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APMAT analysis reveals the association
between CD8 T cell receptors, cognate
antigen, and T cell phenotype and
persistence
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Nicholas M. Franko 5, Christopher G. Lausted 1, Brian Piening 6,
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Elucidating the relationships between a class I peptide antigen, a CD8 T cell
receptor (TCR) specific to that antigen, and the T cell phenotype that emerges
following antigen stimulation, remains amostly unsolvedproblem, largely due to
the lack of large data sets that can be mined to resolve such relationships. Here,
we describe Antigen-TCR Pairing and Multiomic Analysis of T-cells (APMAT), an
integrated experimental-computational framework designed for the high-
throughput capture and analysis of CD8 T cells, with paired antigen, TCR
sequence, and single-cell transcriptome. Starting with 951 putative antigens
representing a comprehensive survey of the SARS-CoV-2 viral proteome, we
utilize APMAT for the capture and single cell analysis of CD8 T cells from 62HLA
A*02:01 COVID-19 participants. We leverage this comprehensive dataset to inte-
grate with peptide antigen properties, TCR CDR3 sequences, and T cell pheno-
types to show that distinct physicochemical features of the antigen-TCR pairs
strongly associatewith bothT cell phenotype andTcell persistence. This analysis
suggests that CD8 T cell phenotype following antigen stimulation is at least
partially deterministic, rather than the result of stochastic biological properties.

CD8 T cells play a major role in adaptive immunity against pathogens,
exhibiting a functional diversity that includes, as major phenotypes,
naïve,memory, effectormemory, effector, and exhausted,with eachof
those phenotypes encompassing multiple sub-phenotypes1,2. Recent

literature has suggested the existence of relationships between a given
antigen-specific T cell clonotype and the phenotypic trajectory that
clonotype can take following antigen stimulation. For example, tissue-
resident, antigen-specific T cell clonotypes in both tumor and chronic
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viral infection settings have been intimately associated with specific
phenotype differentiation trajectories3–5. We and others have shown
that, for at least certain immunogenic viral antigens, T cell clonotype is
the dominant factor in determining T cell phenotype6–8. These similar
results, from tissue and peripheral blood, and in very different disease
settings, suggest that theremay be rules that underlie T cell clonotype-
T cell phenotype relationships. Elucidating such relationships requires
experimental methods for collecting a large, longitudinal data set in
which the transcriptome-level phenotypes of antigen-specific T cells
are co-measured across a large number and diversity of antigens,
coupled with computational methods for elucidating what, if any,
relationships between the T cell receptor (TCR) α/β genes, cognate
peptide antigen – major histocompatibility complex (pMHC), and T
cell phenotype exist.

Initial hints at what such a rule set might contain can be found in
the literature. For example, the importance of hydrophobicity at cer-
tain TCR residues is known to associate with cytotoxicity and self-
reactivity inCD4Tcells6,9–11, and the hydrophobicity of certain residues
is known to associate with the immunogenicity of antigens12. These
observations suggest that the biochemical nature of the TCR:pMHC
interface may play an important role in determining T cell phenotype
and cell fate trajectory. This question is not just of fundamental
importance to T cell immunology, but it is also highly relevant to the
engineering of T cells for use as therapeutic agents for treatments of
both cancers13 and autoimmune diseases14,15. However, existing studies
predominantly explore only one aspect of the Antigen-TCR-phenotype
interplay: either resolving the antigen specificity of T cells from bio-
logical samples16–18, or conducting T cell receptor analysis on existing
dataset lacking antigen specificity (or containing only limited number
of antigens)6,19,20. Recent advances highlight the need of high-
throughput, high-dimensional approaches as powerful tools for iden-
tifying and analyzing antigen-specific CD8 T cells17,20–22.

We describe an integrated experimental-computational frame-
work, APMAT for the antigen-specific capture of T cells from many
patient biospecimens in parallel, and is integrated with single-cell
multi-omics profiling designed to integrate paired antigen and TCR
sequencewith T cell phenotype. For antigen-specific T cell capture, we
utilize large libraries of single-chain-trimers (SCTs)22,23. Our labora-
tories have recently reported on the feasibility of these libraries to
capture and characterize both viral antigen-specific and (tumor-asso-
ciated) neoantigen-specific T cell populations. Here we use SCTs to
construct a 951-element pMHC library that represents a comprehen-
sive survey of putative Class I antigens, presented by HLA A*02:01,
from across the full SARS-CoV-2 genome. The DNA-barcoded SCT-
pMHC library (for n = 558 expressed SCT) is used to identify and,
through single cell (sc) RNA-seq analysis, characterize SARS-CoV-2
specific T cells from 62 HLA A*02:01 participants at the stages of acute
and post-acute COVID-19. We identify several viral antigen-specific T
cell populations observed inpreviousworkbyourselves andothers24–27

demonstrating the feasibility of this framework on a whole viral pro-
teome scale. Moreover, resultant data set allows for an in-depth
exploration to reveal insights into how the physicochemical properties
of the TCR-pMHC interface associate with T cell phenotype and T cell
persistence. This study elucidates, for a whole viral proteome and a
single HLA allele, the physicochemical basis linking TCR:pMHC mole-
cular interactions to the phenotypic behavior of antigen-specific CD8
T cells, and thus advances our understanding of immunological
mechanisms.

Results
APMAT enables integrated multi-modal analysis of antigen-
specific CD8 T cells
We utilized APMAT to identify SARS-CoV-2 antigen-specific T-cell
responses to COVID-19 infection in a previously described longitudinal
cohort of 209 COVID-19 participants25,26. From this cohort, we selected

62 HLA-A*02:01 participants representing a range of COVID-19 disease
severities (Fig. 1a) with longitudinal reference datasets available at
acute (diagnosis and approximately 1-week post-diagnosis), and post-
acute (2-3 months post-diagnosis) timepoints (Supplementary
Data 1)25,26.

For antigen-specific CD8 T cell capture, we utilized DNA-bar-
coded, pMHC-like SCT multimers (SCT-dextramers). For library con-
struction, we first utilizedNetMHCpan28 to analyze the full SARS-CoV-2
viral genome (original strain) to resolve a list of 951 putative 9-10 mer
antigens (Supplementary Data 2.1) for HLA-A*02:01. This peptide list
was converted into PCR-optimized DNA primers and used to build the
plasmid library. Plasmids were then transfected into Expi293 cells over
four days to induce secretion of the SCT protein product. 558 of the
951 putative antigens yielded usable SCT products (Fig. 1b top). Each
SCTwas then purified, biotinylated, and assembled into a fluorophore-
labeled and DNA-barcoded dextramer, using previously reported
protocols23. To minimize batch effects and enable integrated analysis,
PBMCs from all 62 participants, collected at the stage of acute disease,
were pooled and profiled in parallel within one experiment (Fig. 1b
middle left). SCT-dextramer-positive CD8 T cells were sorted for
scRNAseq to profile gene expression, TCRα/β genes, and antigen
specificity (Fig. 1b middle right). For each cell captured, antigen-
specificity was identified through the dominant pool hashtag (Sup-
plementary Fig. 1a) and dextramer (Supplementary Fig. 1b). Each cell
was associatedwith a specificpatient through a comparisonofdenovo
computed single nucleotide polymorphisms (SNPs) from scRNA-seq
with germline whole genome sequence (WGS) profiles of all patients
(Supplementary Fig. 1c). Sex gene validation further confirmed patient
assignments (Supplementary Fig. 1d). Out of 19,103 cells from scRNA-
seq data, only 166 (0.87%) were not assignable to a donor (Supple-
mentaryData 2.2).With such amulti-modal dataset, the characteristics
of the peptide antigens and the TCR CDR3 sequences can be inte-
grated with T cell phenotype and longitudinal multi-omics datasets
(Fig. 1b bottom).

