contacts [range 0–17] between FR2α-CDR3β and median 7 
contacts [range 1–16] between FR2β-CDR3α, Fig. S6B, available 
as supplementary data at Bioinformatics online; contacts with 
edges and middle of the CDR3 are quantified in Fig. S6C, avail
able as supplementary data at Bioinformatics online: median of 
3 [range 0–9] central contacts for FR2α-CDR3β and of 2 [range 
0–8] for FR2β-CDR3α compared to median of 6 [range 0–12] 
edge contacts for FR2α-CDR3β and of 5 [range 0–10] for FR2β- 
CDR3α). Inter-chain contacts are also observed between CDR1 
and 2 and the CDR3 on the paired chain (Fig. S6B, available as 
supplementary data at Bioinformatics online). We observed 
contacts between the two CDR3s (median of 7 contacts, range 
1–22), whilst no contacts are observed between the germline 
loops CDR1 and CDR2 on the two chains in any of the 340 PDB 

Figure 1 CDR loops come together to form the TCR binding site in four example TCRs. Positioning of CDR loops of 4 representative TCRs (2 recognise 
epitope on class I MHC, 3QH3 and 3DX9; 2 recognise epitope on class II MHC, 6CPH and 2IAL). The TCRα chain is in shades of blue, whilst the TCRβ is 
in shades of red. CDR1, 2 and 3 for each chain are represented with spheres and annotated on the figure. Mesh shows the rest of the TCR structure. 
On the right of each structure, the circle plot shows contacts between the CDR loops (defined as minimum distance between two non-H atoms on 
two residues <5Å) for the same TCR in both the unbound (left) and bound (right, indicated with a *) structure. Light blue: contacts between loops on 
TCRα; light red: contacts between loops on TCRβ; purple: contacts between the two chains. 3QH3: Scott et al. (2011), 1AO7: Garboczi et al. (1996), 
3DX9 and 3DXA: Archbold et al. (2009), 6CPH: Galperin et al. (2018), 2IAL and 2IAM: Deng et al. (2007). Structures are plotted using Pymol Open Source 
(Schr€odinger, LLC 2015). Circos plots are plotted using Python package pyCirclize (Shimoyama 2022). CDR, Complementarity-Determining Region.
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files analysed (Fig. S6B, available as supplementary data at 
Bioinformatics online). The pattern of contacts between the 
two CDR3s is X-shaped: the interactions involve the variable 
junctional regions, but fewer interactions are observed be
tween the central variable regions and the conserved segments 
on the loop (quantified in Fig. S6C, available as supplementary 
data at Bioinformatics online: median of 3 [range 0–13] 

interactions with the central segment, compared to median of 
2 [range 0–6] for the edges). Notably, these patterns can also 
be observed in TCRs which bind pMHC with reverse orientation 
(Fig. S7D, available as supplementary data at Bioinformatics 
online). Overall, these results suggest that the CDR loops form 
multiple intra- and inter-chain contacts independently of 
pMHC binding.

Figure 2 Intra-chain interactions are observed in bound and unbound TCR structures. (A, B) Intra-chain contact maps for the unligated structures in 
Figure 1 for the TCR α and β chain, respectively. The distance (Å, colour bar) is calculated between all pairs of atoms in the two residues, and the 
minimum distance is shown. (C, D) Intra-chain contact maps were calculated for the TCR α and β chain (respectively) of 157 unique bound TCRs. A 
contact is defined as minimum distance between two non-H atoms on two residues <5Å. The heatmap shows the number of structures that are 
found to make contact at each pair of positions. Only positions present in >75% of structures according to the IMGT numbering scheme are shown. 
Only the bottom half of each distance matrix is shown as it is symmetrical across the diagonal. In each heatmap, the positions of CDR1, 2 (orange) 
and 3 (black) are highlighted.
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3.2 Quantifying sequence inter- 
dependence between TCRα and β in 
epitope-specific repertoires using MI
We examined whether, in the context of sets of TCRs recognising 
a shared pMHC, the sequences of the TCR α and β were deter
mined independently by the requirement to bind the specific an
tigen, or whether the α and β CDR sequences were dependent 
on each other. We initially observed increased sequence similar
ity in TCRβ paired to similar TCRα, and vice versa (Appendix A1, 
available as supplementary data at Bioinformatics online; me
dian increase of 0.56 and 0.15, respectively). We quantified inter
chain constraints in a more generalisable way using MI to 
measure the extent to which a change in one chain is accompa
nied by a complementary change in the paired chain. We esti
mated the MI between TCRα and β regions of epitope-specific 
repertoires using a pairwise approximation and corrected for 
sample size and background distributions. As negative controls, 
we estimated the MIs for all TCRs in VDJDb (“background”), and 
for a single sample of sorted CD4+ naïve T cells from Tanno 
et al. (2020) (“Tanno::A1::naïve”). The former contains informa
tion about the 22 epitopes under study pooled together and 
might have some residual epitope-specific signal. The latter 

depends only on the biology of receptor recombination and thy
mic selection, without the influence of antigen selection.

