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SUMMARY

Antigen-specific T-cell receptor (TCR) sequences can have prognostic, predictive, and therapeutic
value, but decoding the specificity of TCR recognition remains challenging. Unlike DNA strands
that base pair, TCRs bind to their targets with different orientations and different lengths,

which complicates comparisons. We present Scanning PArametrized by Normalized TCR Length
(SPAN-TCR) to analyze antigen-specific TCR CDR3 sequences and identify patterns driving
TCR-pMHC specificity. Using entropic analysis, SPAN-TCR identifies 2-mer motifs that decrease
the diversity (entropy) of CDR3s. These motifs are the most common patterns that can predict
CDR3 composition, and we identify ‘essential’ motifs that decrease entropy in the same CDR3

a or B chain containing the 2-mer, and ‘super-essential” motifs that decrease entropy in both
chains. Molecular dynamics analysis further suggests that these motifs may play important roles
in binding. We then employ SPAN-TCR to resolve similarities in TCR repertoires against different
antigens using public databases of TCR sequences. A record of this paper’s Transparent Peer
Review process is included in the Supplementary Information.

eTOC Blurb

The specificity of T cell immunotherapy is encoded by T-cell Receptor (TCR) sequences, so
decoding and ultimately engineering TCR specificity is a priority. Here we present SPAN-TCR to
compare TCRs and perform entropic analysis to extract essential subsections of TCRs for binding.

INTRODUCTION

T cell receptors (TCRs), comprised of paired « and p chains, recognize peptide antigen
targets presented on Major Histocompatibility Complexes (pMHCs)1-2. TCR-pMHC binding
is dominated by the highly variable TCR domains called Complementarity Determining
Region 3 (CDR3), which generate sequence diversity through the V-D-J recombination
mechanism3-5. In addition to considerable V- and J-gene diversity, the insertion and

deletion of nucleotides results in the remarkable heterogeneity of CDR3 length and peptide
composition. Structural analyses®-8 have shown that binding orientations of different TCRs
and pMHCs can be conserved (Fig. 1A)%1011.12 However, relationships between the TCR
sequence and antigen binding have been much more difficult to establish.

When next generation sequencing is coupled to strategies for isolating antigen-specific

T cells, databases3-16 of antigen-specific TCR sequences can be built!”=20 and mined

for patterns in amino acid usage and CDR3 structure?1-24, Such analyses reveal a high
CDR3 diversityZ® even for TCRs binding the same pMHC target (Fig. 1B, detailed

metrics at https://vdjdb.cdr3.net/overview). While some TCRs are ‘public’ (shared between
individuals2526), most reported TCRs are unique, and CDR3 domains can vary in size.
Tools that can capture common features shared between otherwise diverse TCRs are
needed to identify how specificity is achieved (Fig. 1C)27. These tools often utilize
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protein sequence alignment (TCRdist),28:29 or incorporate features such as amino-acid
chemical similarity,30-33 shared-motif identification (GLIPH),343% and machine learning
techniques®®. The common thread between these methods is a sequence-based framework
where the single residue is the basic unit. However, structural analysis and molecular
simulation demonstrates variability and “jitter” between amino acid residue positions in
TCR/pMHC binding. Many sequence alignment tools employ a rigid representation of
peptides in exact sequence, somewhat akin to queries for similar gene sequences. However,
in protein-protein interactions, secondary structure can play important roles in bringing
non-adjacent residues into proximity, and strategies that can computationally account for
such possibilities may yield new insights when comparing and analyzing TCR amino
acid sequences. Further, identifying, through computational analysis of large data sets,
which regions of a CDR3 domain most strongly influence TCR:pMHC binding remains a
challenge that is not addressed by current TCR analysis tools.

Here we present Scanning PArametrized by Normalized TCR Length (SPAN-TCR) as a
tool for extracting structural and chemical insights from groups of antigen-specific TCR
sequences in a length-agnostic fashion. SPAN-TCR is based upon two hypotheses. First,
when multiple TCRs bind a single pMHC target, the structure of the protein complex will
likely be similar across the diverse CDR3 lengths and sequences, especially as the CDR3s
become more similarl®:37. Second, a tool that successfully extracts such similarities can

be used to describe entire sets of CDR3s by the frequency and location of these structural
similarities. Thus, by analyzing an entire set of antigen-specific TCRs, we may find patterns
of specific amino acids at specific positions along the CDR3 that serve an essential role in
forming the TCR-pMHC complex. The two practical challenges of SPAN-TCR are: 1) to
identify amino acid patterns of interest by their location and not their ordinal sequence (1%,
2nd nth): and 2) to generate metrics to assess the importance of such amino acid patterns to
antigen-specificity.

We use SPAN-TCR to first describe the relative positions of amino acids and amino acid
k-mers in CDR3 chains (Fig. 1D, Sup. Fig. 1A). Although k-mers can be of variable length,
we focus on 2-mers, since longer motifs are much less common. For example, unique
3-mers are found at ~1:20 the frequency of 2-mers. We postulate that if an amino acid
2-mer (YZ) is important for binding to a specific pMHC, then YZ in XYZX is likely
performing a similar function to YZ in XXYZXX. We also compare k-mers identified

by SPAN-TCR to similar motifs identified by GLIPH23435, We then use SPAN-TCR

to calculate informational entropy to identify high frequency 2-mers that we label as
‘essential’ or ‘super-essential’. An essential 2-mer is one that lowers the informational
entropy (sequence diversity) within its own (« or g§) CDR3 chain, while a super-essential
2-mer lowers the informational entropy within both CDR3 chains. We hypothesize that such
2-mers are important for TCR-pMHC binding, and we test this hypothesis by probing for
2-mer interfacial chemical interactions using molecular dynamics simulations. Finally, we
extend these SPAN-TCR algorithms to yield comparisons between sets of TCRs known

to bind to different antigens. SPAN-TCR is first validated through the analysis of public
data bases of TCRs specific to viral antigens, followed by explorations of newly sequenced
putative antigen-specific CDR3s against COVID-19.
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RESULTS

Antigen-Specific TCR Structural Landscapes Using SPAN-TCR

For CDR3 domains that bind the same pMHC target, SPAN-TCR assumes that binding-
essential amino acids are at similar relative positions. However, for CDR3s of different
length, their counting positions from the C-terminus may differ. Thus, we first normalize
CDR3s of TCRa and p chains (as defined by MiXCR38) by length. Positions 0 and 1 refer to
the N- and C-termini of the CDR3, 0.5 refers to the center, etc. A logo plot can show amino
acid usage across a set of CDR3s to illustrate this binning approach.3%40 In Fig 2A, 10-mer
CDR3s align with a 10-bin logo plot. However, sequences of different length are not simply
placed in such bins?131, Thus, a 1% increment bin resolution better resolves how amino acid
composition diverges between TCRs (Fig. 2A, Sup Fig. 1A).

A second refinement is to consider motifs comprised of consecutive amino acids. At each
position (besides the beginning and end), two 2-mer CDR3s are found. To represent the
change from one 2-mer to the next, a linear growth/decay weighting function is added

to smooth the transition. Physically, this represents the flexibility of TCR chains used to
achieve optimal binding conformations. We also sought to highlight stretches of chemical
relevance by ordering the amino acids according to physico-chemical metrics3! such as
hydrophobicity and molecular weight (Sup. Fig. 1B, C), or relative differences such as those
calculated from PAM#1 or BLOSUM®*2 algorithms. Finally, we choose a sequence-specific
weight for each 2-mer, which represents the quality of the CDR3 contributing each 2-mer,
either by a read percentage or confidence score.