APMAT enables high-throughput representation of whole SARS-
CoV-2 genome
We graph the distribution of putative antigens against the SARS-CoV-2
genomeandhighlighted the 558 (58.7%) constructs thatwere expressed
and used for the T cell capture experiment, and the 102 (18.3%) that
captured at least 1 cell (Fig. 2a, Supplementary Fig. 2a). While APMAT
identified CD8 T cells against antigens from across the SARS-CoV-2
genome, antigens from the Spike protein (S) exhibited the highest rate
(26.6%) of cell capture (SCTs that captured at least 1 cell) (Fig. 2b,
Supplementary Data 2.1). We identified immunodominant epitopes
against SARS-CoV-2 and common viruses across patients, confirming
some previously reported epitopes while discovering additional ones
(Supplementary Fig. 2b). We also found agreement for dominant TCR
gene usage for top epitopes in our dataset with reported literature
(SupplementaryData 2.3). For example, HLA-A*02:01/S269- YLQPRTFLL
is predominantly recognized by TRAV12-1 containing TCRs in our
dataset, consistent with previous reports29. Selected TCRs were vali-
dated via in-vitro lentiviral transduction and tetramer assay to confirm
antigen specificity (Supplementary Data 2.4, Supplementary Fig. 3a, b).

We next investigated the antigen sequences associated with SCT
expression and cell capturing. In Fig. 2c (left) we provide a sequence
logo representation of the 9-mer SCTs that were or were not expres-
sed, and those expressed as SCTs that did or did not capture cells
(Fig. 2c right). We observed an enrichment of hydrophobic amino
acids innon-anchor residues for non-expressed SCT constructs (Fig. 2c
left bottom). For SCTs that captured cells, polar and charged residues
such as Threonine (T) and Arginine (R) were enriched in non-anchor
positions (Fig. 2c right top). We next generated a matrix for each
peptide that contained the NetMHCpan prediction, the amino acid
identities, and the numeric physicochemical properties (such as
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hydrophobicity, polarity, etc) for peptide anchor residues (Anchor)
and residues exposed to the TCR (Exposed) (Fig. 2d, Supplementary
Data 3). As expected, expressed SCTs showed better NetMHCpan
prediction (lower prediction rank and lower predicted binding affinity)
relative to non-expressed SCT constructs (Fig. 2e left, Supplementary
Fig. 4a). Notably, SCT expression yield did not correlate with predicted
affinity (Supplementary Fig. 4b). However, the physicochemical
properties analysis allowed for a quantitative validation of the hydro-
phobic trends of non-expressed SCTs (Fig. 2e right), and the polar/
charged residue trends of cell-capturing SCTs (Fig. 2f right). We also
show the agreement between SCT expression and NetMHCpan pre-
diction.We categorized peptides asweak-binders,medium-binders, or
strong-binders based on NetMHCPan prediction against the A*02:01
MHC molecule (See Methods). In fact, our observations that peptides
that are expressed as an SCT exhibit a lower average hydrophobicity
closelymirror the NetMHCpan predictions. The strong-binders indeed

exhibit a relatively higher polarity and a lower hydrophobicity relative
to all attempted A*02:01 SCT constructs (Supplementary Fig. 4c). In
addition, for those strong binders, the hydrophobicity and polarity of
expressed vs non-expressed SCTs are not significantly different (Sup-
plementary Fig. 4d). Finally, we found that the likelihood that an SCT
would be successfully expressed strongly agrees with prediction. For
weak-binders, SCT expression rate is 42.0%; For strong-binders, SCT
expression is elevated to 82.5% (Supplementary Fig. 4e). Hence, the
potential SCT-expression biases match closely with the NetMHCpan
predictions with respect to the physicochemical properties of the
putative epitopes, suggesting that little or no bias originates from the
SCT expression itself.

Overall, APMAT enabled a direct and comprehensive analysis of
putative epitopes, supporting prediction algorithms for the common
HLA-A*02.01 allele. The data further suggests that an analysis of the
physicochemical properties of the antigens (and possibly their

Fig. 1 | Schematic overview of antigen-TCR pairing and multiomic analysis of
T-cells (APMAT) in COVID-19 participants. Created in BioRender58. a Participants
in the study, broken down by COVID-19 severity. b The experimental and compu-
tational flow of APMAT. i Construction of the large SCT-pMHC library representing
HLA-A*02:01 peptide-MHC complexes covering antigens from across the full SARS-
CoV-2 proteome. ii Antigen-specific T cells are captured from pooled patient
PBMCs with barcoded SCT multimers for scRNAseq analysis. iii Patient i.d.’s are

assigned to each single cell by matching SNP analysis from whole genome with
scRNAseqdata. iv-vii For each T cell, the physicochemical properties of the peptide
antigen and the CDR3β domain of the TCRs are analyzed to identify statistical
associations between the CDR3β-peptide antigen interface with T cell phenotype.
viii T cell clonotype persistence from acute disease to convalescence is similarly
associated with the physicochemical properties of the TCR:antigen.
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cognate TCRs) may provide insights for interpreting the large multi-
modal data set generated through APMAT.

Three peptide groups distinguished by sequence physico-
chemical properties
We probed for potential relationships between the physicochemical
properties of putative epitopes and the antigenicity of those epitopes.
We encoded the 951 peptides by residue-level descriptors of their
physicochemical properties (Fig. 3a, Methods). Unsupervised cluster-
ing based on peptide amino acid identity and properties resulted in a
two-dimensional peptide Uniform Manifold Approximation and Pro-
jection (Pep-UMAP) (Fig. 3b, Supplementary Data 4). The upper right
wingof thisUMAPexhibits higher hydrophobicity andbulkiness, and is
dominated by non-expressed SCTs. Conversely, the lower left wing
displays greater polarity, and is enriched for expressed SCTs (Fig. 3c,
Supplementary Fig. 5a). However, SCTs that successfully captured
T cells are uniformly distributed across the UMAP, indicating that
additional factors beyond hydrophobicity modulate antigenicity.

