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     Immune checkpoint inhibition (ICI) that targets the programmed death-1 (PD-1) pathway has 

made great strides in improving cancer patient outcomes and is the most successful 

immunotherapy to date, but only a subset of treated patients benefits. Predicting which patients 

are likely to respond to ICI and understanding the underlying mechanisms are of critical 

importance to prioritize patients for alternate or synergistic therapies and to avoid toxicities in 

patients who would not benefit. Because PD-1 pathway blockade targets T cells, it is feasible 

that patient-specific T cell characteristics could serve as predictive biomarkers of response. 

However, few studies can directly assess the numerically lower, but more functionally relevant 

population of cancer-specific T cells. This is because most cancers arise due to unique patient-

specific mutations, which makes it extremely difficult to identify infrequent cancer-specific T 

cells. However, 80% of Merkel cell carcinoma (MCC) cases are virally-driven, persistently 

express conserved Merkel cell polyomavirus (MCPyV) oncoproteins, and have extraordinarily 

few amino acid-coding tumor mutations. This allows us to have a common set of target antigens 

that can be used to study MCPyV-specific T cells and gain insights that can be extended to 

other cancers.  

 



 

     In chapter 1, we review limitations encountered in studying tumor-specific CD8 T cells, 

propose virus-driven MCC as a model tumor, summarize current knowledge of mechanisms of 

response and resistance to ICI.  

 

     In chapter 2, we find that baseline abundance of MCPyV-specific CD8 T cells in blood can 

predict ICI response in two different clinical trials. However, this does not seem to be the case 

for intratumoral tumor-specific CD8 T cells. This difference may be attributable to our 

observation that tumor-specific CD8 T cells in the blood are less dysfunctional than their 

intratumoral counterparts. In chapter 3, we confirm our finding that baseline frequency of 

MCPyV-specific CD8 T cells associates with response to ICI in an independent patient cohort. 

And we additionally find that the frequency of CD39+CLA+ CD8 T cells can predict response to 

ICI.  

 

     However, current methods to quantify cancer-specific T cells require freshly acquired (non-

archival) tissue, labile expensive custom reagents (peptide-HLA tetramers), and significant 

technical expertise, and are therefore not well suited for routine clinical care. Thus, in chapters 

4 and 5, we explore methods to identify cancer-specific CD8 T cells more easily. In chapter 4, 

we characterize MCPyV-specific CD8 T cells in blood and identify a set of 98 genes that are 

enriched in these cells compared to other T cells. We find that this gene set can accurately 

identify tumor-specific CD8 T cells in both MCC and various mutationally-driven cancers. In 

chapter 5, we explore the feasibility of generating a library of T cell receptors (TCR) specific to 

MCPyV oncoproteins and using this library in combination with existing TCR similarity 

algorithms to identify cancer-specific CD8 T cells.  

 

     Given that significantly more TCR sequences were publicly available from patients with 

COVID infection than MCC, we tested the ability of TCR similarity algorithms to identify SARS-



 

CoV-2-specific CD8 T cells in COVID vaccine recipients in chapters 6 and 7. In chapter 6, we 

compared the phenotype and repertoire of SARS-CoV-2 specific CD8 T cells from the 

breastmilk and blood of lactating individuals who received a spike-specific mRNA vaccination 

post-delivery. We used a TCR similarity algorithm, tcrdist3, to identify novel potential SARS-

CoV-2-specific CD8 T cells. In chapter 7, we used tcrdist3 to track the frequency of SARS-CoV-

2-specific CD8 T cells in longitudinal blood samples from patients with a history of COVID 

infection, who subsequently received SARS-CoV-2 vaccines. We observed large expansions in 

response to vaccination and identified novel, functionally-proven SARS-CoV-2-specific CD8 T 

cells. Being able to accurately track and identify novel COVID-specific CD8 T cells with TCR 

similarity metrics in these studies increases our confidence in using similar methods for 

identifying cancer-specific CD8 T cells and justify efforts to create libraries of TCRs that target 

common oncogenic viruses and mutations.  

 

     Finally, in chapter 8, we investigate a case of secondary resistance to ICI, despite an 

abundance of tumor-specific CD8 T cells. We demonstrate that this patient’s tumor lacked HLA-I 

expression, preventing anti-tumor CD8 T cells from recognizing the tumor cells. Treatment with 

an intralesional stimulator of interferon genes (STING) agonist partially restored HLA-I 

expression via induction of an inflammatory tumor microenvironment, allowing to patient to 

experience an abscopal, partial response.  