The public data bases VDJdb3:16 (our primary reference), McPAS-TCR® and TBAdb4
were used. We used SPAN-TCR to identify all 2-mers in CMV pp65-specific CDR3s in
VDJdb (Fig. 2B for 2-mers with >3% frequency, linear decay weighting. Sup. Fig. 1D

for k=3). VDJdb provides a confidence score from 0-3, with approximately 100x as many
sequences reported with score=0 as score=3. Thus, we chose a sequence-specific weight of
58C0r€ sych that the net contribution of score=0 and score=3 sequences was similar. This
score can be adapted for different scenarios. The blue highlighted region shows the more
conserved sequences at the CDR3 N-terminus, consisting primarily of hydrophobic 2-mers
(CA, CI). The second region shows heavy use of hydrophilic chains such as TG/GN/NN at
the center of the o chain. The six most frequently observed 2-mers at the center of the CDR3
B chain are listed to the right of Fig. 2B, along with representative CDR3s that reflect the
different CDR3 lengths that contribute these 2-mers.

The positional flexibility of SPAN-TCR most resembles analysis by the GLIPH family of
methods34:35, which also focuses on local sub-regions of CDR3 sequences. GLIPH2 is a
method to extract previously unknown antigen-specific TCRs by identifying long, variable-
length strings of residues shared by many TCRs. SPAN-TCR utilizes a complementary
approach, whereby putative or known antigen-specific TCRs are analyzed to identify
smaller, fixed strings of residues important for TCR binding. We compared the two methods
by first using GLIPH2 to identify amino acid subsequences of note. We then applied SPAN-
TCR using longer 4-mers to determine the locations and compositions of these subsequences
(Fig. 2C, Sup. Table 1). GLIPH2 identified that motifs varying from 3—-10 amino acids are
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usually found between the 0.25 and 0.75 relative positions. After the most frequent 4-mers
(>0.5% abundance) were identified using SPAN-TCR between relative positions 0.25 and
0.75, the majority of these were a member of at least one and up to 10 GLIPH2 groups (Sup.
Table 2). Given these similarities between SPAN-TCR and GLIPH2, the differences are that
SPAN-TCR is applied to putative antigen-specific sequences, retains the spatial position of
the motifs, and illustrates the TCR composition of a set using the Logo-esque plot (Fig. 2 A,
B).

Quantifying Similarity Between TCR CDR3s Using SPAN-TCR

SPAN-TCR was used within an experimental workflow to compare CDR3s in a length-
agnostic fashion by step-wise 1% bin increments (Sup. Fig. 2A). At each bin, 2-mers
between 2 TCRs are compared, with the cumulative differences providing the distance
metric between TCRs (Fig. 3A). The distance metric was computed using binary
replacement and BLOSUM-derived chemical metrics*2, and compared to Levenshtein
distance (Fig. 3B, Sup. Table 3). A similar algorithm (TCRMatch) has been recently
reported33, and so we carried out this analysis only to validate our core algorithm

by analyzing VDJdb-reported CMV pp65 CDR3s specific to the epitope NLVPMVATV
presented on HLA-AOQ2, showing V/J gene usage of similarly clustered TCRs (Sup. Fig. 2
C-E).

To perform an in vitro validation, we isolated CMV pp65-specific (NLVPMVATV) T cells
using MHC-peptide dextramer constructs, and sequenced the CDR3s. After calculating

the difference between these CDR3s and CMV-specific, HLA-A02-specific VDJdb TCRs,
we found an enrichment of CMV-specific TCRs (Fig. 3C, inset), which was not seen

when comparing the experimental results to known TCRs specific to a different antigen

or a negative control set of TCRs (Sup. Fig. 2B). Of the entire TCR repertoire, most
sequences were not similar to any sequences found in VDJdb, which indicates that they
were either nonspecifically captured, or they are patient-specific TCRs unreported in VVDJdb.
The SPAN-TCR analyses resolved certain fine features to reflect differences in amino acid
biochemistry (Fig. 3C). As an example, for two highlighted putative pp65 TCRs, a VDJdb
match was found at Levenshtein distance of 1. With the binary replacement metric, the
longer TCR (red) was judged closer to its VDJdb match than the short TCR (blue), as a
single substitution is less disruptive to a longer sequence. Using the BLOSUM metric, a
CDR3 Y-F substitution (red) was distinguished from a G-D substitution (blue). SPAN-TCR
determined that the Y-F substitution resulted in a more similar TCR.

Sequence Entropy and Essential Motifs

We coupled SPAN-TCR with information theory to identify 2-mers likely essential to
antigen-specific binding. We hypothesized that there can exist “essential” 2-mers in a TCR
that, once identified, can be used to predict the rest of the CDR3 sequence. By contrast,
non-essential k-mers provide little information about the rest of the TCR. For a set of TCRs,
we calculate the Shannon informational entropy of k-mers found at each 1% increment bin
of the CDR3 (Fig. 4A). High entropy suggests a large diversity of 2-mers, as observed at
the center of CDR3s. Low entropy signifies similar 2-mer usage, as found at the N- and
C-termini.
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To determine if a 2-mer is essential, the entropy is calculated for the set of TCRs containing
that 2-mer relative to the full set (Fig. 4A). A binding-essential 2-mer would be expected to
lower the entropy (or sequence diversity) of antigen-specific CDR3s that possess that 2-mer
at a similar relative location. We can further identify “super-essential”” 2-mers that restrict
the sequences of not only their own chains but also of their paired o or p chains. Entropy
plots often have a characteristic humped structure, due to some lengths of CDR3s being
more frequently reported in databases. For pp65 CDR3s, 11-mer « chains are most frequent
(Fig. 1B), and this leads to the 11 peaks and 10 dips observed in Fig. 4B (red line).

We used SPAN-TCR to scan paired o and g chain TCRs and measure the binned 2-mer
entropy of TCR sets (Fig. 4B, Sup. Table 4), and extracted the most common 2-mers at the
center of the o chain (>10 appearances in VDJdb, bin «=0.5). We plotted the bin entropy

for TCRs containing that central 2-mer (colored lines). Note that in all plots, the entropy
dips in the middle because of the forced presence of the specific 2-mer. However, the overall
contour of these entropy plots provides a metric for the essential nature of the 2-mer.

For some 2-mers (GG, AG), the entropy is minimally reduced (Fig. 4B, grey and orange
lines), and so these 2-mers are replaceable (Fig 4C, left). For GN and TG, the entropy of the
a chain only is reduced, suggesting an essential role only for the « chain (Fig 4C, middle).
The NN, NA, TS, and SY 2-mers are super-essential, lowering both « and p-chain entropy
(Fig 4C, right). Note that “essential”” does not reference the TCR:pMHC binding affinity or
the frequency of the 2-mer usage.

We used molecular dynamics simulations to explore the role of k-mers in TCR-pMHC
interfaces. Crystal structures of the pMHC-bound TCR complex are rare and we were
unable to find structures that contained the same k-mers. Thus, we used the AlphaFold
molecular dynamics simulation algorithm to simulate the folding of TCR-pMHC complexes.
First, using three existing structures with no shared 2-mers, we observed nearly identical
structure between the simulated folded molecules and the measured crystal structures with
an average RMS error of ~ 1 Angstrom (Sup. Fig. 3A). After determining that the algorithm
reproduced TCR-pMHC complexes, we explored how the super-essential 2-mer NN may
interact with the CMV pp65 epitope®3. We collected 10 reported paired CDR3s that utilized
NN 2-mers near the center of the o chain. Using the simulated folded complexes, we
observed repeated interaction motifs, including hydrogen bonds between the 2-mer and the
epitope, MHC, and/or TCR p chain (Fig. 4D, E, Sup. Fig. 3B). These calculations suggest
that a super-essential 2-mer may participate in bonding interactions but that the details of
those interactions are context-dependent.