We next utilized unsupervised clustering to resolve whether
combinations of physicochemical properties could be used to further

classify the peptide antigens. Such analysis clearly distinguished three
peptide groups (Pep-Groups), PG1-3 (Fig. 3d). Specifically, PG1 exhib-
ited higher hydrophobicity yet lower charge and polarity (Fig. 3d left
top). PG2 and PG3 both showed higher polarity, but differ in anchor
and secondary anchor (Position 6) properties (Fig. 3d left bottom).
When analyzing only the cell-capturing SCTs, the hydrophobicity of
PG1 becomes even more prominent while PG2-3 distinctions diminish
(Fig. 3d right). Accordingly, Pep-Groups occupied different regions on
the Pep-UMAP (Fig. 3e, Supplementary Fig. 5b). Comparisons of PG1-3
for hydrophobicity, SCT expression rate, and cell-capture rate (Fig. 3f)
reveal the most hydrophobic group (PG1) is the most challenging to
express, but also exhibits the highest rate for cell capture. Thus, we
categorized all putative antigen peptides into unique Pep-Groups for
downstream analysis.

Pep-Groups associate with different T cell phenotypes
We next investigated whether the PG1-3 peptide groups associate with
distinct CD8 T cell phenotypes during the acute COVID-19 response.
The SARS-CoV-2 SCT-dextramer-positive CD8 T cells were filtered to
only include those with an assigned patient ID, antigen specificity, and

Fig. 2 | APMAT enables high-throughput representation of whole SARS-CoV-2
genome. a Graphic relating the SARS-CoV-2 proteome to putative HLA A*02:01
restricted antigens (top row), to thoseSCTconstructs thatwereexpressed in usable
yield (middle row), and those that captured antigen-specific CD8 T cells from
COVID-19 participants (bottom row). For the SCT Expression row, darker red lines
correspond to higher SCT expression, while graymeans low/no expression. For the
Cell Capture row, darker red linesmeanmore cells captured.bBar plot showing the
distributionof expressed SCTs for each SARS-COV-2 protein. SCTs that successfully
captured CD8 T cells are shown in colored bars. The color code of the captured
cells is that used in SARS-CoV-2 proteome of panel (a). cAntigen sequencemotif of
expressed (top left) vs non-expressed (bottom left) SCT constructs; and those
expressed SCTs that did (top right) or did not capture CD8 T cells (bottom right).
d For each peptide, conventional anchor positions (R2, R9) and non-anchor

residues are assigned. The physicochemical properties are tabulated for each
residue. Created in BioRender59. e Bar plots comparing expressed (N= 560) vs non-
expressed (N= 391) SCT constructs. X-axis: SCT expression status. Note that two of
the expressed SCT constructs were not included for 10X experiment due to low
sample volume. Y-axis: NetMHCpan prediction rank (left) and average hydro-
phobicity of exposed residues (right). f Bar plots comparing expressed SCTs that
captured CD8 T cells (N = 102) vs those that did not (N= 456). X-axis: Cell capture
status. Y-axis: NetMHCpan prediction rank (left) and average charge of exposed
residues (right). Charge values represent the average of positive and negative
charges rather than the absolute value. For bar plots, data are presented as mean
values +/- SEM. The statistical significance was determined using the two-sided
Mann-Whitney U test, and p-values are annotated on all relevant plots with exact
p-values provided unless p < 0.0001.
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paired TCRα/β sequences. These cells were then projected onto a gene
expression UMAP (GEX-UMAP) based on the scRNAseq data (Fig. 4a).
Unbiased clustering and differential gene expression analysis defined
canonical CD8 T cell phenotypes including naïve, central memory
(CM), effector memory (EM), hybrid, and cytotoxic phenotypes
(Fig. 4b). For instance, CCR7, LEF1, TCF7, and SELL were up-regulated
in naïve and centralmemory (CM) cells,whilememorymarkers suchas
IL7R, GZMK, were elevated in CM and effector memory (EM) pheno-
types (Fig. 4b, Supplementary Fig. 6a, b). Phenotype assignment based
on transcriptomicswas further validated by surfaceprotein expression
measured by scCITE-seq (see Methods) (Supplementary Fig. 6c). As
expected, cytotoxic and EM phenotypes dominate the SARS-Cov-2-
specific CD8 T cell response during acute disease26,30,31, with elevated
effector markers such as GZMB, GZMA, and PRF1. In addition to gene
expression, in Fig. 4c we projected the polarity of exposed residues on
the antigen recognized by the individual T cells (left), the distribution
of T cells captured by a given antigen across multiple participants
(middle), and all captured SARS-CoV-2 specific T cells for a given
participant.

The projection of antigen polarity on the GEX-UMAP (Fig. 4c)
showed a strong skewing towards cytotoxic CD8 T cell phenotypes,

suggesting that antigens with particular physicochemical properties
may associate with specific T cell phenotypes. We explored this con-
cept by projecting each cell’s antigen specificity (Pep-Groups) onto the
GEX-UMAP (Fig. 4d top). PG1-specific cells were dominated by naïve-
like phenotypes and exhibited less clonal expansion relative to the
other two groups (Supplementary Fig. 6d). PG2-specific cells were
enriched with EM and CM phenotypes, and PG3-specific cells were
mainly cytotoxic (Fig. 4d bottom). Furthermore, differentially
expressed genes (DEGs) in PG3-captured cells have enriched pathway
signatures related to immune synapse formation, PD-1 signaling, CD28
co-stimulation, which further highlighted the effector state of PG3-
specific cells relative to PG2 (Fig. 4e, Supplementary Data 5-6). This
analysis suggests strong associations exist between the physico-
chemical properties of the peptide antigens, and the phenotypic
characteristics of the T cells specific to those antigens.

TCR hydrophobicity is an important factor for effector function
Intriguedby the linkbetweenantigenic peptides andTcell phenotypes,
we investigated whether a similar connection exists for the physico-
chemical features of each antigen-associated TCR-CDR3 sequence by
overlaying those features on the GEX-UMAP (Fig. 5a, Supplementary