Figure 4A shows the estimated MIs for each epitope com
pared to VDJdb background. The naïve repertoire showed no 
increase in MI compared to the pooled VDJDb repertoire. In 
contrast, most individual epitopes showed an increase in MI 
compared to the background. A few epitopes, such as 
AVFDRKSDAK showed low or no signal. The MIs for all epitopes 
are summarised in Fig. 4B and the MIs for all pairs in all epito
pes are in Table S2, available as supplementary data at 
Bioinformatics online.

To understand the statistical dependence between V gene 
and CDR3 in more detail, we examined the estimated intra- 
chain MI between the V gene and each CDR3 residue 
(Fig. 5A). As CDR3 positions 104 and 118 on both chains are 
conserved (C for position 104, F or W most commonly for po
sition 118), the MI is � 0. The initial residues (105–108) on 
CDR3α and β show a higher MI with the V gene than the rest 
of the CDR3 for all epitopes and in the background, since the 
beginning of the CDR3 is usually encoded by the end of the V 
gene. However, we also observed MI between the V gene and 
the central residues of the CDR3 for most epitopes but not in 
the naïve repertoire. Overall, V-CDR3 MI is higher than 

Figure 3 Inter-chain interactions are observed in bound and unbound TCR structures. (A) Inter-chain (TCRα to TCRβ) contact maps for the four 
structures in Figure 1. The distance (Å, colour bar) is calculated between all pairs of atoms in the two residues, and the minimum distance is shown. 
(B) Inter-chain contact maps were calculated for 157 unique bound TCRs. A contact is defined as minimum distance between two non-H atoms on 
two residues <5Å. The heatmap shows the number of structures that are found to make contact at each pair of positions. Only positions present in 
>75% of structures according to the IMGT numbering scheme are shown. In each heatmap, the positions of CDR1, 2 (orange) and 3 (black) along the 
sequence are shown as coloured bars along the x and y axes.
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background in 10/22 and 9/22 epitopes and higher than 
naïve repertoire in 18/22 and 19/22 epitopes for Vα-CDR3α 
and Vβ-CDR3β, respectively.

We also examined the MI between the CDR3α and CDR3β 
(Fig. 5B). Many epitopes but not background or naïve repertoire 
showed inter-dependence between α and β CDR3 sequences, 
with an epitope-specific MI footprint (CDR3α-CDR3β MI is greater 
than background in 17/22 epitopes). Antigen-dependent TCR se
lection therefore imposes mutual sequence constraints between 

the two chains of the TCR. As in previous analyses, epitope 
AVFDRKSDAK showed very low inter-CDR3 MI.

In order to align the sequences to calculate MI, the CDR3 
sequences were padded. We thus investigated the impact of 
padding on MI. As expected, residue positions where padding 
occurs more often have lower MI (Fig. S8, available as supple
mentary data at Bioinformatics online, slope <0 and P-value 
<0:05 for all relationships studied). To get a better sense of the 
impact of padding on MI estimation, we also compared two 

Figure 4 Mutual information between TCR regions in epitope-specific repertoires. (A) Mutual information (MI) between different regions of the TCR (V 
genes, J genes, CDR3) was calculated for each epitope-specific repertoire. In each heatmap, the top-left and bottom-right quadrants contain intra- 
chain MI (α in top-left and β in bottom-right). The bottom-left quadrant shows the inter-chain MI. The MI was estimated for various subsamples for 
each epitope, and corrected for finite size effects (Fig. S5A, available as supplementary data at Bioinformatics online). The MI is shown as fold change 
from VDJDb background to normalise across MI pairs with different alphabet sizes. A pairwise approximation is used in cases involving CDR3 (see 
Methods). (B) Summary of the plots in A. The x-axis is ordered according to the median MI across all epitope repertoires (indicated with an X). Each 
epitope is identified by a unique combination of colour and shape.
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padding methods: padding in the middle of the sequence (as in 
IMGT numbering, used in all analyses) and padding at the C ter
minus of the sequence. MI estimated from CDR3 sequences with 
either method (Fig. S9, available as supplementary data at 