We extended this entropic analysis to identify essential 2-mers for paired « and g pp65-
specific CDR3s (Sup. Fig. 3C), and essential 2-mers at the center of the « chain of other
major VDJdb epitopes (Sup. Fig. 3D), showing some epitope-dependent similarities (Sup.
Fig. 4A). Hydrophilic 2-mers appear more essential than neutral 2-mers (G, A-containing
2-mers). 2-mers with charged amino acids (N, K, Q, R) are most frequently associated with
large entropy reductions. Clustering k-mers by BLOSUM metrics provides more chemical
insight into TCR composition (Sup. Fig. 4B). These general findings were generally

Cell Syst. Author manuscript; available in PMC 2024 April 19.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Xu et al. Page 7

consistent across all three databases (VDJdb, McPAS-TCR, TBAdb) (Sup. Fig. 5) with
differences emerging due to distinct CDR3s contained in one data set but not the others.

SARS-CoV-2 TCR Analysis

We analyzed >150,000 recently published putative SARS-CoV-2 epitope-specific TCR B
chain sequences using SPAN-TCR, arranged by specificity to 269 peptides or peptide
groups*4:45. Considering only sets with >500 reported TCRs (n = 61, Sup. Table 5), we
grouped TCRs by their antigen specificity and performed SPAN-TCR entropy analysis to
identify essential 2-mers. For each antigen, we selected 2-mers at each 1% increment of
CDR3 position with >3% frequency and plotted the reduction in entropy to identify the most
essential 2-mers (see the YLNTLTLAV example of Fig. 5A). The most essential 2-mers
were adjacent to the center of the CDR3, such as “GE” in the YLNTLTLAV epitope group
(Fig. 5B).

We identified 2-mers (>3% frequency) that produced the largest average entropy reductions
across all MIRA epitopes. As a case study, we explored the 2-mer YE in Fig 5C because it
has both high frequency and a large entropic effect. Next, we determined the epitopes where
specific 2-mers are most essential. After plotting the frequency and entropy reduction of YE
2-mers in 1% bins across all epitopes (Fig. 5D), a clear outlier was observed, identified

as the MIRA group [SEHDYT, which is specific to epitopes SEHDYQIGGYTEKW,
YQIGGYTEK, and YQIGGYTEKW. Only in [SEHDY] is YE both frequent and essential.
In fact, among high frequency 2-mers in [SEHDY]-specific TCRs, YE has the greatest
impact on entropy (Fig. 5E). Finally, by plotting the composition of all TCRs containing
YE in the position range from 0.7-0.8 (Fig. 5F), we identified the frequent appearance of
GXG motifs at the center as GX 2-mers followed by XG 2-mers, with more diverse yet
mostly hydrophobic k-mers in the 0.5-0.6 position range (GL, GV, Gl, indicated by the blue
sections).

We contrasted VJ gene usage among YE TCRs in [SEHDY] with another epitope group
(AFPFTIYSL, GYINVFAFPF, INVFAFPFTI, MGYINVFAF, NVFAFPFTI, NVFAFPFTIY,
YINVFAFPF) [AFPFT], which is also circled in Fig. 5D and appears at similar frequency.
The entropy of J genes is similar between the two epitopes (Fig. 5D inset), but the entropy of
V gene is 0.64 in [SEHDY] and 3.29 in [AFPFT]. Thus, YE is far more essential to binding
in [SEHDY] than [AFPFT].

Epitope Sequence Correlation to TCR Sequence Entropy

We sought to establish relationships between different epitopes and their associated T cell
clonotypes using SPAN-TCR entropy analysis. We defined the entropy reduction profile
for a given epitope by first calculating the reduction in entropy induced by each 2-mer

at each position. We then calculated the Euclidean distance between profiles for each of

17 major epitopes with >200 paired chains in VDJdb. These entropy reduction profiles
reveal which epitope-specific TCR groups utilize essential 2-mers at similar positions in
their o and g chains (Fig. 6A). Here, each dot on the violin plot represents a cross-epitope
comparison. A violin plot with lower values, exhibited by KLGG... and AVFD..., suggests
that similar essential 2-mers are shared at the same position between the TCR sets specific
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to these epitopes and those specific to the 16 other epitopes. The profiles of certain epitopes
(NLVP... and DATY ...) were consistently more different than others, likely reflecting an
increased usage of rare k-mers.

Plotting the entropy profile difference against the Levenshtein distance between epitopes,

we observed a weak but significant correlation (Fig. 6B, Sup. Fig. 6A). This relationship
was maintained despite TCR sharing between epitopes, which was not correlated with the

Levenshtein distance between epitopes (Sup. Fig. 6B, C). The entropy reduction profiles of
two epitopes with small entropic differences (KLGG... vs AVFD...) are plotted side-by-side
(Fig 6C, left, top 20 differential k-mers). Here, we find similar essential k-mers. This
contrasts with two epitopes with a large difference (Fig. 6C, KLGG... vs DATY....). Three
epitopes (KLGG..., AVFD..., and RLRA...) form a triad of the smallest entropy profile
differences, perhaps due to common TCRs reported in the database or cross-reactivity of
similar TCR sequences.

A similar correlation of epitope-epitope Levenshtein distance and entropy profile difference
was observed (Fig. 6D, Sup. Fig. 6D-F) using the entropy reduction profiles of p chains
from MIRA epitope groups (Sup. Fig. 7). However, in MIRA, there was very little sharing
of TCRs between epitope groups (Sup. Fig. 6D, E). The correlation of epitope Levenshtein
distance and entropy profile difference was also observed at the individual epitope group
level (Sup. Fig. 6F). Relationships between two sets of TCR sequences can be challenging
to extract. Here we distill, from a set of disparate TCR sequences, their most influential
features, the essential k-mers. This approach reveals relationships across epitopes and their
cognate TCRs.

DISCUSSION

SPAN-TCR is a suite of tools for the analysis of large databases of diverse TCR CDR3
sequences. It is based on the observation that the TCR-pMHC interaction is somewhat
constrained by the TCR-pMHC binding conformation, even for TCRs of different length.
The primary goal of SPAN-TCR is to identify subsequences of TCRs that have outsized
influence on TCR-pMHC interfaces. Our strategy is complementary to other TCR analysis
such as GLIPH3%, TCRdist3!, TCRMatch33, or ALICE32, which each compare TCR
sequences to each other. The use case for SPAN-TCR that we propose is to study

sets of putative antigen-specific sequences, to generate visual representations of TCR
composition, and to use entropic analysis to stratify k-mer motifs by their contributions

to antigen-specificity. The challenge of understanding how different TCRs bind the same
PMHCs is simplified by SPAN-TCR, which provides comparative TCR:pMHC binding
insights from analysis of large TCR databases using multiple strategies. These include