Fig. 3 | Three peptide groups distinguished by sequence physicochemical
properties. aAll 951putative SARS-CoV-2peptides forHLA-A*02:01are encodedby
the physicochemical properties of amino acids at each position for unsupervised
clustering. Created in BioRender59. bUMAP embedding of all peptides (Pep-UMAP)
based on their physicochemical properties with peptide clusters colored (legend
on the right), each dot represents a unique SARS-CoV-2 peptide. c Pep-UMAP
colored with selected physicochemical properties, including average (Avg)
hydrophobicity (HPhobic), average polarity, whether the SCT expressed, and
whether the SCT captured CD8 T cells. Average values were calculated for all
residues, including anchor and exposed residues. d Left: Clustermap of the 951

peptide antigens by their normalized physicochemical properties, revealing 3
major peptide groups (Pep-Groups). The key signatures that distinguish the indi-
vidual Pep-Groups are highlighted in red boxes. Right: Clustermap of the Pep-
Groups including only those peptides that captured T cells. e Pep-UMAP with
densities of PG1-3 depicted, legend on the bottom. f Left: Violin plot of peptide
hydrophobicity for Pep-Groups, sorted by mean value. Middle: SCT protein
expression efficiency for the Pep-Groups. Right: SCT cell capture efficiency for Pep-
Groups. Mean values +/- SEM are utilized for violin plots. The statistical significance
was determined using the two-sided Mann-Whitney U test, and p-values are
annotated on all relevant plots with exact p-values provided unless p < 0.0001.
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Fig. 7a). Specifically, we categorized CDR3β residues into V, J, and
CDR3βmer (central) regions: The V and J regions comprise the highly
conserved n- and c-terminal motifs respectively; while the central
CDR3βmer region, which primarily contacts the antigen, is the most
diverse in length and amino acid usage. As expected, cytotoxic cells
showed maximal clonal expansion followed by effector memory (EM)
cells (Supplementary Fig. 7b). We compared the CDR3β features of
effector cells (cytotoxic and EM) relative to other cell types (Supple-
mentary Data 7-8). TCR feature differences were not significant for the
V and J regions as expected (Fig. 5c middle). However, for the
CDR3βmer region, a preference of sequence features was observed.
Effector T cells were marked by higher CDR3βmer hydrophobicity and
bulkiness, lowerpolarity andcharge, and shorter length (Fig. 5c topand
bottom). Note that CDR3β hydrophobicity was defined both by the
percentage of hydrophobic residues, and by the average hydro-
phobicity across central residues (Seemethod).Wevalidated the above
trendsbyplottinghow the selectedCDR3βphysicochemicalproperties
varied across all cell phenotypes. The CDR3β sequences displayed the
trend of increased hydrophobicity and decrease in charge and length
from naïve, to EM and cytotoxic phenotypes (Fig. 5d).

The hydrophobicity of the CDR3β exhibited the strongest sig-
nificant association with T cell phenotype. This prompted us to define
a binary classifier (HPhobic-High and HPhobic-Low) based on the
percentage of hydrophobic residues in CDR3βmer (cutoff = 25%)
(Fig. 5e top, see Methods). Cells expressing HPhobic-High TCRs were
more clonally expanded than HPhobic-Low ones (Fig. 5e bottom). We
first validated that TCR-Groups still preserve the physicochemical
featuresobserved earlier: Indeed,HPhobic-HighTCRs exhibitedhigher
hydrophobicity, shorter CDR3β length, and lower charge (Supple-
mentary Fig. 7c). Density mapping validated that HPhobic-High TCRs
were more prevalent in cytotoxic cells than in memory and naïve
subsets (Fig. 5f), with elevated exhaustion markers such as LAG3 and
TIGIT (Supplementary Fig. 7d). Gene set enrichment analysis linked
HPhobic-High clonotypes to TCR activation (e.g. CD3 and TCR Zeta-
chain phosphorylation), inflammation, and apoptosis pathways
(Fig. 5g, Supplementary Data 9, 10). To test whether dominant clono-
types affect our result, additional analysis was performed by removing
dominant TCRs, although dominant TCRs were only found for a few of
the epitopes in our dataset (Supplementary Fig. 8a, Details in Meth-
ods). We observed consistent results with or without the dominant

Fig. 4 | Pep-Groups associate with different T cell phenotypes. a Illustration of
the mapping of peptide physicochemical properties on to T cell gene expression
profiles. Created in BioRender59. CD8 T cells were captured by SCT-dextramers
from 62 HLA-matched COVID-19 participants for scRNAseq and TCR sequencing.
Gene expression UMAP (GEX-UMAP) was generated based on scRNAseq. We used
the SCT identity to connect Pep-Groups with gene expression. b GEX-UMAP of
SARS-CoV-2-specific CD8 T cells with different phenotypes color-encoded (legend
on the top), and then color-coded by expression levels of selected mRNA

transcripts. c GEX-UMAP, color-coded by (left) the polarity of exposed peptide
antigen residues; (middle) all T cells specific to a given antigen; and (right) SARS-
CoV-2 specific T cells from two study participants. d Top: GEX-UMAP color-coded
with T cell densities specific for antigens from each Pep-Group. Bottom: Bar plot of
the relative abundance of phenotypes for T cells associated with each Pep-Group.
Note that the UMAPdensities in the original were calculated as an odds ratio. e Top
enriched biological pathways of genes significantly elevated in cells captured by
PG3 relative to PG2. Adjusted p-values are generated by EnrichR.
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clones. Cells with HPhobic-High CDR3βs consistently showed elevated
PRF1 and GZMB gene expression, as well as higher cytotoxic scores
relative to cells with hydrophobic-low CDR3βs after removal of large
clones (Supplementary Fig. 8b top). In contrast, HPhobic-Low CDR3βs

associated with higher expression of naïve and memory related genes
including CCR7 and IL7R (Supplementary Fig. 8b bottom). These
results indicate that our original conclusions are not biased by specific
dominant clones.

Fig. 5 | TCR hydrophobicity is an important factor for effector function. a Each
TCR beta chain was split into V, CDR3βmer, and J regions, and then encoded by the
physicochemical properties of amino acids at each residue position for overlay on
the GEX-UMAP. Created in BioRender59. b GEX-UMAP, color-coded by phenotypes
(top) and overlaid with the percentage of hydrophobic residues within CDR3βmer
(HPhobic %) (bottom). c The top differential TCR physicochemical properties for
effector (Cytotoxic, EM and Hybrid) phenotypes, relative to non-effector (CM and
naïve) phenotypes. The statistical significance was determined using the two-sided
Mann-Whitney U test, p-values < 0.0001 were marked with ****. See color key inset.
Source data are provided as a Source Data file. d Bar plots showing the variation of
selected TCR physicochemical properties across T cell phenotypes. Number of
cells: Naive (n = 68), CM (n= 133), Hybrid (n = 43), EM (n= 93), Cytotoxic (n = 384).

For barplots, data are presentedasmean values +/− SEM. p-values are annotatedon
all relevant plots with exact p-values provided unless p < 0.0001. Source data are
provided as a Source Data file. e Top: Binary TCR-Groups (HPhobic-Low and
HPhobic-High) are defined based on the median value of hydrophobic residue
percentages for all SARS-CoV-2 cells. Bottom: Stacked bar plot of clonal size dis-
tribution for each TCR-Groups with the legend on the right. f GEX-UMAP with
densities of the TCR-Groups projected. The relative abundance of phenotypes in
HPhobic-High cells is plotted at the bottom. TheUMAPdensitieswere calculated as
an odds ratio. g Top enriched biological pathways of genes significantly elevated in
cells with HPhobic-High vs HPhobic-Low TCRs. Adjusted p-values are generated by
EnrichR.
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Overall, we demonstrated that the physicochemical properties of
both the peptide antigen and the TCR CDR3β exhibit strong associa-
tions with T cell phenotype for SARS-CoV-2 specific CD8 T cells.