 

     The studies detailed in chapters 2, 3, and 8 have made key advances in identifying 

mechanisms of response and resistance to PD-(L)1 pathway blockade in Merkel cell carcinoma. 

Additionally, the studies detailed in chapters 4, 5, 6, and 7 have made important advances in 

translating the identified mechanisms to more common, mutationally-driven cancers via gene 

expression profiling and bulk T cell receptor sequencing. We believe that use of these methods 

will translate to improving outcomes for all patients with cancer.  
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Chapter 1: Insights into anti-tumor immunity via the polyomavirus shared across human 
Merkel cell carcinomas 
 
Saumya Jani*, Candice Church*, Paul Nghiem 
 
Frontiers in Immunology, May 2023 
 
 
 
CHAPTER SUMMARY: In this chapter, we introduce Merkel cell carcinoma (MCC), the role of 

Merkel cell polyomavirus (MCPyV) in oncogenesis, and PD-1 pathway blockade as a pillar of 

cancer treatment. We then summarize the knowledge gained by studying T cells that target 

MCPyV oncoproteins, in addition to describing mechanisms of immunotherapy response and 

resistance gleaned from other cancers. Finally, we identify current gaps in knowledge and 

propose ways virus-driven MCC may be used as a model cancer to fill in those gaps.  

 
 



Insights into anti-tumor
immunity via the polyomavirus
shared across human Merkel
cell carcinomas

Saumya Jani1†, Candice D. Church1*† and Paul Nghiem1,2

1Department of Medicine, University of Washington, Seattle, WA, United States, 2Fred Hutchinson
Cancer Center, Seattle, WA, United States

Understanding and augmenting cancer-specific immunity is impeded by the fact
that most tumors are driven by patient-specific mutations that encode unique
antigenic epitopes. The shared antigens in virus-driven tumors can help
overcome this limitation. Merkel cell carcinoma (MCC) is a particularly
interesting tumor immunity model because (1) 80% of cases are driven by
Merkel cell polyomavirus (MCPyV) oncoproteins that must be continually
expressed for tumor survival; (2) MCPyV oncoproteins are only ~400 amino
acids in length and are essentially invariant between tumors; (3) MCPyV-specific
T cell responses are robust and strongly linked to patient outcomes; (4) anti-
MCPyV antibodies reliably increase with MCC recurrence, forming the basis of a
standard clinical surveillance test; and (5) MCC has one of the highest response
rates to PD-1 pathway blockade among all solid cancers. Leveraging these well-
defined viral oncoproteins, a set of tools that includes over 20 peptide-MHC
class I tetramers has been developed to facilitate the study of anti-tumor
immunity across MCC patients. Additionally, the highly immunogenic nature of
MCPyV oncoproteins forces MCC tumors to develop robust immune evasion
mechanisms to survive. Indeed, several immune evasion mechanisms are active
in MCC, including transcriptional downregulation of MHC expression by tumor
cells and upregulation of inhibitory molecules including PD-L1 and
immunosuppressive cytokines. About half of patients with advanced MCC do
not persistently benefit from PD-1 pathway blockade. Herein, we (1) summarize
the lessons learned from studying the anti-tumor T cell response to virus-
positive MCC; (2) review immune evasion mechanisms in MCC; (3) review
mechanisms of resistance to immune-based therapies in MCC and other
cancers; and (4) discuss how recently developed tools can be used to address
open questions in cancer immunotherapy. We believe detailed investigation of
this model cancer will provide insight into tumor immunity that will likely also be
applicable to more common cancers without shared tumor antigens.

KEYWORDS

Merkel cell carcinoma, Merkel cell polyomavirus, skin cancer, anti-tumor T cells,
immunotherapy, oncoproteins
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1 Introduction

It is well established that the ability of T cells to target tumor
cells is central to controlling and eliminating cancer (1). In contrast,
details of the relative roles of cancer-specific lymphocytes and
innate immune cells in the short- and long-term control of
cancer is highly complex and not fully understood. Cancer
immunotherapy has dramatically transitioned in the past decade
from an understudied, empiric field to a dominant and mainstream
scientific discipline. Nevertheless, enormous challenges remain. A
major roadblock to improved understanding of cancer immunology
is an inability to readily identify cancer-specific T cells due to the
“private” (patient specific) nature of most tumor antigens.
Personalized mutations and unique neoantigens expressed by
most tumors require custom reagents for each tumor to study
cancer-specific T cells between patients, making this process tedious
and not readily amenable to studying a larger cohort of patients.