a normalization step to compare variable length CDR3s, the incorporation of smoothing
functions to simulate peptide flexibility, and the incorporation of specific amino acid
physico-chemical metrics. While these steps do not eliminate the variability of TCR-pMHC
binding orientation from the model, essential k-mers discovered through SPAN-TCR appear
to reflect groups of TCRs where the binding orientation is most similar.
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TCR-pMHC binding can involve solvent-removing hydrophobic effect, hydrogen bonds, or
salt bridges8, all of which may require more than one amino acid to initiate, thus motivating
our use of k-mers. A distinguishing feature of this work is the use of informational

entropy to distinguish between the distinct concepts of enriched k-mers and essential (or
super-essential) k-mers. K-mers that are not enriched cannot be essential, but k-mers can
be enriched but not essential. The characteristic of a k-mer being essential likely has
implications. For example, super-essential k-mers may generate low affinity TCRs in one
chain and require a specific paired chain, whereas essential k-mers define a single high
affinity chain giving more flexibility to the paired chain sequence. We believe that further
designs for TCRs may be centered around these essential k-mers as anchor points or
sources of intermolecular bonds. Further experiments are needed to verify this hypothesis,
and other types of entropy measurements may reveal further insights®’. Interestingly,

while hydrophilic 2-mer motifs are relatively low in frequency compared to hydrophobic
motifs*8-50, they can be deemed “essential” by SPAN-TCR®152, |n fact, large scale

MD simulations suggest that these hydrophilic essential 2-mers participate in interfacial
hydrogen bonding.

By mining databases of TCRs specific to SARS-CoV-2 viral antigens, we identified that
essential k-mers are most likely to be found adjacent to the center of the chain (positions
0.35-0.45, 0.55-0.65). Entropic analyses of TCRs specific to diverse epitopes identified
similarities in the identity and locations of essential k-mers between specific but very
different epitopes. Such relationships were found in both VDJDB and MIRA databases,
which contain epitopes from a variety of pathogens and SARS-CoV-2 epitope specific
CDR3s, respectively. While VDJDB contains many shared TCRs between antigens, MIRA
does not (Sup. Fig. 6C, E), suggesting that this finding is robust and independent of

the degree of TCR sequence sharing between datasets. The viral antigens explored here
represent well-studied examples of epitope-specific TCRs. As novel data is generated on
emerging epitopes and immune-oncology-related neoepitopes, tools like SPAN-TCR should
provide insights and permit comparisons across data sets®3:4,

SPAN-TCR’s niche lies between CDR3 sequence alignment strategies®®, which can
oversimplify a complex binding interface that includes CDR3-HLA interactions and non-
CDR3 interactions®®:57, and full molecular simulations®8:5%, which remain expensive®0.
Unlike certain machine learning tools®1-66 we do not try to predict TCR specificity but
instead identify k-mers that are likely important for TCR specificity. One common ground
between SPAN-TCR and machine learning is our reliance on reference data such as VDJdb,
and standardization of quality control in these data will be an important topic for the field at
large.

Another biological limitation that affects the entire field of TCR sequence analysis is

HLA specificity. Epitopes do not present universally across HLA alleles and measuring the
extent of shared TCR specificity across HLAs is a complementary field of research7.68

that is being propelled by TCR-affinity capture and TCR sequencing strategies869.70, The
collective advances of these experimental and computational toolsets are beginning to reveal
new patterns and insights into the vast diversity of adaptive immunity.
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STAR Methods

Resource Availability

Lead Contact—Further information and requests for resources and reagents should be
directed to and will be fulfilled by the lead contact, James Heath (jheath@isbscience.org).

Materials Availability—This study did not generate new unique reagents.

Data and Code Availability

. Single-cell TCR-seq data have been deposited at GEO and are publicly available
as of the date of publication. Accession numbers are listed in the key resources
table. TCR sequence data was obtained from VDJdb, McPAS-TCR, TBAdb, and
MIRA databases. Links are provided in the key resources table.

. All original code has been deposited at Github and is publicly available as of the
date of publication. DOIs are listed in the key resources table.

. Any additional information required to reanalyze the data reported in this paper
is available from the lead contact upon request.

Method Details

Publicly available data from four TCR databases, VDJdb, McPAS-TCR, TBAdb, and the
MIRA database®* were used. VDJdb chains were all MHC Class | specific. SPAN-TCR
analysis can be performed for paired chains only, or all « and p chains. Each « and g chain
was first normalized by its length. Within each chain, for each relative position from 0 to 1,
by increments of 0.01 or 0.1, the k-mers that overlap with that position were recorded. The
contribution of each k-mer at each relative position is summarized by the function;

Chomer, position = Z frequency(TCR) % N position x weight(kmer, position)
TCRs kmer

Where frequency is either the number of reads for the TCR, or a function based on the
quality of the TCR within the database. Here we applied exponential frequency functions
(VDJdb: 55¢°¢ McPAS-TCR: 2id-method TBAdh: 39rade) This function is malleable, the
exponential terms here were chosen to allow high score values and low score values to
collectively contribute similar weights, i.e. there were approximately 100x as many score=0
terms in VDJdb as score=3 terms. The choice of function depends on the nature of the input
data, with the overall goal to emphasize the contribution from high quality CDR3s and limit
noisy, low confidence data. The n symbol denotes the k-mers that intersect with the position
being investigated, and weightis a function based on the location of each k-mer and the
relative position being analyzed. Here, weight is based on the formula:

weight(kmer, position) = 2 * position i f(position<0.5);2 — 2 * position i f(position>0.5)
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Where position is the relative position within the sphere of influence of each k-mer. This is
a linear decay function from the center point 0.5. For paired chain analysis, « and p chains
were individually analyzed and then concatenated.

Individual k-mers were analyzed as the sum of the properties of its component amino
acids. Each k-mer was assigned either a universal value for comparison purposes such
as hydrophobicity, or a relative distance matrix was constructed to compare k-mers. An
example distance matrix derived from BLOSUMBG62 is presented in Sup. Table 3. The
entropy is a standard Shannon entropy calculation:

S position = Z = Dkmer, position * IOg(Pkmer.pwizian)
kmer

WHhET€ Dier. posivion 1S the contribution for a specific k-mer at the position: Ci.er. yosicion/ Crosition: THIS
calculation is performed on the contributing k-mers at each relative position. Other entropy
or diversity metrics may be substituted.

SPAN-TCR Parameters—The SPAN-TCR representation of sequence diversity reveals
common amino acid k-mers utilized for binding a pMHC target at relative positions of the
CDR3. It can be interpreted as a logo plot. A large block of color indicates k-mers that are
used most frequently, and the color indicates a property of the k-mer such as hydrophobicity.
Our computational model is designed to capture the critical chemical interactions that
happen at the TCR-pMHC interface, and to account for the variable lengths of TCR CDR3
regions that are experimentally found, while capturing the elements of CDR3s that are
shared between different TCRs recognizing the same antigens. To this end, there are two
critical parameters.

The first parameter considers how consecutive amino acid residues coordinate their chemical
characteristics to comprise a binding motif. Do we consider each residue separately (k=1),
or do we consider pairs or longer strings of residues (k=2, 3, etc.)? The second is the
position of k-mers at the binding interface, which uses the concept of binning and weighting.
Increasing binning increases the spatial resolution of the interface to resolve CDR3s of
unequal lengths, and weighting accounts for flexibility within the TCR peptide chain,
whereby the local influence of a k-mer at the interface can be adjusted.