Integrated analysis of both peptide and TCR physicochemical
features orchestrate phenotypes of SARS-CoV-2-specific CD8
T cells in acute disease
To elucidate how interplay between antigen and TCR interactions
influence T cell function, we systematically linked peptide and TCR
features for the subset of SARS-CoV-2 CD8 T cells with fully paired
antigen-TCR information (See Method). This encompassed 87 unique
antigenic peptides (SCT-pMHCs) and 440 paired TCR clones (Fig. 6a).
Notably, distinct TCR Groups (HPhobic-Low and HPhobic-High) were
discerned within each Peptide Group, prompting a refined categor-
ization into PG-TCR Groups based on combined antigen peptide and
TCR features (Fig. 6b). For example, PG3-High denotes cells captured
by PG3 peptides with HPhobic-High TCRs.

We then further evaluated the combinatorial effect of peptide and
TCR features for each PG-TCR group. We depicted key physicochem-
ical properties identified earlier on radar plots, revealing a significant
shift in overall characteristics between PG-TCR groups (Fig. 6c, Sup-
plementary Fig. 9a). For example, PG3:High exhibits high peptide
charge and low hydrophobicity on exposed residues, combined with
high CDR3βmer hydrophobicity and bulkiness (Fig. 6c left). In con-
trast, PG2:Low (Fig. 6c middle) emphasizes CDR3βmer length and
charge, while PG1:Low (Fig. 6c right) emphasizes distinct character-
istics compared to PG3:High.

Building on our findings, we explored how PG-TCR groups
associate with T cell phenotypes. PG3:High cells displayed the stron-
gest cytotoxicity –marked by the highest percentage of effector cells
and elevated cytotoxic cytokines (e.g. GZMB, PRF1, GZMH) (Fig. 6d
left, Supplementary Fig. 9b, c). PG1:Low describes cells with
TCR:pMHC interfacial properties that are opposite that of PG3:High,
and those cells similarly exhibit phenotypes that contrast with
PG3:High – marked by highest frequency of naïve cells and elevated
naïve-associated markers (e.g. CCR7, LEF1, TCF7) (Fig. 6d right).
Notably, PG1 consistently exhibits a Naïve-like phenotype, regardless
of TCR-group. With intermediate peptide-TCR properties, PG2:Low
and PG3:Low represent transitional phenotypes. These associations
between PG-TCR groups and gene expression were validated using
proteinmarkers by integrating existing scCITE-seq data (SeeMethods)
(Supplementary Fig. 9d). We performed further analysis by directly
linking the key physicochemical properties to phenotypes indepen-
dent of the PG-TCR groups. This heatmap highlights the balance
between the properties of the antigen and the TCR CDR3β sequence
(Fig. 6e), and illustrates the near opposite relationships between naïve/
CM cells relative to cytotoxic cells at the stage of acute disease. Hence,
by integrating peptide and TCR sequence features, APMAT reveals
fundamental rules in the peptide-TCR-phenotype synergy.

Distinct peptide-TCRgroups associatewith distinct longitudinal
fates of SARS-CoV-2-Specific CD8 T cells
T cell activation strength throughpMHC-TCR interaction can influence
cell fate over time32–34. Certain T cell phenotypes exhibit long-term
in vivo persistence following acute illness, while highly cytotoxic
phenotypes can undergo activation-induced cell death (AICD) and
contract after clearance of pathogen35–37. We hypothesized that dis-
tinct Pep-TCR groups may associate with T cell fate decisions across
longitudinal disease trajectories as well. Leveraging the longitudinal
scRNA-seq and scCITE-seq data generated from the same COVID-19
cohort25, we tracked SARS-CoV-2-specific CD8 T cells matched on
patient ID and TCR sequences from acute to post-acute timepoints
(Fig. 7a, Supplementary Data 11). This analysis further revealed long-
itudinal differences between PG-TCR groups. As expected, the overall
percentage of SARS-CoV-2 specific CD8 T cells identified from the

reference dataset decreased from 3% to 1.3% at the post-acute time-
point. Specifically, PG3:High cells were short-lived, showing the
greatest drop in abundance at the post-acute timepoint. By contrast,
PG1 cells (including PG1:High and PG1:Low) were the most persistent,
showing an increased abundance at the later timepoint (Fig. 7b, Sup-
plementary Fig. 9e).

In addition to abundance changes over time, we examined gene
expression changes for SARS-CoV-2 specific CD8 T cells. Combining all
PG-TCR groups, we observed that persisting cells at the post-acute
timepoint showed higher expression of genes that were associated
with long-lived memory signatures (such as CCR7, IL7R, HLA-DR,
MKI67, etc) (Supplementary Fig. 9f), in agreement with previous
studies16,18,20. In addition, our analysis further suggested a few other
trends. Specifically, PG1 cells identified at the late timepoint showed a
relatively lower naïve signature (CCR7, TCF7, etc) and slightly higher
effector functions (GZMB, GZMH, etc) than those cells at the earlier
timepoint (Fig. 7c right, Supplementary Fig. 9g right). By contrast, the
few remaining post-acute PG3:High cells evolve to express lower
cytotoxicity (GZMB, PRF1, etc) and higher CCR7, indicating a shift
towards less effector or central memory phenotypes16,38,39 (Fig. 7c left,
Supplementary Fig. 9g left). In summary, APMAT revealed that distinct
combinations of peptide and TCR physicochemical properties exhibit
clear associations with not only cellular phenotypes at acute disease,
but also divergent cell fates over time (Fig. 7d).

Discussion
The conceptual advancewe report as APMAT lies in the combination of
the large and comprehensive experimental data set and thebiophysical
analysis of the TCR-pMHC interface. APMAT provides a framework for
the integrated analysis of antigen-specific CD8 T cells paired with
phenotypic data on those T cells. We applied APMAT to investigate
circulating CD8 T cells collected from 62 participants at the acute and
convalescent stages of COVID-19. These cells exhibited specificity to
SARS-CoV-2 antigens presented by HLA A*02:01 from across the full
viral proteome. Our analysis uncovered relationships between the
physicochemical characteristics of the pMHC:TCR interface and the
corresponding T cell phenotypes and T cell phenotypic evolution. Our
analysis is, in several aspects, aligned with existing literature. We
identified T cell populations targeting previously reported immuno-
genic antigens17,24,40,41, andwefind that theprediction rankings fromthe
commonly-used NetMHCpan algorithm effectively assist in designing
pMHC multimer constructs that will most likely capture T cells. In
addition, the longitudinal behavior of the antigen-specific clonotypes is
consistent with current literature. Highly-cytotoxic effector clono-
types,which are expanded at acute disease, contract significantly at the
time of convalescence, potentially from antigen-induced cell death. In
contrast, those persisting clonotypes with mild effector properties
evolve towards central or effector memory phenotypes42. Further,
clonotypes that exhibit memory and progenitor-like phenotypes at
acute disease persist or expand at convalescence16,43,44.