We propose that Merkel cell carcinoma (MCC) is a model
cancer in which to study T cell and B cell responses because of the
shared, highly immunogenic oncoproteins that drive this cancer.
MCC is a rare but aggressive cutaneous neuroendocrine carcinoma
with an incidence of about 3,200 new cases per year in the US (2).
Initial observations that HIV+ patients had a >10-fold increased
risk of MCC, suggested that this was an immune sensitive cancer
and might be driven by a pathogen (3–5). In 2008, the Pittsburgh-
based laboratory of Patrick Moore and Yuan Chang made the
landmark discovery of a novel human DNA polyomavirus that was
clonally integrated into a chromosome of the host (tumor) cell (6).

Merkel cell polyomavirus (MCPyV) is one of about a dozen
human polyomaviruses, all of which show evidence of largely
asymptomatic infection of more than half of healthy persons by
adulthood (7). Accordingly, the majority of MCC cases (70-80%)
are driven by MCPyV oncoproteins (8, 9). Of note, MCPyV is
highly conserved across individuals, with very minimal amino acid
polymorphisms. This also holds true across MCC tumors, meaning
there is minimal antigenic variability between patient tumors (10,
11). The remaining ~20% of MCCs are caused by extensive
ultraviolet (UV)-induced mutations (median of 1121 protein-
coding somatic single nucleotide variants per exome) resulting in
numerous immunogenic neoantigens expressed by tumor cells (12–
14). Strikingly, both MCPyV-driven and UV-driven MCCs have a
high (~50%) response rate to anti-PD-(L)1 therapies, suggesting
that both etiologies are immunogenic in nature (15–17). The fact
that two very distinct processes (UV-mutational and virus-induced)
can lead to a histologically identical, aggressive, fast growing,
immune-sensitive tumor provides numerous opportunities for
insight into cancer immunobiology.

Several lines of evidence have demonstrated that expression of
small and large T antigens of MCPyV is necessary in an ongoing
way for virus-driven MCC growth and survival, essentially
rendering the tumor cells “addicted” to these oncoproteins, which
can therefore not be lost (18). This unique situation provides several
advantages relevant to cancer immunobiology. Like any tumor
antigen, viral oncoproteins are processed into peptides that are
then presented by major histocompatibility complexes (MHCs) on

the surface of tumor cells. These MHC-peptide complexes are in
turn recognized by cancer-specific T cells. The fact that MCPyV
oncoproteins are shared between patients allows for development of
a suite of reagents that can identify tumor-specific immune
responses among an entire cohort. Because the immune response
can be studied across multiple patients, data gathered in virus-
driven MCC can be linked to the patients’ clinical outcomes and the
relative significance of various immune-associated characteristics of
interest can be determined.

Herein, we describe insights gleaned from virus-driven MCC by
comparing the tumor microenvironments (TME) and T cell
characteristics of patients who experience different outcomes. We
will also review immune evasion and immunotherapy resistance
mechanisms in MCC and solid tumors more broadly, as well as
explore new therapeutic opportunities. Finally, we will discuss
recent and anticipated technologies that help address open
questions in cancer immunology.

2 Study of virus-driven MCC
overcomes typical limitations imposed
by private tumor antigens

Most cancers are driven by patient-specific mutations, and the
resulting neoantigens are unique to each patient and vary in
immunogenicity. While neoantigens can be rapidly identified by
current whole exome sequencing (WES) and bioinformatic tools,
extending this to create and validate tools (peptide-MHC tetramers,
described below) that identify T cells that can recognize these
neoantigens remains cumbersome and logistically infeasible. This
is relevant as most predicted peptides are not immunogenic and do
not identify cancer-specific T cells, requiring screening of large
amounts of epitopes to identify T cells (19, 20). Additionally, the
unpredictable and varied levels of immunogenicity prevent
comparisons of cancer-specific T cells across patients. To avoid
the complications related to personalized tetramer-based
identification of cancer-specific T cells, approaches involving
response to in vitro stimulation and expression of activation
markers have been developed (21, 22). While identification of
cells with such activation markers is relatively easy, they are not
limited to tumor antigens, resulting in capture of activated
bystander T cells within the target population. Together, the
inability to reliably identify tumor neoantigen-specific T cells
between patients prevents the use of high-throughput or bulk
approaches that would be feasible for clinical use.