To illustrate this model, one can consider a simple example: amino acid 1-mers for a set of
two 10-amino acid CDR3s in a 10-bin comparison (k=1, 10 bins). Since all CDR3 regions
are the same length, binning is trivial, with each residue comprising one bin. This results
in one-to-one comparisons between each CDR3 residue. Graphically, bars represent the
percentage of CDR3s with an amino acid at each position (Fig. 2A). Common amino acids
are taller regions on the SPAN-TCR plot, and the width of a region indicates the relative
length of the CDR occupied by the amino acid (10% for k=1, 10 amino-acid CDR3s). This
is equivalent to a logo plot.

Next, consider a set of 2 CDR3s of unequal length, again binned into a 10-bin comparison.
For a CDR3 shorter than 10 amino acids, the 1st amino acid is found in bin 1 and bin
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2, muddling the position of residue #2 (Fig. 2A). Parsing this comparison into 100 bins
does a better job of locating the relative positions of each residue (Sup. Fig. 1A for CMV
pp65-specific TCRs). Thus, increasing binning resolves the differences between TCRs and
shows the structural similarities where sequence-based comparisons do not.

SPAN-TCR Options—Each dataset, whether obtained using the 10X Immune Profiling
platform or one of the 3 databases, was preprocessed. Paired chains containing multiple

a or p chains were considered as multiple paired chains (i.e. « chain 1 and p chain 1

and 2 =« chain 1 and p chain 1; « chain 1 and g chain 2). Separate weight functions

were used for each data format. For VDJdb, a vdjdb.score metric was supplied ranging
from 0 to 3. The scoring is described here: https://github.com/antigenomics/vdjdb-db/blob/
master/README.md, and the weight function applied was equal to 5*vdjdb.score. The
MCcPAS database uses a similar metric ranging from 1 to 3, with subcategories within

each score. PIRD uses a cumulative grading metric described here: https://db.cngb.org/pird/
tbadb/. The BLOSUM-derived distance matrix is created by setting all BLOSUMG62 values
greater than 3 to equal 431, and subtracting these values from 4 to create a distance matrix
where 0 denotes an amino acid match. The matrix for k-mers is calculated by the sum of
pairwise distances at each position of k-mers, for each combination of k-mers. For entropy
contribution analysis, only epitopes that contributed over 250 paired entries were considered.
For unpaired TCRs, cutoffs of 250 entries for VDJdb and 100 for MCPAS and PIRD were
used.

GLIPH2 Analysis—GLIPH2 was performed using the executable version and the default
parameters (see Data and Code Availability). The default reference files for both CD4

and CD8 T cells were used, available from the same website. VDJdb pp65 CMV epitope
GLIPH2 analysis was performed using all pp65-specific TCRB sequences reported in
VDJdb. SARS-CoV-2 GLIPH2 analysis was performed using input data from 10X TCR
sequencing. To compare GLIPH2 results with SPAN-TCR, all SPAN-TCR 4-mers that were
found in any GLIPH2 group were recorded. As GLIPH2 does not analyze the beginning
and end of the CDR3 chain, only SPAN-TCR k-mers in the middle half of CDR3s were
considered.

Dextramer Pulldown and Sequencing—UV-mediated peptide exchange was used to
generate HLA-A2 MHC-I monomers presenting peptides of interest (pMHC). 50 pl of 2
UM biotinylated HLA-A2 MHC-1 monomers with UV-cleavable peptides (Fred Hutchinson
Cancer Research Center Immune Monitoring Shared Resource) was combined with 2.5

pl of ImM CMV pp65 peptide NLVPMVATYV (IBA-Lifesciences) in a single well of a
96-well v-bottom polypropylene plate (Corning) and exposed to UV (360 nm) for 1 hour
in a UV Crosslinker (Boekel). UV-exchanged pMHC were used immediately for dextramer
formation and cell labeling.

Dextramers were made by MHC-I multimerization and dextran doping’1. pMHC monomers
were combined with PE- or APC-conjugated streptavidin (Thermo Fisher Scientific) at a 3:1
molar ratio in the dark at room temperature for 10 minutes. Streptavidin/pMHC complexes
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were combined with biotin-dextran 500 kDa (Nanocs) at a 20:1 molar ratio in the dark at
room temperature. The dextramer reagent was then clarified for 2 minutes at 15,000 g.

PBMCs from HLA-A2 healthy donors (StemCell Technologies) were cultured in R10
media (RPMI 1640 supplemented with 10% heat-inactivated FBS, glutamax, penicillin
and streptomycin) stimulated with 1000 U/ml recombinant IL-2 (PeptroTech) and 1 pug/ml
peptide for 14 days. IL-2 and peptide were replenished every 3—4 days and the culture
volume was expanded 2x on day 10.

5 x 107 cells from the expansion culture were washed with 1X PBS and resuspended

in 100 pl of 50 nM Dasatinib (Cayman Chemical) for 30 minutes. Clarified PE- and
APC-conjugated dextramer reagents were diluted 2.5X with 1X PBS and 100 pl of each
was added directly to the Dasatinib treated cells for 1 hour. Cells were washed 2X with

1X PBS and incubated with a cocktail of anti-PE, anti-APC, anti-CD3-APC eFlour 780
(Clone SK7; Invitrogen), and anti-CD8-FITC (clone RPA T8; BD Biosciences) as per
manufacturer’s instructions for 30 minutes. Cells were washed and resuspended in 1X PBS
at 1 x 107 cells/ml for immediate FACS sorting. CD3+ CD8+ dual PE and APC+ cells were
sorted into R10 media using a MA900 Cell Sorter (Sony). Fluorochrome compensation was
performed using UltraComp eBeads Compensation Beads (Thermo Fisher Scientific). Cells
were pelleted, counted, and used directly for Single Cell Immune Profiling (10X Genomics).

Distance Function—The distance function between two TCRs was calculated by
scanning along the relative position of the CDR3s. At each position range, i.e. the n 1% of
the CDR3, the k-mers of each chain that influence that position are recorded for the initial
chain and the comparison chain. For each k-mer of the initial chain, the distance to any
k-mer of the comparison chain is recorded as the accumulated distance by the formula:

Arcri,rcre = Z Clomer, position, TCR1 * diff(kmerTCRh kmerTCRZ) * Crmer, position, TCR2
position

Where diffis a function describing the distance between two k-mers. Two difference
functions were demonstrated here, one using a simple replacement matrix:

A= 0if(i = ) Lifi #j)

And one using the BLOSUMG62 derived matrix in Sup. Table 3.

Entropy Calculations—The entropy at each relative position was calculated for groups
of TCRs as well as subsets of TCRs that contained contributions from specific k-mers

at specific relative positions (i..Ciper. yosiion > 0). Heatmaps were colored by their relative
contributions to the average entropy across the entire CDR3 analyzed (paired or single)
compared to the subset with the highest entropy (typically the full group of antigen-specific
TCRs) or the complete set of CDR3s, with full data table examples for paired and unpaired
TCRs in Sup. Tables 6 and 7. If the subset of TCRs containing a k-mer at a specific location
was below a threshold that k-mer was removed from the analysis as the entropy would
necessarily be low. To obtain entropy profiles, all k-mers in 1% bins that appeared above a
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threshold (3% of sequences) were found, and entropy reduction was calculated for subsets of
CDR3s containing such k-mers. A matrix was constructed containing the entropy reduction
per k-mer per 1% bin, vectorized, and compared to entropy profiles of other epitopes by
Euclidean distance.