APMAT analysis uncovers additional relationships between viral
antigen-specific T cells, TCR clonotype, and T cell phenotype for the
common HLA allele A*02.01. Take, for example, the above-described
case of effector T cells that expand during an acute infection and
contract at convalescence42. Our analysis further suggests that T cells
possessing TCRs characterized by a hydrophobic CDR3β, which
recognize antigens featuring hydrophobic anchor residues alongside
charged or polar exposed residues, are statistically more inclined
towards effector phenotypes at the stage of acute COVID-19, and
contract during convalescence. An analogous description of the
pMHC:TCR interface (but with near opposite characteristics) can be
used to identify those clonotypes that exhibit naïve or central memory
phenotypes at acute disease and remain at convalescence.We focus on
CDR3β, but CDR3α chains can be similarly analyzed to identify specific
physicochemical properties that significantly associate with effector
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(Cytotoxic, EM,Hybrid) or non-effector T cells. Those TCRαproperties
are distinct from those for TCRβ, suggesting that the influences from
the α and β chains might be complementary rather than independent
(Supplementary Fig. 10a).

An additional significant aspect of this study is the detailed char-
acterization of paired peptide antigens with TCR. Notably, our analysis

reveals that the anchor and exposed residues of the antigen exert dif-
ferent influences on T cell phenotype. Unlike many prior studies that
relied on a rough annotation of the antigen identity, our approach
takes into account the position of each individual residue, as well as the
classification of antigens that may be comprised of distinct sequences,
and yet exhibit biochemical similarities at the TCR:pMHC interface.

Fig. 6 | Combination of peptide-TCR features associated with cell phenotypes.
aWe investigated the combination of peptide and TCR properties for antigen-TCR
paired SARS-CoV-2 CD8 T cells. Illustration created in BioRender59. b Cell dis-
tribution between peptide groups (Left) and TCR groups. The plotted peptides are
those that captured cells. c Radar graphs of physicochemical properties for
representative PG-TCR groups. Blue and gray shaded areas of the outer rings
indicate Pep-Group, and TCRβ properties, respectively. Each axis displays the

normalized average value for each property, with lowest value in the center. The
shaded polygons reflect the property space occupied by the peptide-TCRβ
groupings. Legend on the bottom. d Top: Cell percentage of Cytotoxic, EM and
Naïve phenotypes for each PG-TCR group. Bottom: Heatmap showing selected
mRNA levels for each PG-TCR group. Underlined PG-TCR groups are those from
panel (c). e Heatmap showing average value of peptide and TCR physicochemical
properties for each phenotype.
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Whether or not these physicochemical determinants are general
to other disease contexts or other HLA Class I alleles is not resolved
here, although the consistency of the picture painted here with what
has been observed in tissue settings in murine models of chronic viral
infection4, aswell as in tumors5,6, does suggest some level of generality.
Further, an analysis of a separate study on SARS-CoV-2 reactive T cells
(Supplementary Fig. 11a)45, as well as our recently reported phenotypic
analysis of T cell clonotypes specific to three highly immunogenic viral

antigens, including two from influenza and CMV8, (Supplementary
Fig. 11b) also suggest a degree of generality. Datasets of similar breadth
and depth for a range of diseases and for antigens presented by dif-
ferent HLA alleles are needed to more fully resolve this picture, and
such work represents an exciting future direction.

We hypothesize that an analogous study as the one reported here,
but directed at antigens presented by different HLA alleles,might yield
a different set of rules that are dependent upon HLA-specific docking

Fig. 7 | Longitudinal analysis for PG-TCR groups. a Tracking SARS-CoV-2 CD8
T cells from acute to post-acute timepoint based on TCR-GLIPH query from a
previously reported longitudinal dataset. Created in BioRender60.bCell abundancy
changes frompost-acute to acute timepoint for each PG-TCR grouping. Red or blue
means higher abundancy at acute or post-acute timepoint, respectively. c Selected

gene expression changes from the acute to post-acute timepoints for each PG-TCR
groups. Gene annotations on the bottom. d Summary: The association between
distinct peptide-TCR properties and cell fates for antigen-specific CD8 T cells.
Created in BioRender60.
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geometries. While Class I HLA A, B, and C alleles are highly poly-
morphic, over 90% of the world’s population carries at least one of the
dozenmost common. An APMAT analysis centered around thosemost
common alleles should offer valuable insights for assessing the ther-
apeutic potential of tumor-targeting TCRs and T cell vaccines.

Methods
Participants and sample collection
The study cohort is a subset of the INCOV cohort published
previously25,26. Procedures for the INCOV study were approved by the
Institutional Review Board (IRB) at Providence St. Joseph Health with
IRB study number STUDY2020000175 and the Western Institutional
Review Board with IRB study number 20170658. This research com-
plies with all relevant ethical regulations. Potential participants were
identified at five hospitals of Swedish Medical Center and affiliated
clinics located in the Puget Sound region near Seattle, WA. All enrolled
participantsprovidedwritten in-person informedconsent and samples
were de-identified prior to analysis. 62 HLA A*02:01 individuals from
the INCOV cohort were selected for this study. PBMCs collected at the
Acute timepoint, including enrollment close to diagnosis (Acute-1) and
1 week (Acute-2), were used for antigen-TCR paring assay in this study.

Large-scale preparation of peptide-HLA complex libraries
Single chain trimer (SCT) peptide-MHC (pMHC) libraries of the virus
antigens were generated as described previously23. Briefly, potential
HLA A*02:01 binding epitopes (9-11 mer peptides) were generated
from the complete SARS-CoV-2 genome (Wuhan-Hu-1 strain, GenBank
ID: MN908947.3) and filtered by NetMHCpan-4.1 prediction28. We
categorized peptides as weak-binders (column BindLevel = 0),
medium-binders (column BindLevel = WB), or strong-binders (column
BindLevel = SB) based on NetMHCpan prediction. Note that even the
weak-binders are relatively good candidates compared to peptides
that were not attempted for SCT expression. A plasmid library of
pcDNA3.1 vectors encoding covalently linked peptide antigen, β2M,
HLA was built and verified by SANGER sequencing. Plasmids were
transfected into Exp293 cells (ExpiFectamin, Thermo Fisher) following
manufacturer protocol. SCT expression yield was measured and nor-
malized. Expressed pMHC-like SCTs were biotinylated (BirA ligase Kit,
Avidity) and Histag purified (IMAC PhyTip columns, PhyNexus) in 96-
well format. Individual SCT concentration was measured by protein
absorbance at 290nm.