Bioinformatics online) were correlated for most MI pairs 
(Spearman ρ>0:95 in 7/9 pairs, CI and P-values for each 
comparison reported in the figure). The correlation between 
estimated MIs with the two padding strategies for Jα-CDR3α and 

Figure 5 Mutual information between CDR3 and associated V gene and CDR3α-CDR3β. (A) Mutual information (MI) between V genes and each residue 
position on the CDR3. Top: Vα to CDR3α; bottom: Vβ to CDR3β. (B) MI between each pairs of positions on CDR3α and CDR3β. The MI was calculated 
with pairwise approximation, extrapolation and correction for background (for both A and B, see Methods). IMGT positions between residues 111 and 
112 are not shown as they are not present in most TCRs analysed.
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Jβ-CDR3β was lower (Spearman ρ¼ 0:68, 95% CI = [0.39–0.85], 
P-value = 2:26×10 − 4 and ρ¼ 0:66, 95% CI = [0.35–0.84], P-value 
= 4:49×10− 4, respectively). This reduction is expected since the 
J gene partially determines the sequence of the C terminal of 
the CDR3 and padding in the middle will better preserve the 
alignment at the C terminus, while padding at the end will dis
rupt it and therefore reduce the MI. Overall, the MI calculation 
was robust to the padding strategy, which did not alter the rela
tive signal of epitopes and background.

Finally, we extended the MI estimation to poly-epitope reper
toires. We downloaded TCR repertoires from the OTS database 
(Raybould et al. 2024) and calculated TCR αβ MI for all studies 
(Fig. S10, Table S3, available as supplementary data at 
Bioinformatics online). Sorted memory and AIM + cells, which are 
enriched for antigen-specific groups of TCRs, have higher me
dian CDR3α-CDR3β MI compared to unsorted and unstimulated 
T cells.

3.3 Examining MI variation 
across epitopes
A striking feature of the TCR chain sequence inter-dependence 
was the variability observed between epitopes. Understanding 
the factors which drive this epitope dependence may have im
portant implications for predicting the antigen specificity of an 
orphan TCR.

To validate that the observed results were not simply an arte
fact of finite size effects, we correlated estimated MI and epitope 
repertoire size (N). We did not detect significant correlations for 
most of the relationships investigated (Figs 6A, left-most column 
and Fig. S11A, available as supplementary data at Bioinformatics 
online).

Epitope-specific responses are characterised by differing lev
els of sequence similarity (see for instance Dash et al. 2017) and 
occasionally public TCR chains (see for instance Zhong et al. 
2007, Pogorelyy et al. 2022). To evaluate the impact of similar or 
public TCR chains in MI estimation, we measured the correlation 
between MI and the effective set size of CDR3α, CDR3β and 
CDR3αβ, which gives a measure of the number of distinct se
quence clusters in a repertoire (Figs 6A and S11B, available as 
supplementary data at Bioinformatics online). β and αβ effective 
set sizes were negatively correlated with MI calculated from 
CDR3α-CDR3β (slope = –18.2, 95% CI = [–31.2, –5.3] and slope = 
− 34:7, 95% CI = [–50.1, –19.3], respectively), Vα-CDR3α (slopes = 
–3.2 [–5.3, –1.1] and –3.7 [–7.0, –0.4], respectively) and Vβ-CDR3β 
(slopes = –4.8 [–7.3, –2.2] and –6.6 [–10.4, –2.9], respectively). αβ 
effective set size was also correlated to the MI from many other 
evaluated pairs (Fig. S11B, available as supplementary data at 
Bioinformatics online). Effective α set size was negatively corre
lated with Vα-CDR3α (slope = –4.2 [–7.1, –1.3]) and Vβ-CDR3β 
(slope = − 4:6 [–8.6, –0.6]), but not CDR3α-CDR3β. Overall, these 
significant negative correlations suggest repertoire characteris
tics can explain � 20 − 67% of the variability in estimated MI 
across epitopes and that repertoires dominated by a single se
quence or cluster of similar sequences (smaller set size) are as
sociated with a higher MI.