MCC, on the other hand, is driven by MCPyV in 80% of cases
and has an exceptionally low tumor mutational burden (TMB) (23).
This means that MCPyV oncoproteins are largely responsible for
driving tumorigenesis and most cancer-specific T cells recognize
MCPyV oncoproteins. In addition, MCPyV oncoproteins are small
(approximately 400 amino acids in length) and invariant between
patients (Figure 1A). Careful annotation of the integrated sequence
has allowed for functional studies that identified MHC-restricted
epitopes (Figure 1B) (21). Initial characterization of MCPyV
immunogenicity was accomplished by stimulating blood and
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tumor samples from MCC patients with T antigen peptides. These
studies revealed T cell responses to shared antigens across MCC
patients. Based on these data, tetramer reagents were created.
Tetramers consist of four MHC molecules containing a previously
identified MCPyV peptide conjugated to a tetrameric streptavidin-
biotin scaffold (Figure 1C). These molecules bind to MCPyV-
specific T cells in a highly avid and sensitive manner and allow
study of T cell responses across MCC patients in an efficient and
reproducible way.

Tetramers offer additional advantages. By relying on T cell
receptor (TCR) specificity, instead of functional readout to identify
cancer-specific T cells, tetramers allow recognition of T cells that
have lost cytotoxic capabilities due to chronic antigen stimulation.
Indeed, in patients with a persistent or heavy disease burden, T cells
are often identifiable with tetramers, but not through stimulation
assays that measure interferon-gamma (IFN-g) or interleukin-2 (IL-
2) secretion as a means of detecting the presence of cancer-specific
T cells (24). This is because cancer-specific T cells are often
dysfunctional and incapable of expressing the activation markers
or secreted effector cytokines used to detect them in such activation-
based assays (24). Furthermore, they can be combined with other
technologies to more deeply characterize cancer-specific T cells.
Adding fluorophore-conjugated tetramers to flow cytometry panels
has shown that tetramer-positive cells express higher levels of
immune checkpoint markers such as programmed cell death
protein 1 (PD-1) and T cell immunoglobulin and mucin domain
(TIM-3), providing further evidence of dysfunction (25). Adding
DNA barcode-conjugated tetramers facilitates identification of T
cell specificity and links this data to single-cell sequencing-based
approaches. This can allow us to characterize the epigenetic and
transcriptional state of tumor-specific T cells (26–28). The next
section summarizes what we have learned about the importance of
cancer-specific T cells in MCC using these tools.

3 Lessons learned from
tumor-specific lymphocytes in MCC

Given that the risk of MCC is often more than 10-fold higher in
immune suppressed patients (while it is only ~2-fold higher than
patients with malignant melanoma), the role of the immune system
in responding to this cancer was of particular interest (29). In 2010,
brisk infiltration of CD8+ T cells into MCC tumors was found to be
predictive of improved MCC-specific survival, helping to explain
the importance of tumor-specific immune responses for this cancer
(30). However, it was not known whether the infiltrating T cells
were capable of recognizing MCPyV oncoproteins. Once the viral
sequence for MCPyV was described, investigation of patient blood
and tumors demonstrated that T cells specific for the oncoproteins
were present in MCC patients, but absent in corresponding
specimens from healthy controls (31, 32). Furthermore, it has
been observed that when tumors are effectively treated (surgically
removed or fully respond to treatment) and the source of tumor
antigens is no longer present, the number of MCPyV-specific T cells
quickly drops (25). Considering that MCPyV-driven MCC has a
low TMB (~12.5 mutations per exome versus 1,121 for UV-driven
MCC), these data suggest that the relevant tumor antigens for the
immune system to effectively target are indeed the viral
antigens (12).