SCT-dextramer generation and cell staining
SCT dextramers were individually DNA barcoded using dCODE
Klickmers (dCODE Klickmer, Immudex). Briefly, SCT pMHCmonomer
was mixed with barcoded dCODE-PE-dextramer at a ratio of 20
ligands per dextran and incubated for at least 1 h on ice before adding
biotin (100 μM) to block free binding sites. Dextramer cocktails were
prepared by mixing 31-65 unique SARS-CoV-2 SCT dextramers and
CMV (NLVPMVATV) SCT dextramers freshly before cell staining.
PBMCs from 62 participants were thawed for CD8 T cell enrichment
(Human CD8 T cell Isolation Kit, Miltenyi Biotec) according to the
manufacturer’s protocol then incubated with Human TruStain FcX
blocking reagent (422302, BioLegend) for 10min at 4 °C before wash.
Cells were then divided into tubes and processed simultaneously on
ice. Each tube of CD8 T cells were stained with a cocktail of dex-
tramers for 25min on ice in the presence of herring sperm DNA
according to the manufacturer’s instructions, with individual dex-
tramer concentration at 1.1 nM. Cells were washed three times before
surface antibody staining. BV421 anti-human CD8 Antibody (BioLe-
gend, 344748, clone SK1) and Apotracker Green viability dye (Biole-
gend, 427403) was added into each tube, in addition to one unique
TotalSeq-C anti-humanhashtag antibody (BioLegend) to identify each
tube. Samples were incubated for 30min on ice and washed 3 times
before sorting.

10X genomics single cell sequencing
Single, live, CD8, dextramer-positive T cells were sorted into FACS
buffer (PBS, 2%FBS, 2mM EDTA, and 10mM HEPES) using a BD FAC-
SAriaII cell sorter. Sorted cells were immediately pelleted, resus-
pended, and loaded into a 10X Chromium reaction for single-cell RNA
sequencing (scRNA-seq). GEX, VDJ, and Surface Protein libraries were
generated using Chromium Next GEM Single-Cell 5′ kits v2 (10X
Genomics) according to the manufacturer’s protocol. Libraries were
sequenced on an Illumina NovaSeq at a read length of 26×90bp.

Whole genome sequencing
DNA extraction from whole blood was performed via bead-based
enrichment on an automated extraction platform (Qiagen Qiasymph-
ony and/or Promega Maxwell). The resultant extracts were quantified
by Nanodrop. WGS library preparation was performed using Illumina
DNA Prep kits and the final barcoded libraries were quantified by
fluorometer. Libraries were multiplexed and loaded onto an Illumina
flow cell for sequencing at 30x or higher coverage on a NovaSeq 6000
instrument. Raw sequencing data was analyzed for sequence variants
using the Illumina DRAGEN field-programmable gate array (FPGA)
platform. Briefly, this platform performs the following automated
steps: conversion of raw sequencing image data into demultiplexed
fastq files, alignment to the reference human genome (hg19), analysis
of single nucleotide variants, indels, and copy number/structural var-
iants using variant calling algorithms as well as assessment of
sequencing data quality. Analyses with hg38 were computed after a
liftover was done using the UCSC browser46. WGS information was de-
identified.

Single-cell sequencing data processing
Transcriptome, TCR, surface protein levels, and antigen specificity
were simultaneously analyzed for each cell. Raw data were processed
via Cell Ranger Single-Cell Software Suite (v3.1.0, 10X Genomics) using
GRCh38 as a reference. Cells that fit any of the following filters were
excluded due to low quality: n-counts <1000 or >10,000, n-genes <250
or >2500, and mitochondrial percentage >10%. Gene counts for each
cell werenormalizedby total expression,multiplied by a scale factor of
10,000, and transformed to log scale.

Single CD8 T cell phenotype assignment
Single cells were assigned phenotypes by clusters determined through
the leiden algorithm. Phenotype-associated transcripts were acquired
from literature as follows16,26,39,47. Naïve/memory: LEF1, TCF7, CCR7.
Memory: IL7R. Effector Memory: GZMK. Cytotoxic: PRF1, GZMB.
Exhaustion: TIGIT, PDCD1. Proliferation: MKI67.

Transcriptomics data validation via scCITE-seq
To validate the transcriptomics data, we leverage our previously
reported scCITE-seq data that simultaneously measured tran-
scriptomic and surface protein levels andTCRα/β fromthe same single
cell. We extracted each cell’s scCITE-seq data by TCR-based inquiry
(illustrated in manuscript Fig. 7a, and methods). This leads to single
cells with matching transcriptomics and surface protein data (which is
the data for plotting main Fig. 7a–c, Supplementary Fig. 6c, Supple-
mentary Fig. 9d). Our phenotype assignment based on transcriptomics
(as the reviewer mentioned for Main Figs. 4 and 5) can be validated by
surface protein expression (measured by scCITE-seq). These pairs
including CCR7 and CD197-CCR7-CITEseq, IL7R and CD127-IL-7RA-
CITEseq. In addition, well-established surface protein markers were
supported by our transcriptomics data, such as CD45RO for memory
phenotype, CD45RA for naïve phenotype, CD25 for central memory48.

Demultiplexing using genetic variants
We wrote a Snakemake workflow (https://github.com/racng/
snakemake-merge-wgs) for processing GVCF files from WGS to
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generate amulti-sample VCF file of exon variants. GVCFs are combined
for specified genomics region (autosomes and sex chromosomes)
using GATK (v4.1.9.0) GenomicsDBImport to generate a GenomicsDB
datastore, which is then used by GenotypeGVCFs for joint calling of
variants. After removing indels using vcftools (v0.1.16)49 and excluding
intron variants via bcftools (v1.8)50 the remaining exon variants were
lifted to GRCh38 (hg38) using CrossMap (v0.5.2)51 and filtered again to
removeKI27contigs andduplicated variants. For each 10x library, BAM
alignment files from cellranger were filtered for reads from autosomes
and sex chromosomes. Using the processed VCF file (929,678 SNPs),
single cell variants were extracted from the filtered BAM files via 10x
Genomics VarTrix (https://github.com/10XGenomics/vartrix) with the
coverage scoring method. To reduce memory usage, single cell var-
iants were kept if both ALT and REF alleles are detected in the dataset.
We then used vireo (v0.5.0)52 to assign donor identity and doublets
based on the processed single-cell and WGS variants. Doublets were
removed. Cells that unassigned with donor identity were removed.

Antigen assignment based on dextramers and hashtags
Raw reads for each Hashtags and Dextramers were normalized. Cells
were assigned to their maximally expressed Hashtag. Cells that
expressedmultiple Hashtags at a high level were removed as potential
doublets. Hashtag identities were then used to identify cells’ SCT-
dextramer cocktail. For each cell, we calculated the number of unique
molecular identifiers (UMIs) for eachdextramer, and the percentage of
each dextramer. We assigned each cell an antigen only if their UMI
count was >25 and the UMIs specific for that dextramer occupied >25%
of that cells’ dextramer reads. Antigens were then assigned by the
maximally mapped dextramer for each cell. Ambiguous cells that
didn’t assigned with any dextramer were removed.