We also examined whether the MI depends on how many fea
tures the peptide offers for the TCR to bind. We approximated 
the “featureness” of a peptide by its solvent-accessible surface 

area (SASA) for the 13 epitopes where a structure was available 
(Table 1). Epitopes that have a relatively featureless surface (low 
SASA), or which are bulged out of the MHC (high SASA) tend to 
generate less diverse TCR repertoires (Turner et al. 2005, 2006) 
and might therefore have higher MI. A parabola fitted to the rela
tionship between SASA and MI did not show any significant rela
tionship (Fig. 6B). However, the small number of epitopes 
examined limited the statistical power of the analysis to only de
tect large effect sizes, and moderate to small effects were below 
the threshold of detection with 80% power and P-value <0:05 
(Fig. S12, available as supplementary data at Bioinformatics 
online).

3.4 Predicting TCRαβ pairing de novo
Given the observed sequence signals in TCR pairing, we tested 
whether TCRαβ pairing could be predicted de novo. Sequence- 
based methods have been very valuable in studying the evolu
tionary constraints imposed on the sequences of co-evolving 
protein families (De Juan et al. 2013). Epitope-specific TCR pair
ing signals do not arise from the evolutionary process at play in 
interacting protein families, but rather from antigen selection of 
TCRs produced by V(D)J recombination. The methods used to 
study protein co-evolution, however, are generalisable to study
ing the constraints imposed by a selection force on any sets of 
pairs of variable interacting proteins, and hence to predict pair
ing. We therefore adapted two methods: a MI-based algorithm 
(MI-IPA, Bitbol 2018), which exploits the MI between co-evolving 
residue pairs (Fig. 5), and a graph alignment algorithm (GA, 
Bradde et al. 2010), which exploits the similarity in phylogenetic 
trees, or in our use-case, similarity graphs, Figs A3 and A4, avail
able as supplementary data at Bioinformatics online). We also 
tested a combination of the two algorithms (GA + MI-IPA, 
Gandarilla-Pérez et al. 2023).

In 6/22 epitopes, the MI-IPA performs significantly better than 
chance expectation (median fold change from chance expecta
tion across all 22 epitopes = 1.29, range = 0.51–2.70; Fig. 7). The 
GA shows significantly better performance than chance expecta
tion in 14/22 epitopes (median fold change from chance expec
tation across all 22 epitopes = 1.49, range = 0.81–3.11; we 
consider it successful for large epitopes based on whether it is 
significant in at least 3/5 subsamples; Fig. 7). As pairing assign
ments were repeated 10 times by the MI-IPA and 100 times by 
the GA for each epitope to account for stochasticity, we explored 
whether the stability of the assignments between repeats could 
provide a confidence score for each pair (as in Bitbol et al. 
2016). For most epitopes, the majority of pairs are not assigned 
stably across repeats (Figs S13A and S14A, available as supple
mentary data at Bioinformatics online). Notably, stable pairs 
have a larger proportion of correct pairs in 23/27 epitope sets 
with stable pairs in the MI-IPA (Fig. S13B and C, available as sup
plementary data at Bioinformatics online) and 22/23 epitope 
sets with stable pairs in the GA (Fig. S14B and C, available as 
supplementary data at Bioinformatics online). Consistently, epit
opes which show better performance show a larger proportion 
of stable pairs (Figs S13D and S14D, available as supplementary 
data at Bioinformatics online, Spearman ρ¼ 0:796, 95% CI = 
[0.627, 0.894], P-value ¼ 1:8×10− 8 for MI-IPA and Spearman 
ρ¼ 0:699, 95% CI = [0.472, 0.839], P-value ¼ 4:3×10 − 6 for GA).
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We then combined the two methods by using stable pairs 
from the GA assignments as training set for the MI-IPA 
(Gandarilla-Pérez et al. 2023), but allowed the MI-IPA to re-pair 
sequences in the training set to potentially correct any mistakes 
in the GA classification (Table S4, available as supplementary 
data at Bioinformatics online). The combination of the two 
methods occasionally marginally improved on either method 
alone and performs significantly better than chance expectation 

in 15/22 epitopes (median fold change from chance expectation 
across all 22 epitopes = 1.43, range = 0.37–3.59, Fig. 7). However, 
unlike the MI-IPA and GA, the GA + MI-IPA shows a larger propor
tion of stable pairs with 12/34 epitope sets having >95% stable 
pairs (Fig S15A and D, available as supplementary data at 
Bioinformatics online). However, there is a lower enrichment for 
correct pairs in the stable pairs (Fig. S15B and C, available as 
supplementary data at Bioinformatics online: 8/34 epitopes have 

Figure 6 Mutual information correlates to effective set size but not peptide solvent-accessible area. (A) Correlation of mutual information (MI) and 
effective set size. Effective set size was calculated by grouping all sequences with Hamming distance of <2 on each chain and <3 for the paired 
chains, normalised by total repertoire size (N). Correlation with N is also shown as a control, and no significant correlation was found in this case. All 
correlations with effective set size and N are shown in Fig. S12, available as supplementary data at Bioinformatics online. (B) Correlation of MI and 
solvent-accessible surface area (SASA) for the available epitopes (Table 1). Correlations were calculated by fitting a linear regression. The slope of the 
linear fits and R2 of all fits are reported. 95% CIs for the slope are indicated in square brackets. P-value for the F-test and R2 were calculated for each 
fit. Fits that have P-value<0:05 are highlighted in red. The shaded area represents the 95% CI of the fit.