Entropy Metric Examples—To illustrate the entropy metric in TCR sequences, we
consider the extremes among CMV pp65-specific TCRs. The simplest essential k-mer is a
complete antigen-specific paired a and g chain. The set of TCRs that contains this k-mer is
the complete TCR itself, so each SPAN-TCR bin has 1 or 2 k-mers only and minimal bin
entropy.

In contrast, the initial C residue observed at the beginning of CDR3 « and  chains does not
provide information about the rest of the TCR. Almost all CDR3s contain an initial C, so
entropy in the first bin of these o and B chains is 0 for k=1 since all these chains begin with
C. Entropy remains low for k=2 given the limited number of starting k=2 k-mers. The bin
entropy rises as we continue down the TCR. The entropy at the center of the « (bin «=0.5)
and p (bin p=0.5) chains is high with many different k-mers found, before the entropy falls in
bins at the end of « and g (bin o/p=1) chains until the common terminal F is observed (Sup.
Fig. 3A, k=1).

Entropy Considerations—We determined that for each k-mer, if the subset of TCRs that
contains the k-mer at a specific location reduces the entropy of the subset substantially, this
signifies that the k-mer is essential to binding. Another line of reasoning may conclude that
for a k-mer such that the subset of TCRs with the k-mer at a specific location has high
entropy, this k-mer may be essential for binding due to the “popularity” of the k-mer. That
is, since many diverse TCRs have the k-mer at the position, the k-mer may be needed for
binding for each of these TCRs.

We believe this second interpretation to be inaccurate, first due to conflation with general
amino acid prevalence, as k-mers that do not reduce entropy often contain the most common
amino acids, G, L, A, V, S. Thus, these k-mers are more likely to be observed frequently
enough by random chance to pass the selection thresholds for our analysis but are otherwise
similar to any other k-mer, which is supported by the minimal change in entropy for

the subset. Second, while these k-mers that do not reduce entropy may appear in many
diverse TCRs and assist in TCR binding to a pMHC, they do not seem to contribute to the
specificity of the TCR to a specific epitope. This is illustrated by Fig. 5B, where the k-mers
that do not reduce entropy are often observed widely across many peptide epitopes. These
k-mers typically have minimal side chain functionality, and their function may be to add
flexibility as posited in the discussion, or serve as spacers between more functionally active
amino acids during binding with the pMHC to prevent overly tight binding®8. Thus, we
believe that while a k-mer that generates a high-entropy subset may either appear through
chance or serve an important, albeit functionally quiet role, these k-mers do not appear to be
responsible for the specific binding of TCR-pMHC complexes, in contrast to k-mers that are
found in many TCRs which result in subsets of TCRs that have similar composition and low
entropy.
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Molecular Dynamics Simulations—Structures were generated using the multimer
preset of Alphafold2. All settings were run at the default using structures found in the
RCSB-PDB, and the max template date was set to June 20th 2022. Sequences for the
variable, joining and constant regions of the TCR were found from IMGT. Sequences for the
HLA-A2 region were found from https://www.rcsh.org/structure/4U6Y in the RCSB-PDB.
To generate the alignment error data between known and unknown structures, ChimeraXx’s
Matchmaker tool was used, using the “Best Aligning Pairs of Chains Between Reference
and Match Structure” setting, using the Needleman-Wunsch pairwise sequencing algorithm,
and the BLOSUM-62 similarity matrix. Reference structures were found from the RCSB-
PDB and used for comparison.

SARS-CoV-2 Analysis—MIRA TCR sequences were obtained and analyzed from the
Immunoseq database. Each read from immunoseq was assigned a score of 1 for SPAN-
TCR analysis. For each k-mer, if more than 3% of CDR3s contained that k-mer in a 1%
increment, the k-mer was included for entropy analysis.

Entropy Reduction Profile—The entropy reduction profile comparison between TCR
sets was obtained by calculating the entropy reduction among all 77 possible k-mers at each
1% increment. The n7x 100 (200 for paired TCRs) matrix was converted into a single vector
for each epitope TCR set, and the Euclidean distance between vectors was calculated. For
Levenshtein distance between MIRA epitope groups, the minimum distance between the
epitopes present in any group was used as the Levenshtein distance between epitope groups.
Entropy reduction is a unit-less metric.

Software and Packages—Analysis was performed in R 4.1.1 and RStudio 1.4.1717
using packages dplyr, data.table, and uwot. Images were generated using packages ggplot2,
pheatmap, and ggnewscale. GLIPH is available from http://50.255.35.37:8080/, SPANTCR
code is available at https://github.com/alexandermxu/SPANTCR.

Quantification and Statistical Analysis

The correlation between the Levenshtein distance between epitopes and the distances
between entropy reduction profiles of TCRs specific to epitopes and p-values were
calculated using a linear regression model (Im function in R). As reported in Figure 6,

n represents the number of groups of TCRs specific to a single epitope, and the total

number of comparisons is calculated as nc2. Comparisons between epitopes use the entropy
reduction profile, which is the Euclidean distance between two high-dimensional vectors.
Thus, comparisons are relatively independent, i.e. knowing the distance between entropy
reduction profiles between A and B, and B and C, provides little information on the distance
between A and C. For some epitope-specific groups that share TCRs, we explore possible
correlations in Supplementary Figure 6.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Highlights

T-cell receptors have subsections (CDR3s) of varying length used to bind
antigen.

SPAN-TCR is a tool to compare amino acid composition of CDR3s of all
lengths.

Entropic analysis reveals short amino acid motifs most essential to binding.

Binding motifs display patterns between o/ TCR chains and across epitopes.
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Figure 1. A length-agnostic framework to characterize TCRs.
A. Crystal structures of different CMV pp65-specific TCRs show that TCR « (blue) and B

(red) chains bind in similar conformations. B. A wide range of CDR3 lengths are reported
for sets of TCRs that bind to a specific target (red, CMV pp65 epitope), TCRs reported

in the VDJdb database (blue), and sequenced TCRs from a human donor (green). The
relative frequency of amino acids across the entire CDR3 is shown on the Logo plot

(right). C. CDR3 sequences that bind the same target share common amino acid features
(highlighted in red). The chemical contexts of these features such as CDR3 length or amino
acid hydrophobiciity are associated with specificity to antigen. D. TCRs of different lengths
are difficult to compare. SPAN-TCR normalizes the length of TCR CDR3s, then searches
for amino acids or k-mer subsequences at similar positions, which may be likely to interact
with the same section of the p-MHC (highlighted in red). For each k-mer, we determine first
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if the k-mer appears frequently at a position. Next, we determine if sequences that have the
k-mer at the position are diverse or repetitive using entropic analysis.
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Figure 2.
The landscape of amino acid usage within CMV pp65 antigen-specific TCRs. A. SPAN-

TCR analyzes the amino acid composition of TCR sets using bins. By increasing bin number
from 10 to 100, differences are finely resolved. SPAN-TCR further targets k consecutive
amino acids (k-mers). The weighted influence of a k-mer is strongest at its center and decays
as the next consecutive k-mer increases its influence. B. The SPAN-TCR formula used to
generate a weighted display of k-mers for k=2. Low frequency (<3%) 2-mers are shown in
gray and otherwise colored by hydrophobicity (linear scale, hydrophobicity index relative

to glycine). Common 2-mers near the center of the chain, and the CDR3s containing those
2-mers are shown. C. Comparison of SPAN-TCR and GLIPH. GLIPH identifies enriched
subsequences, which can be projected onto SPAN-TCR representations of TCR sets. SPAN-
TCR k-mers for k=4 found in GLIPH groups, and number of GLIPH groups each 4-mer
belongs to, are plotted.
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m@g C Comparison of Measured and Known CMV pp-65 Specific TCRs
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Figure 3.