It is well established that chronic exposure to an antigen, and
consequent activating signals, can cause T cells to become
dysfunctional (33). Dysfunctional T cells can be identified by
their expression of activation and exhaustion markers, including
co-expression of PD-1, TIM-3 and others. When PD-1 on a T cell is

A

B

C

FIGURE 1

Virus-driven MCC is a unique model cancer for studying anti-tumor
T cell responses. (A) Virus-driven MCC arises when MCPyV
undergoes a truncation and integrates into the host genome. The
integration site is thought to be random as it varies greatly among
patients. Following the truncation and integration, two oncoproteins
(large and small T antigens), which share a common region, are
persistently expressed and drive tumorigenesis. (B) These viral
oncoproteins are small (~400 amino acids), and this antigenic space
has been rigorously studied to identify immunogenic peptides
presented by common MHC types. The areas of immunogenicity are
highlighted with pink stars. (C) Based on these functional studies,
multimer tools to identify cancer-specific T and B cells have been
developed and validated. The immunogenic peptides, the MHC
molecules that can present them, the relevant oncoprotein region,
and an approximation of the prevalence of these MHC molecules in
patients with MCC are summarized in the table.
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engaged by its ligand, it significantly restrains the function of that
cell. Consistent with this being a dominant immune evasion
mechanism in MCC, oncoprotein-specific T cells in MCC
patients often express PD-1. In over half of MCC tumors,
programmed death-ligand 1 (PD-L1) is expressed by tumor cells
and/or antigen presenting cells (25, 34). These data suggested that
MCC tumors should be amenable to PD-1 pathway blockade
therapies and provided a strong rationale for clinical trials to test
this approach. Indeed, clinical trials of anti-PD-(L)1 as first-line
treatment in MCC patients resulted in very high objective response
rates of 56–62% (16, 17, 35). While many of these responses were
durable, in the end, fewer than half of MCCs patients have
persistent benefit from PD-1 pathway blockade. Because of the
highly immunogenic nature of this cancer and its shared tumor
antigens, this is an excellent opportunity to characterize the basis of
primary and acquired resistance to immunotherapy.

3.1 Characteristics of tumor-infiltrating
MCPyV oncoprotein-specific CD8 T cells
linked to improved outcomes

To determine the link between MCPyV oncoprotein-specific
CD8 T cells and clinical outcomes, T cells from patient tumors and
blood were characterized, and differences between patients with
divergent outcomes were assessed (36). Intratumoral T cell clones
specific for a single MCPyV oncoprotein epitope (KLLEIAPNC)
were tracked in a patient cohort by their unique complementarity
determining region 3 sequences of the TCRb chain (Figure 2A)
(36). Frequency of T cell clones specific for this KLL epitope found
within tumors was significantly greater in patients with extended
survival compared to those with fewer clonotypes (36). Patients
with >5 unique clonotypes had greater survival (p = 0.0051) and a
higher chance of recurrence-free survival after definitive treatment
than patients without diverse cancer-specific T cells (36).
Additionally, patients who did not experience recurrences had
more avid T cells (T cell clones that could respond well to low
concentrations of peptide in a functional IFN-g assay) compared to
patients who experienced recurrence (36). Taken together, these
data suggest that the presence of diverse, prevalent, and highly
functional T cells that target tumor antigens are linked to improved
patient outcomes. One approach to directly test the efficacy of these
cancer-specific cells is being explored in a clinical trial of
autologous, TCR-transgenic T cells that employ a highly avid
A02-KLL-specific TCR (NCT03747484).

3.2 Links between peripheral blood
circulating T cells and immune checkpoint
inhibitor responses

A predictive biomarker for responsiveness to immunotherapy is
needed to help determine the best therapeutic agents for a patient to
experience long term control of their cancer. While expression of PD-
L1 in the tumor, microsatellite instability (MSI) and TMB are used as

predictive biomarkers of response to anti-PD-1 agents for various
cancers, none have been shown to be clinically relevant for MCC (37).
In a study of advanced MCC patients who received first-line
pembrolizumab (NCT02267603), oncoprotein-specific CD8 T cells
tracked with responsiveness wherein responders (n = 13) had more
abundant cancer-specific T cells in blood at baseline compared to non-
responders (n = 4) (38). Analogously, it was also reported that the
presence of baseline circulating oncoprotein-specific CD8 T cells
significantly correlated with progression-free survival in patients
receiving neoadjuvant anti-PD-1 (NCT02488759) (Figure 2B) (39).
Although both of these studies had a small number of available
specimens and additional cohort(s) are needed to confirm these
findings, both suggest improved outcomes for MCC patients who
have more circulating oncoprotein-specific T cells at baseline. While it
has long been appreciated that anti-tumor CD8 T cells are critical for
control of cancer, these two studies are the first to show that MCC
patients who have existing MCPyV oncoprotein-specific T cells at the
start of therapy were more likely to respond. For patients who don’t
have circulating MCC-specific T cells prior to initiation of anti-PD-(L)
1 therapies, adoptive cell therapies and therapeutic vaccines could be
administered to increase the chances of a favorable response.