10                                                                                                                                                                                                                                                     Bioinformatics, 2026, Vol, 42, Issue 8 

D
ow

nloaded from
 academ

ic.oup.com
/bioinform

atics/article/42/8/btag551/8739916 by guest on 23 Septem
ber 2026

https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag551#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag551#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag551#supplementary-data
https://dx.doi.org/10.1093/bioinformatics/btag551
https://dx.doi.org/10.1093/bioinformatics/btag551
https://dx.doi.org/10.1093/bioinformatics/btag551
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag551#supplementary-data
https://dx.doi.org/10.1093/bioinformatics/btag551
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag551#supplementary-data


the same or lower percentage of correct pairs among the stable 
pairs compared to the overall percentage of correct pairs, in
stead of 4/27 and 1/23 for MI-IPA and GA, respectively, Figs S13C 
and S14C, available as supplementary data at Bioinformatics on
line). We attribute this to the use of a training set in the MI-IPA, 
as the trajectory of the MI-IPA is less random when a training set 
is provided.

The limitation in model prediction accuracy can arise in the 
method (i.e. the way the algorithm selects pairs does not find 
the optimal solution) or in the data (i.e. the signal in the data is 
too low to achieve pairing). To distinguish these two limiting fac
tors, we calculated the theoretical best performance for the MI- 
IPA. We initialised the model with all correctly-paired αβ for 
each epitope and ran a single iteration of the MI-IPA to pair all 
available α/β from that epitope repertoire again, effectively 
teaching the model the pairing rules a priori and over-fitting 
(Fig. 7). In all epitopes, the pairing algorithms under-perform 
compared to the theoretical limit but the theoretical limit 
remains well below 1 for all epitope repertoires, suggesting that 
both method and data limitations are present.

Finally, we tested whether TCR sequence embedding methods 
or models trained to predict TCR-epitope binding could capture 
the pairing signal. Chain pairing was predicted within epitope- 
specific repertoires using TULIP (Meynard-Piganeau et al. 2024), 
a method developed for binding prediction, and SCEPTR 
(Nagano et al. 2025), a method for TCR sequence embedding. 
We found that pairing models consistently perform better than 
both TULIP and SCEPTR for TCR αβ pairing (Fig. S16, available as 
supplementary data at Bioinformatics online), suggesting that 
interchain MI is often overlooked in other specificity-prediction 
methods. However, both TULIP and SCEPTR seem to be able to 

learn some of the pairing signal in their training, as both per
form marginally better than chance expectation for a 
few epitopes.

3.5 Correlates of pairing performance and 
repertoire characteristics
The pairing prediction performance varied considerably be
tween epitopes (Fig. 7). For each model, we identified factors 
that could impact performance and correlated them with the 
observed pairing performance. For all models, we evaluated the 
total size of the repertoire and the size of the individual reper
toires, as they increase the combinatorial number of pairs to be 
evaluated (Bitbol 2018). For the MI-IPA, the predictive power may 
also depend on the MI available in each epitope-specific reper
toire (Fig. 4), whilst the GA might be sensitive to the topology of 
the similarity networks generated from each of these epitopes. 
The theoretical maximal, but not the actual MI-IPA performance 
(calculated on the consensus assignment over 10 repeats) was in
versely correlated to individual repertoire size (slope of the linear 
fit = − 1:1×10− 3, 95% CI¼ ½− 1:7×10− 3; − 0:6×10− 3�) and to
tal epitope repertoire size (slope = − 7:7×10− 4, 95% 
CI¼ ½− 11:2×10− 4; − 4:2×10− 4�), and positively correlated to 
MI (slope = 1:6×10− 2, 95% CI¼ ½0:3×10− 2;2:8×10− 2�; Fig. 8A). 
These 3 variables together can explain 59.1% of the variance ob
served across epitopes in the theoretical best performance, and 
34.7% in the learning scenario (Table S5, available as supplemen
tary data at Bioinformatics online). GA performance (calculated 
on the consensus assignment over 100 repeats) correlated with 
the extent of sequence clustering (higher average degree on the 
TCRβ similarity graph [slope of the linear fit = 5:1×10− 3, 95% 