SPAN-TCR Distance Measurements. A. Using fine bins, SPAN-TCR compares CDR3
chains of variable lengths. B. Comparison of distance metrics. While a binary metric does
not discriminate between a Tyrosine substituted with either Phenylalanine or Cysteine,

the BLOSUM metric quantifies the chemical difference (ATyr-Phe < ATyr-Cys). C. The
distance between a putative antigen-specific repertoire and the existing set of reported
antigen-specific CDR3s is represented by Levenshtein distance (x-axis) and Binary and
BLOSUM SPAN-TCR metrics (y-axis of separate plots) to resolve finer differences. CDR3s
found in the lower left quadrant are most similar to the known CDR3s and thus more

likely to share antigen specificity. SPAN-TCR reveals that among the nearest Levenshtein
neighbors, the Y->F replacement produces the nearest neighbor.

Cell Syst. Author manuscript; available in PMC 2024 April 19.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Xu et al.

A

High Entropy

C

C

C

Entropy

CARNTGNQF)

CAVSGSY. .
AFITGNQFR

CILDNNNL

Medium Entropy

Low

APGNTGKL:

AN

C AG: Replaceable k-mer

All TCRs a
o — B s CAAPGAGSYQLTE
CAVRONQAGTALIF
Entropy m m CAVREDNAGNML 2
7 | H CAVVDOAGTALIF
F k-mer Specific Entropy Rl |
IF A —xx— ﬁ T CVWSEWAAGNKLTE
/F Highly diverse D‘ CIVRVGAAGNKLTF
; Small effect m CAVKGAGSYQLTF
R Single chain CAVTYSGAGSYQLTF
LF d I I:! D CVVVAYSGAGSYOLTF
telpect CAVRRAGNDOMRE
CALNQAGTALIF

Double chain
Effect &. b*ﬁ.

P

CASTLWSATNEKLFF
CASSAGSGSGYNEQFF
CASGPLLLMTNEQFF
CASSAGGGSYNEQFF
CASSLFVGGPGNEQFF
CASSQEQGDIQYF
CSARDVPGTTLGGEL FF
CSARYGSTCEQYF
CASSFLQGNQPQHF
CASSLTGTTYGGYTF
CASSGTNSPLHF
CASSLTTLAGVPYEQFF

High entropy in both chains

GN: Single-Chain Essential

a

CATNTGNQFYF
CARNTGNQFYF
CAFITGNQFYF
CARNTGNOQFYF
CARNTGNQFYF
CATENTGNQFYF
CARNTGNQFYF
CAGPIPPGNEKLTF
CAFITIGHNQFYF
CARNTGNQFYF
CAKNTGNQFYF
CARNTGNQFYF

B

CASSPOTGTIYGYTF
CASSYQTGTGTYGYTF
CASSOTQLWETQYF
CASSPQTGVGNYGYTF
CASSYVTGTGSYGYTGF
CASSVGLPYEQYF
CASSYOTGAGGYGYTGF
CASSSANYGYTF
CASSOTOLWETQYF
CASSFOTGASYGYTF
CASSPOTETIYGYTGF
CASSPVTGGLYGYTGF

High entropy in B chain

Page 26

a
CAETPGPSYDKVIF
CAGKTSYDKVIF
CAGPMKTS YDKVIF
CAGPRETS YDKVIF
CAGPRETS YDKVIF
CAVTPPPSYDRVIF
CAGPROTS YDKVIF
CAGPRETSYDKVIF
CAGPMKTS YDKVIF
CAGPEKTS YDKVIF
CAGPMKTS YDKVIF
CAGPMETS YDKVIF

‘SY: Double-Chain Essential

B

CAWSISDLAKNIOYF
CATEQGMHEQYF
CASASANYGYTF
CASASANYGYTF
CASSSAYYGYTF
CASSSVSGYTF
CASSSANYGYTF
CASSSANYGYTF
CASSSAHYGYTF
CASSSANYGYTF
CASSSAFYGYTF
CASSSANYGYTF

Low entropy in both chains

Position Mo predictive power GN predicts a chain only SY predicts entire TCR
B a B a
™ Base =»
2 ! - m GN —
5 A Vi TG = Base
g M\ = NN = GN
o | = EE 1 SY
= J |
g " =TS AG
i . SY =
Al ] =AG—-
0 05 10 0.5 1 0 0.5 1
D E TCRJCDR3a CDR3B Hydrogen Bonds
T’{ 2 1 CAASGGNNNDMRF |CASSVTPSSYNEQFF N122->K66 (MHC)
H:‘j_;«, L‘/Lé . h N122->N1 (Epitope)
i 7 N A 8t N124->N69 (TCRB)
’J/ ‘:{)!:4»*, 9 _.f - _J,(,_f,\!\‘ 2 |CAGDNNARMLF  |CASSSDPSGGGYNEQFF|N112->R65(MHC)
H-boRd v - 5 @ N112->K66(MHC)
\ MHC N A n» 3 |CAVRNNNARLMF |CASSVVNEAFF N115->K66 (MHC)
Ay N115->T163(MHC)
TCR1 ~ TCR2 TCR3
Figure 4.

Entropy-based analysis of TCR repertoires. A. In a set of TCR sequences, the entropy at
each position measures the diversity of amino acid (or 2-mer) usage. Low entropy at a
position indicates repeated usage of 2-mers, possibly important for epitope binding and
recognition. To determine if a 2-mer is important for binding, the subset of TCRs containing
a 2-mer is isolated. Entropy calculated at every position can be unaffected in the subset
relative to the whole set, reduced in the same chain, or reduced in both chains. B. The
entropy for all CMV pp65-specific TCRs, as well as subsets of antigen-specific TCRs with
common 2-mers near the center of the o chain are plotted (N>10 TCRs per 2-mer). We
observe 2-mers for which the set of CDR3s containing that 2-mer at a specific location

has very low entropy (i.e. SY, NA, NN), denoting a specific sequence used for binding.

The thickness of the lines is correlated to the number of TCRs containing the 2-mer at

the center of the o chain. C. 2-mers with minimal entropy reduction (AG), single-chain
reduction (GN, essential), and double-chain reduction (SY, super-essential) are shown. See
also Figs. S3-5. D. Simulated TCR-pMHC complexes are shown at the a-chain CDR3/
epitope/MHC interface. For the essential 2-mer NN, hydrogen bonds (red dashed lines) were
found between the N residues and the MHC, the epitope, and/or the TCR p chain. E. A
tabulation of the specific H-bonding interactions observed in the three structures of panel D.

Cell Syst. Author manuscript; available in PMC 2024 April 19.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuely Joyiny

Xu et al.