Peptide physicochemical property assignment and Pep-UMAP
We first transform peptide sequences into a numerical peptidematrix,
where each row represents a residue position, and each column
represents a feature characterizing amino acids, including amino acid
identity, charge, hydrophobicity, weight, bulkiness, polarity, sulfur
presence, aromaticity (Supplementary Data 3: Amino acid property
scales used for peptide and TCR residues)12. The numeric values were
scaled to ensure consistency range of values. For quantitative com-
parison of peptides in Fig. 2, we calculated the average value for each
property for anchor residues and TCR-exposing residues. Specifically,
position 2 and 9 (and occasionally 6) tend to serve as anchors for HLA-
A*0201 binding, while other exposed residues potentially contact the
TCR (CITE). Logo plot in Fig. 2 was generated by Seq2Logo - 2.053 using
default settings. In Fig. 3, to visualize peptide features and similarities,
we applied UMAP followed by an autoencoder for dimensional
reduction. In detail, since peptides have varying lengths, the residue
positions are mapped to a normalized scale of 0 to 100. Each amino
acid’s features are replicated across the corresponding positions in the
matrix. We then implemented an autoencoder using anMLPRegressor
from scikit-learn to reduce the dimensionality of the peptide matrix.
Finally, we computed a two dimensional peptide UMAP (Pep-UMAP)
using scanpy.tl.umap to visualize peptide features and similarities.

TCR physicochemical property assignment
TCR-related physicochemical properties were computed for each cell
based on its TCR CDR3 sequence of the beta chain. These properties,
including charge, hydrophobicity, weight, bulkiness, polarity, sulfur
presence, and aromaticity, were calculated based on Supplementary
Data 3 (Aminoacidproperty scales used for peptide andTCR residues).
The charge is absolute value unless specifically indicated. Specifically,
we categorized CDR3β residues into V, J, and CDR3βmer regions. The
V/J region comprises the first four, and last five amino acids, respec-
tively, while the central CDR3βmer contains the amino acids in
between. We evaluated TCR CDR3 hydrophobicity numerically by the

average hydrophobicity of the CDR3βmer region. Additionally, we
introduced a categorical score called HPhobic%. HPhobic% represents
the percentage of strongly hydrophobic residues (A, V, L, I, F, M) in the
CDR3β, excluding the first and last four amino acids.

TCR physicochemical property analysis
We calculated 45 properties for each cell’s TCR sequences, including
charge, hydrophobicity, weight, bulkiness, polarity, for three regions
of CDR3β (V, J, CDR3βmer), as well as full CDR3α chain. The Mann-
Whitney U test is applied to compare the distribution of each property
between effector (Cytotoxic, Effector Memory, Hybrid) and non-
effector (Naïve and Central Memory) cell phenotypes. Log2 fold
change (log2fc) for each property was calculated between the mean
values of effector cell types and non-effector cell types. Top selected
properties arebasedon the criteriaof log2fc absolute value > 0.05, and
p-value < 0.05. (Supplementary Data 7 and 8). For Supplementary
Fig. 8b, Dominant TCRs were removed to test whether our result is
biased by large clones. In detail, we performed additional analysis by
removing T cell clonotypes and then evaluated the relationship
between TCR Groups and phenotypes without these dominant clones.
Dominant clones were defined as clone size >= 50 based on 10X VDJ
library readout (which counted all cells in the pre-filtered dataset). We
also defined phenotype scores as: Cytotoxic score (GZMB, GZMA,
GNLY, PRF1) andNaïve-Memory score (TCF7, CCR7, SELL, LEF1, GZMK,
IL7R). These were calculated by Scanpy.tl.score to represent the
average expression of the given set of genes.

Peptide and TCR groups density analysis
Densities for peptide groups were projected onto GEX-UMAP by
matching the antigen specificity of each single CD8 T cell to the pep-
tide group that antigen peptide belongs to. Embedding density was
first calculated via sc.tl.embedding_density then a 5 n-neighbor kNN
graphwasused todiffuse the values viafive iterations to create awhole
UMAP score for the density scores, as reported previously8,54. TCR
group density calculations were implemented this samemethodology.
TheUMAPdensities in the original Fig. 4d and Fig. 5fwere calculated as
an odds ratio. In the area of low cell frequency of certain PG/TCR
groups, the density has a low value – but not necessarily zero.

Differential gene expression and signature analysis
Differentially expressed genes were called via scanpy.tl.rank_gen-
es_groups through the Scanpy package using the Wilcoxon method
which implements the Mann-Whitney U test55. Differentially expres-
sed genes (DEGs) between peptide groups (PG2 vs PG3) were filtered
for p-values < 0.05 (Supplementary Data 5). Enriched pathways
through filtered DEGs were computed via Enrichr56 and provided in
Supplementary Data 6. Top enriched pathways in PG3 than PG2 were
reported in Fig. 4e. DEGs between TCR groups (HPhobic-High vs
HPhobic-Low) were called similarly to generate list of DEGs (Supple-
mentary Data 9) and enriched pathways (Supplementary Data 10).
Top enriched pathways in HPhobic-High than HPhobic-Low were
reported in Fig. 5g.

Longitudinal T cell inquiry by GLIPH2 analysis for SARS-CoV-2
specific TCRs
We utilized a reference dataset - our previously reported longitudinal
dataset on 209 COVID-19 participants contained both scRNA-seq and
scTCR-seq data from the same single cell alongwith assigned donors25.
We performGLIPH2 analysis on SARS-CoV-2 specific TCRs identified in
this study that assigned with antigen specificity, and TCRs from the
longitudinal dataset with unknown antigen specificity. GLIPH2was run
on http://50.255.35.37:8080/ using the GLIPH2 algorithm57, version 1.0
reference for CD8, with all_aa_interchangeable set to YES. Antigen-
specific CD8 T cells were identified as those that belonged to the same
GLIPH group of the SARS-CoV-2 specific TCRs identified in this study.
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Longitudinal SARS-CoV-2 specific CD8 T cells were then subset from
the reference dataset for analysis in Fig. 7. Cell count for each PG-TCR
groups at Acute and Post-Acute timepoints were provided in Supple-
mentary Data 11.

Statistical analysis
Microarray like datasets were analyzed using SCANpy and statistical
comparisons were generated using scanpy.tl.rank_genes_groups using
the wilcoxon method. All correlations were calculated using Pearson
correlation. All p-values were calculated using Mann–Whitney U test
unless otherwise specified. Bar charts were provided with error bars
when multiple values were present, and these bars represented stan-
dard errors. Bar level represented the mean variable value.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The single cell sequencing data generated in this study have been
deposited in the ArrayExpress database under accession number: E-
MTAB-14002, or using the URL: https://www.ebi.ac.uk/biostudies/
arrayexpress/studies/E-MTAB-14002. Source data in this study are
provided in the Supplementary Data/Source Data file. Any additional
information required to reanalyze the data reported in thiswork paper
is available from the Lead Contact upon request. Source data are
provided with this paper.
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