Figure 7 Pairing models perform better than random at pairing TCRαβ in epitope-specific repertoires. Precision is calculated over 10 repeats of the 
MI-IPA or GA + MI-IPA (cyan and magenta, respectively) or 100 repeats of the GA (orange) for all epitopes. For epitopes with >1000 sequences, 5 
subsamples of 700 sequences are shown. The IPA is run both with λ¼ 1 (chance expectation, black) and λ¼ 0:6 (cyan). Error bars correspond to the 
standard deviation over the repeats. The red circles correspond to the theoretical best performance, i.e. the MI-IPA initialised on all correct pairs and 
run once to pair all sequences. One-sided Mann-Whitney U-test is calculated for each epitope for the MI-IPA, GA or GA + MI-IPA using the alternative 
hypothesis that the model performs better than chance expectation. Adjusted P-values with Bonferroni correction are indicated by asterisks in the 
corresponding colour: ***<0:001; 0:001≤ **<0:01; 0:01≤ *<0:05.
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Figure 8 Correlation of model performance and repertoire characteristics. Correlation between model pairing prediction performance, repertoire 
size and MI. (A) A linear regression was calculated to evaluate the effect of repertoire size (N), largest individual repertoire size (Largest ID size) and 
total mutual information (Repertoire MI, calculated between CDR3α and CDR3β as in Fig. 4, without fold change from background) on the precision 
for MI-IPA (no learning: [confidence = none; λ¼ 1:0; θ ¼ 0:6]; learning: [confidence = none; λ¼ 0:6; θ¼ 0:6]; theoretical best: [confidence = none; 
λ¼ 0:6; θ¼ 0:6; correct pairs as training set]). Subsamples from large repertoires are included as an average, and the repertoire MI is calculated on 
the complete sample. (B) A linear regression was calculated to evaluate the effect of N, Largest ID size and similarity network characteristics on the 
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CI¼ ½1:8×10− 3;8:4×10− 3�], smaller proportion of singlets cal
culated on the graph generated using pairwise Levenshtein dis
tance with distance threshold <3 [slope for both α and β = 
− 4:1×10− 1, 95% CI α¼ ½− 7:5×10− 1; − 0:7×10− 1� and 95% CI 
β¼ ½− 6:2×10− 1; − 1:9×10− 1�]; Fig. 8B). The model built with 
these variables can explain 79.9% of the variance between epito
pes (Table S6, available as supplementary data at 
Bioinformatics online).

Finally, we looked at factors that impact the performance of 
the GA + MI-IPA, as well as the increase and fold-change in preci
sion of the GA + MI-IPA compared to the MI-IPA alone. On top of 
the repertoire characteristics, we extracted the number of stable 
pairs from the GA and the percentage of the GA stable set that is 
correct. The number of stable pairs in the GA and percentage of 
them that are correct are positively correlated with precision of 
the GA + MI-IPA (slope ¼ 2:8×10 − 3, 95% CI¼
½2:0×10 − 3;3:6×10 − 3� and slope ¼ 2:5×10− 1, 95% CI 
¼ ½0:4×10− 1;4:5×10− 1�, respectively), and precision is nega
tively correlated to the largest ID size (slope ¼ − 4:4×10 − 4, 
95% CI ¼ ½− 8:4×10− 4; − 0:5×10− 4�). No factor explained why 
certain epitopes showed improvement using the combined 
models and others did not. Together, these variables explain 
81.8% of the observed variance in precision of the GA + MI-IPA, 
but explain less < 50% of the variance in improvement com
pared to MI-IPA alone (Table S7, available as supplementary 
data at Bioinformatics online).

4 Discussion
In contrast to the wealth of studies that examine the interac
tions between TCR CDRs and pMHC, very few have examined the 
interactions between the α and β chain CDRs. In this study we 
address two related but distinct aims. The first aim is to compre
hensively document the amino acid contacts observed between 
TCR CDR loops in published TCR crystallographic structures. We 
observed a conserved pattern of intra-chain interactions be
tween CDR1 and both CDR2 and CDR3 loops in both chains, and 
more limited contacts between CDR2 and CDR3 (Figs 1, 2 and 
S6A, available as supplementary data at Bioinformatics online). 
We also quantified inter-chain interactions between the con
served FR2 regions on each chain, and at the interface between 
the two CDR3s (Figs 3 and S6B-C, available as supplementary 
data at Bioinformatics online). These contacts are observed in 
both pMHC-bound and free TCR structures, although the exact 