4 MCC requires multiple immune
escape mechanisms at play

As discussed in the introduction, there are numerous lines of
evidence that suggest that MCC is an immunogenic cancer,
regardless of whether it was induced by MCPyV (viral epitopes)
or UV exposure (neoantigens). This immunogenicity suggests that
the immune system will detect the tumor at an early stage of
development and deploy effective anti-tumor strategies, if robust
immune evasion mechanisms are not employed. Indeed, individuals
with a compromised or suppressed immune system are at a 10-50-
fold greater risk of developing MCC, depending on the types and
severity of immunosuppression (5, 40, 41). However, at least 90% of
MCC cases arise in immune competent persons, suggesting that a
vast majority of these tumors do have the capacity to evade an intact
immune system. Indeed, MCC tumors have been observed to use
one or more of these immune evasion approaches detailed below:
(1) induce an immunosuppressive TME; (2) prevent T cell
infiltration into the tumor; (3) inhibit tumor engagement with T
cells; and (4) induce T cell dysfunction.

4.1 Immunosuppressive
tumor microenvironment

Mechanisms by whichMCC tumors induce an immunosuppressive
microenvironment include suppression of innate immune danger
signals and the presence of immune suppressive cells. Toll-like
receptor 9 (TLR9) is an intracellular toll-like receptor that activates an
inflammatory immune response upon recognizing foreign DNA, a
potent danger signal to indicate a cell has been infected by a virus (42).
MCPyV T antigens inhibit CCAAT/enhancer binding protein (C/EBP)
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transcription factor, which leads to downregulation of TLR9 (43).
Indeed, a clinical study of cystic fibrosis patients demonstrated lower
levels of TLR9 in patients harboring MCPyV (44). Thus,
downregulation of TLR9 in MCC tumors could prevent recruitment
of immune cells andmay contribute to tumor survival. Additionally, the
TME can induce immunosuppressive phenotypes in infiltrating
immune cells, including macrophages and T regulatory cells.

While complex and controversial, macrophages can be grouped
into two broad categories, M1 and M2. M1 macrophages are
classically activated by IFN-g or lipopolysaccharide (LPS) and
secrete proinflammatory cytokines to protect against pathogens.
M2 macrophages, on the other hand, are activated by exposure to
other cytokines, including interleukin-4 (IL-4), interleukin-10 (IL-
10), and transforming growth factor beta 1 (TGF-b1), and secrete
immunosuppressive cytokines and factors that promote
angiogenesis and tissue repair (45, 46). M2 macrophages are
frequently found in MCC tumors and support tumor growth (46,
47). Furthermore, tumor cells and innate immune cells in the TME
also secrete chemokines that recruit T regulatory cells (CCL17/22,
CCL5, CCL28 and CXCL9/10/11), expand T regulatory cells (TGF-

b, IL-10), and convert conventional T cells into T regulatory cells
(TGF-b and adenosine) (48). These cells typically inactivate CD8 T
cells and antigen-presenting cells to suppress an overactive immune
response and prevent immune-mediated damage. While T
regulatory cells are enriched in MCC tumors, their role in
tumorigenesis and patient outcome is unclear, as there is no
striking association between their presence and altered outcomes
(47, 49).

4.2 Lack of T cell infiltration

In addition to creating an immunosuppressive environment,
tumors can also employ strategies that prevent T cell infiltration
(Figure 3B), such as downregulation of stimulator of interferon
genes (STING) and E-selectin. MCC tumors silence STING, a
molecule that senses DNA damage, activates a cytokine response,
and recruits cancer-specific T cells to the TME. When STING
expression was artificially restored in a human MCC cell line that
was then co-cultured with MCPyV-specific T cells, the cancer-