Page 27
A B p =0.0415
&
R?=0.0234 @
a8 5 =
T Epitope ® g9 g &., g
= @ rLGeALLAK & - [
=4 @ svrorksoax @ 7
] = -
= @ ruraEacvr c oy & & .
3 @ ssvrreva =
= @ sseemrry Hg . !
g (O ELasiGLTV 2 "_-_...-"""'a g -
- @ cicrv =]« _ P =
g 8 con & o =~ ¥
:"c_ @ raxrraLL by ® 3 o
i @ ssienFravy 8- [) F
. = o ® 9
@ wcrmy &
@ Homusn W € Pairwise
@ isirRnPLY Entropy
¥ ¥ X @m o= > o X 4 > = o = T o > @ ) AnaETH - . Comparisons
3232 FE5E235 975353 @ocnmm »
2 ¢ 3oz ig EEB g E : = 2 3 @ ey I @ rconionk
8 &5 & g % % 3 £ I 526 ‘7,‘ & 6 & & @ ODATYGRTRALVR P H
g & Z 2 & g 0o =€ g = T 4 é g 2 ¢ 1 @ AVFORKSDAX
3 =
% N = 3 8 10
Epitope Levenshtein distance
©
>
C KLGGALQAK-AVFDRKSADK NLVPMVATV-DATYQRTRALVR z
E
|

Entropy profile differential

D=0 Jd>C<® WX > X W
qoomquEJZZZOOI

B

TOIZID iiii Iinis I Ti 20 Differential k-mers

<00
[Nl

DN KLGGALOAK

=

]

£
W /FORKSADK
D LVPMVATY

=

]

=
D ool

i -

DM e
RN - —
SA - |
1 — — —
VK - R

> w (Do:
- <O

Entropy Entropy
Reduction = 2' Reduction
k-mer
p<1E-5
R? = 0.0205
=
(<
o
£
=l
L]
=
2
o
z
=
[=
w
4 10 12

Leve nshtem distance

Figure 5.
SPAN-TCR Entropy Analysis of Putative SARS-CoV-2 TCRs. A. Contributions to entropy

for 2-mers in YLNTLTLAV TCRs at each relative position of the a chain identify 2-mers
essential to binding. B. A large entropy reduction is associated with 2-mer GE. C. The
frequency and average entropy reduction of 2-mers are plotted (error bars = standard
deviation) for all SARS-CoV-2 epitopes contained in MIRA. YE is notable as a 2-mer

with high frequency and a strong entropy reducing influence. D. The frequency and entropy
reduction of the YE 2-mer in different epitopes is plotted. Two epitope groups which contain
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YE at similar frequency but different entropy reduction are circled. The inset shows that
YE only restricts the V' gene usage for epitope group [SEHDY], while J gene usage and
entropy are similar. E. Within CDR3s specific to a single epitope group, YE is the most
essential. F. Plot showing that for CDR3s containing YE between positions 0.7-0.8, the
CDR3 composition is restricted.
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Figure 6.
Epitope sequence and TCR entropy correlation. A. The TCR entropy reduction profile

similarities between major epitopes (epitopes with >200 paired chains, n=17) in VDJdb

are plotted. The entropy reduction profile similarity falls within a range for each
epitope(136 comparisons). B. Entropy profile differences are plotted against the Levenshtein
distance between epitope sequences. There is a significant correlation between Levenshtein
distance between epitopes and TCR entropy profile differences. A triad of 3 epitopes,
AVFDRKSDAK, KLGGALQAK, and RLRAEAQVK, has the smallest difference by
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entropy profile (linear regression). C. Entropy profiles for the most differential k-mers

are shown for epitopes KLGGALQAK and AVFDRKSDAK together, and KLGGALQAK
and DATYQRTRALVR (arbitrary units, linear scale). D. Entropy reduction analysis was
performed using MIRA TCR B chains, showing the same trends (n=61, 1830 comparisons,
linear regression). See also Fig. S6.
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REAGENT or RESOURCE | SOURCE | IDENTIFIER
Biological samples
Healthy HLA-A02 PBMCs | StemCell Technologies | Cat#70025
Chemicals, peptides, and recombinant proteins
Biotinylated HLA-A2 MHC-I Monomer | Fred Hutchinson Cancer Research N/A
Center Immune Monitoring Shared
Resource
NLVPMVATYV peptide IBA-Lifesciences N/A
PE-conjugated streptavidin Thermo Fisher Cat#SA10041
APC-conjugated streptavidin Thermo Fisher Cat#SA1005
500 kDa biotin-dextran Nanocs Cat#DX500-BN-1
Critical commercial assays
Single Cell Immune Profiling Kit 10X Cat#1000542
Deposited data
VvDJDB Shugay et al.13 https://vdjdb.cdr3.net/
TBAdb Zhang et al .14 https://db.cngb.org/pird/home/
MCcPAS-TCR Tickotsky et al.1> http://friedmanlab.weizmann.ac.il/McPAS-TCR/

MIRA COVID sequences Nolan et al.44 https://doi.org/10.21203/rs.3.rs-51964/v1
Raw and Analyzed Data This paper SRA: PRINA918821

Software and algorithms

Rv4.1.1 CRAN https://cran.r-project.org/

RStudio v1.4.1717 RStudio https://www.rstudio.com

uwot R package

James Melville

https://github.com/jimelville/uwot

data.table R package Matt Dowle https://cran.r-project.org/web/packages/data.table/
index.html
dplyr R package Hadley Wickham https://cran.r-project.org/web/packages/dplyr/index.html

ggplot2 R package

Thomas Lin Pedersen

https://cran.r-project.org/web/packages/ggplot2/index.html

pheatmap R package Raivo Kolde https://cran.r-project.org/web/packages/pheatmap/
index.html
ggnewscale R package Elio Campitelli https://cran.r-project.org/web/packages/ggnewscale/

index.html

GLIPH Glanville et al.3 http://50.255.35.37:8080/

AlphaFold v2.0 Deepmind https://github.com/deepmind/alphafold
SPAN-TCR This paper https://doi.org/10.5281/zenodo.7637683
Other

UV Crosslinker Boekel Cat#234100

Cell Syst. Author manuscript; available in PMC 2024 April 19.



https://vdjdb.cdr3.net/
https://db.cngb.org/pird/home/
http://friedmanlab.weizmann.ac.il/McPAS-TCR/
https://cran.r-project.org/
https://www.rstudio.com/
https://github.com/jlmelville/uwot
https://cran.r-project.org/web/packages/data.table/index.html
https://cran.r-project.org/web/packages/data.table/index.html
https://cran.r-project.org/web/packages/dplyr/index.htm
https://cran.r-project.org/web/packages/ggplot2/index.html
https://cran.r-project.org/web/packages/pheatmap/index.html
https://cran.r-project.org/web/packages/pheatmap/index.html
https://cran.r-project.org/web/packages/ggnewscale/index.html
https://cran.r-project.org/web/packages/ggnewscale/index.html
http://50.255.35.37:8080/
https://github.com/deepmind/alphafold

	SUMMARY
	eTOC Blurb
	INTRODUCTION
	RESULTS
	Antigen-Specific TCR Structural Landscapes Using SPAN-TCR
	Quantifying Similarity Between TCR CDR3s Using SPAN-TCR
	Sequence Entropy and Essential Motifs
	SARS-CoV-2 TCR Analysis
	Epitope Sequence Correlation to TCR Sequence Entropy

	DISCUSSION
	STAR Methods
	Resource Availability
	Lead Contact
	Materials Availability
	Data and Code Availability

	Method Details
	SPAN-TCR Parameters
	SPAN-TCR Options
	GLIPH2 Analysis
	Dextramer Pulldown and Sequencing
	Distance Function
	Entropy Calculations
	Entropy Metric Examples
	Entropy Considerations
	Molecular Dynamics Simulations
	SARS-CoV-2 Analysis
	Entropy Reduction Profile
	Software and Packages

	Quantification and Statistical Analysis

	References
	Figure 1.
	Figure 2.
	Figure 3.
	Figure 4.
	Figure 5.
	Figure 6.
	Table T1