topology of the contact can change upon binding. Contacts be
tween CDR loops are therefore an important intrinsic feature of 
the TCR which are likely to affect overall receptor shape, antigen 
binding and stability. Further structural and functional studies 
will be required to quantify the exact impact of these contacts 
on TCR-antigen binding. In contrast, conserved interactions be
tween CDR1 and/or CDR2 on one chain, and CDR1 and/or CDR2 
on the other chain were not observed, consistent with the ab
sence of constraints in TRAV/TRBV pairing in the overall reper
toire (Dupic et al. 2019, Shcherbinin et al. 2020).

The observed close packing of the CDR regions of the two 
chains in the folded TCR structure discussed above suggested 
the hypothesis that the contribution of each chain to pMHC 
binding is not independent and consequently that the sequen
ces of the two chains in sets of TCRs with shared pMHC specific
ity might be interdependent. Indeed, CDR3α and CDR3β 
sequences within sets of epitope-specific TCRs were shown to 
consistently share MI (Figs 4 and 5). These observations of chain 
sequence interdependence are reminiscent of the ‘light chain 
coherence’ described for antibodies (Jaffe et al. 2022). Although 
Shcherbinin et al. (2020) did not find evidence for restriction of 
TCR chain pairing within epitope-specific repertoires, their study 
excluded CDR3 sequences that provide the majority of the infor
mation content determining epitope binding specificity 
(Henderson et al. 2024).

Mutual sequence interdependence between two sets of pro
teins allows, at least in principle, prediction of pairing between 
members of the two sets. A number of sequence-based 
approaches have already been developed to predict pairing be
tween co-evolving interacting protein families (Korber et al. 
1993, Fryxell 1996, Dunn et al. 2008, De Juan et al. 2013, Ochoa 
and Pazos 2014). Although TCRs do not evolve, but are rather 
produced independently by V(D)J recombination and then se
lected by antigen, the mutual interdependence of TCR αβ 
sequences suggested that similar methods could be applied to 
predict pairing between the αβ sequences of sets of pMHC- 
specific TCRs. Prediction of pairing would be of significant value 
in analysis of TCR repertoires, since bulk TCR sequencing usually 
produces lists of unpaired TCR α and β sequences. In order to 
apply the available methods, multiple TCRα and TCRβ chains 
which bind to the same epitope are treated analogously to 
‘paralogs’ from interacting protein families, while similar TCRα 
or β sequences that bind the same epitope but are found in dif
ferent individuals are ‘orthologs’. Three co-evolution based 
methods (Bradde et al. 2010, Bitbol 2018, Gandarilla-Pérez et al. 

Figure 8 Continued 
precision for GA. The graph characteristics measured are: average degree of nodes, number of clusters of size ≥3 and proportion of sequences that 
do not have any neighbours (singlets). These are calculated on the graph built by drawing edges between sequences at Levenshtein distance <3 on 
CDR3α and CDR3β separately. Subsamples from large repertoires are included as an average, and the graph properties are calculated on each 
subsample separately. (C) A linear regression was calculated to evaluate the effect of N, Largest ID size, Repertoire MI, number of stable GA pairs and 
proportion of the GA training set that is correct (% correct in GA stable) on the precision for GA + MI-IPA. Subsamples from large repertoires are 
included as an average, the repertoire MI is calculated on the complete sample and the GA stability results are calculated for each subsample 
separately and averaged. In each panel, the precision is calculated using the modal β for each α over multiple iterations of the model. Since multiple 
CDR3β may be selected the same number of times for one CDR3α, one is selected at random. To mitigate for variation, the mode selection is run 100 
times and the average precision is used. In each panel, the slope of the linear fits, the R2 and the P-value for the regression are shown. 95% CIs for 
the slope are indicated in square brackets. The scatterplots are red when P-value for the F-statistics of the regression is <0:05. The solid line shows 
the calculated regression and the shaded area the 95% confidence interval of the prediction.
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2023) were adapted to predict TCRαβ pairing in lists of TCRα and 
TCRβ sequences annotated to a single epitope. Each model was 
evaluated for its success in making de novo pairing predictions, 
in the absence of any training data. A significant improvement 
in pairing performance over random assignment was detected 
in 16/22 tested epitopes using at least one of the three meth
ods (Fig. 7).