A

B

FIGURE 2

Insights into anti-tumor T cell responses gained by studying virus-driven MCC. Several lines of evidence have shown that virus-driven MCC is
targetable by CD8 T cells and the presence of the MCPyV oncoprotein-specific T cells in patients can be linked to improved clinical outcomes. (A)
Increased number of MCPyV oncoprotein-specific T cells, diverse T cell clonotypes that target MCPyV oncoprotein antigens, and CD8 T cells with
high functional avidity found in the tumor are linked to improved patient outcomes in the absence of immunotherapy. (B) Circulating peripheral
blood T cell characteristics that are associated with response to immunotherapy include the presence of MCPyV oncoprotein-specific CD8 T cells
before initiation of anti-PD-1 therapy as assessed by MHC-peptide tetramer, and the presence of CD8 T cells that co-express CD39 and CLA before
initiation of anti-PD-1 therapy.
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specific T cells demonstrated increased cytokine production,
migrat ion, and tumor cel l ki l l ing. This implies that
downregulating STING allows the tumor to prevent a significant
innate immune mechanism of T cell recruitment (50). In an actual

human tumor, injection of a small molecule agonist of STING
signaling induced infiltration of MCPyV-specific T cells and
regression of multiple injected and non-injected tumors (51).
MCC tumors have also been shown to downregulate E-selectin,

A B
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FIGURE 3

Summary of mechanisms of resistance to immunotherapy identified to-date. Several mechanisms can prevent response to immunotherapy altogether
(primary resistance), while other mechanisms are acquired later in the disease course and lead to tumor relapse (secondary resistance). (A) Oncoproteins
can induce immune suppressive environments that recruit tumor-promoting macrophages and T regulatory cells, prevent infiltration of antigen-
presenting cells, and prevent infiltration and priming of effector T cells. (B) Tumor cells can prevent T cell recruitment via downregulation of
inflammatory pathways and cell surface integrins (e.g., E-selectin) that mediate T cell entry into inflamed tissues. (C) Tumors often downregulate or
develop mutations in genes responsible for antigen presentation (e.g., MHC, IFN-g receptor), preventing tumor engagement with T cells. (D) Chronic
exposure to their cognate antigens leads to activation of evolutionarily protective, immunosuppressive mechanisms that convert effector T cells to a
hypofunctional phenotype. (E) Increased glucose uptake by the tumor leads to T cell activation in a nutrient-poor environment, which seems to prime T
cells to attain a hyporesponsive phenotype. This phenotype cannot be reversed even if T cells are subsequently stimulated in nutrient-rich conditions. (F)
Lack of TLS can prevent appropriate T cell priming and is linked to poor outcomes and poor response to immunotherapy. (G) Cancer and immune cells
co-exist in balance with each other. Thus, immune pressure can lead to deletion of immunogenic neoantigens not required for tumor survival. This
“hides” the tumor from the immune system. (H) Tumors can also downregulate or mutate cell surface receptors and intracellular proteins responsible for
recognizing and responding to immune effector signals (e.g., PTPN2, ADAR1, SETDB1, TBK1, JAK1/2, and PTEN), thus preventing immune-mediated
cancer cell death. (I) ICI has been demonstrated to re-invigorate the effector functions of T cells but may not induce memory cell formation. This would
allow metastases and microtumors to grow after initial disease has been controlled.
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an integrin critical for T cell homing to the skin, via local nitric
oxide production. Tumors with increased amounts of nitrotyrosine,
a stable biomarker of nitric oxide-induced reactive nitrogen species,
had lower E-selectin expression, and consequently, lower T cell
infiltration (52). The expression of the ligand for E-selectin,
cutaneous lymphocyte antigen (CLA), needs to be further
elucidated. Some studies found that a higher percentage of
MCPyV-specific T cells express CLA when compared to T cells
that target viruses that do not infect the skin (38, 52). A different
study found low expression of CLA in cancer-specific T cells and
corresponding reduced T cell infiltration into the TME of these
patients (49).

4.3 Inhibition of immune cell
engagement with the tumor

If efforts to prevent T cells from entering the TME are
unsuccessful, MCC tumors can downregulate cell surface
receptors that engage cytotoxic immune cells (Figure 3C).
Cytotoxic CD8 T cells detect infected or cancerous cells by their
TCRs binding to peptides presented on MHC complexes on the
cells of interest or professional antigen-presenting cells. Typically,
these peptide-MHC complexes are translocated to the cell surface
after intracellular proteins are degraded, bound to MHC class I
proteins (53). MCPyV oncoproteins interfere with this process by
downregulating immunoproteasome genes (LMP2 and LMP7),
transporters associated with antigen processing (TAP1 and
TAP2), and antigen presentation molecules (MHC class I and b2
microglobulin) (54). The vast majority of MCC tumors (85%) have
partial or complete downregulation of class I MHC on their surface
relative to surrounding stromal structures (55). Specifically, MHC
class I molecules are transcriptionally downregulated by L-Myc, the
levels of which are markedly upregulated by the MCPyV
oncoproteins (56). The small T antigen binds to L-Myc and
recruits it to the EP400 histone acetyltransferase and chromatin
remodeling complex to block expression of class I MHC (56). Class
I MHC downregulation also confers transcription level resistance to
adoptive T cell therapies reliant on presentation of peptide-MHC
on MCC tumor cel ls for anti-tumor responses (57) .
Correspondingly, this class I MHC downregulation can be
pharmacologically reversed by histone deacetylase inhibitors and
interferons (54, 55, 58).