In general, these methods show better performance in the 
pairing task than existing models for epitope prediction 
(Meynard-Piganeau et al. 2024) or TCR sequence embedding 
(Nagano et al. 2025), suggesting that they are learning an alter
native signal for prediction. However, pairing performance 
remains poor, limiting practical applications for TCR pairing. 
The addition of more pairs for each epitope is likely to increase 
performance, as information-based methods are data-thirsty 
(Bitbol 2018). The current algorithms are also computationally 
intensive, limiting their application to large epitope-specific TCR 
sets. Faster methods have been developed (see for instance, 
Lupo et al. 2024) and can be tested on larger datasets in the fu
ture. TCR pairing may also be improved by including additional 
information such as sequence abundance, as α and β chains 
from the same TCR will vary across different samples in a corre
lated manner. Finally, the precision calculation assumes all 
unobserved pairs in the data to be non-binders, but this as
sumption may be incorrect.

Epitopes differed widely in the amount of MI shared between 
α and β CDR sequences and in the performance achieved by the 
pairing algorithms (Figs 6 and 8). This variation may arise from 
intrinsic features of the pMHCs, and features of the TCR reper
toire associated with each pMHC. The feature-ness of a peptide 
(how much of the peptide extends outside the MHC binding 
groove), for example, has been shown to impact the diversity of 
the associated TCR repertoire (Turner et al. 2005, 2006). 
However, no correlation was detected between feature-ness 
and MI in this study (Fig. 6). In contrast, we found that pMHCs 
with smaller effective set size of associated TCRs have higher 
inter-chain MI and better pairing prediction (Fig. 8). The pres
ence of fewer, larger clusters of similar TCR sequences in these 
sets may allow better prediction of αβ pairing.

The study has a number of limitations. The total number of 
crystallographic structures is still only a tiny fraction of the num
ber of possible TCRs. Similarly, the number of pMHC annotated 
TCRs in the VDJDb database (Bagaev et al. 2020, Goncharov et 
al. 2022) is only a tiny fraction of possible TCR/pMHC pairings. 
Furthermore, whilst the analysis was not deliberately limited to 
specific MHC genes, the VDJDb dataset is known to be skewed 
and only a small fraction of all MHC alleles and peptide antigens 
are represented (Hudson et al. 2023). Moreover, the MHC infor
mation as reported by VDJDb occasionally lacks allele variant in
formation. As detailed above, the number of pMHC/TCR sets 
was further limited because of the inclusion criteria used for the 
analyses (more than 100 but less than 10000 TCRs associated 
with an epitope) to limit the bias in MI calculations for very small 
TCR sets, and the computational limits in analysis of very large 
datasets. These criteria restricted the analysed HLA alleles to 
few alleles from HLA-A and HLA-B and mouse MHCs (Table S1, 
available as supplementary data at Bioinformatics online). While 
we expect this process to be relevant also for CD4 T cell binding 
to class II MHC, as exemplified by the signal in CD4 + AIM 

+ populations from OTS (Table S3, available as supplementary 
data at Bioinformatics online), the epitope-specific data from 
VDJdb has only allowed us to test our hypothesis on CD8 T cells. 
VDJDb is also known to include erroneously-annotated sequen
ces, which will add noise to the MI calculation (Messemaker 
et al. 2025). The estimation of inter-sequence MI is also subject 
to some technical limitations, such as finite size effects, padding 
artefacts, heterogeneity in sequencing platforms and other 
batch effects between experiments. Although every effort was 
made to control for these factors, some residual effect cannot 
be excluded. Finally, MI may not capture higher-order interac
tions involving epistatic interactions between multiple amino 
acid positions.

In conclusion, our study documents extensive conserved 
interactions between the CDR sequences which form the binding 
surface of a TCR. Inter-chain contacts can stabilise the confor
mational flexibility of the loops, reducing the entropy of the free 
TCR, and increasing affinity and specificity at the expense of re
duced cross-reactivity. In addition, we quantified broader se
quence constraints on TCRαβ pairing in the context of antigen- 
specific TCR sets. These constraints may be imposed directly by 
the interchain contacts, or through indirect structural con
straints imposed on chain interactions in the context of binding 
to a pMHC. Our study provides a bioinformatic foundation on 
which to develop functional and structural studies investigating 
the role of inter-CDR interactions in determining the kinetics 
and thermodynamics of TCR-antigen binding. Tuning inter-CDR 
interactions may represent an under-appreciated mechanism to 
optimise the design of TCRs and TCR analogues for therapeutic 
purposes, and may also have broader implications for predicting 
TCR/pMHC binding.
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