In addition to T cells, natural killer (NK) cells also possess
cytotoxic potential. This is of particular importance because of the
high frequency of class I MHC downregulation in MCC and the fact
that NK cells are typically activated by lack of class I MHC on the
surface of target cells. NK cells engage target cells based on a balance
of activating and inhibitory cell surface receptors and costimulatory
molecules (CD40, CD80, and CD86) (59, 60). MCC tumors
epigenetically inhibit transcription and translation of two key
natural killer group D ligands, MICA and MICB (61). Expression
of these ligands on a cell’s surface normally sends a “kill me” signal
to NK cells. MICA and MICB can also be upregulated by histone
deacetylase inhibitors, which have been explored as therapeutic
targets in MCC due to their ability to upregulate both “kill me”

signals and class I MHC (61). Indeed, in a small clinical trial of NK
cells +/- IL-15, 2 of 6 MCC patients with immunotherapy refractory
disease experienced clinical benefit and had indications of increased
inflammation in their tumors (62). These data suggest that MCC
can be sensitive to NK cell killing and therapeutics that recruit NKs
cells into the TME should be further explored.

4.4 Induction of T cell dysfunction

To prevent tissue damage based on an immune response that
persists unabated, immune cells express inhibitory receptors during
activation, allowing inflammation to be attenuated after the acute
response (Figure 3D). Chronic signaling through the TCR leads to
elevated expression of these inhibitory receptors and facilitates
irreversible differentiation to a hyporesponsive state via epigenetic
alterations. This dysfunctional phenotype interferes with both
mounting of an effective inflammatory response and developing
stem-like and memory T cells. Indeed, MCC-specific T cells express
greater levels of inhibitory receptors (PD-1, cytotoxic T
lymphocyte-associated protein-4 (CTLA-4), TIM3, lymphocyte
activation gene-3 (LAG-3), and T cell immunoreceptor with Ig
and ITIM domains (TIGIT)) and lower levels of activation markers
(CD25 and CD69) than bystander T cells (49). Bystander T cells are
defined as either T cells present in healthy skin or T cells specific to
other common viruses. MCC tumors take advantage of this
mechanism by expressing immune checkpoint molecules,
specifically PD-L1 and PD-L2, that can inactivate T cells that
recognize the tumor (34, 49, 63). Along the same lines, several
groups have discovered that a specific subset of PD-1+ cancer-
specific T cells (expressing stem cell markers, TCF1 and CXCR5) do
expand in response to anti-PD-1 therapy and are largely responsible
for controlling the tumor (64–70). It is postulated that these
progenitor exhausted cancer-specific T cells recognize antigens
that may be expressed at lower levels or do not bind class I MHC
as avidly, allowing these T cells to receive fewer activation signals
and avoid a more irreversible dysfunctional phenotype (69, 71). It
would be pertinent to determine whether this subset of cells could
serve as a biomarker of response to immunotherapy in MCC.

5 A major open question: Why
do some patients not benefit
from immunotherapy?

Although MCC-specific T cells typically express inhibitory
receptors targeted by immunotherapy (i.e., PD-1, CTLA-4, TIM-
3, LAG-3), only about half of patients persistently respond to
immune checkpoint inhibition (ICI). To address immunotherapy-
refractory disease, it is critical to understand the mechanisms
underlying response or resistance to immunotherapy. In addition
to the previously reported MCC-specific immune evasion
mechanisms described above, several resistance mechanisms have
been demonstrated in other cancers and may also underlie
immunotherapy resistance in MCC. Below is a summary of such
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mechanisms documented in other cancers to underlie primary
resistance (no response at all) and secondary resistance (relapse
of tumor following a response) (Figure 3).

5.1 Primary resistance

Many of the identified mechanisms of primary resistance
involve anti-tumor T cells: (1) lack of cancer-specific T cells in
the right place; (2) inability of existing T cells to mount anti-tumor
immune responses; (3) inability to generate new T cell responses;
and (4) tumor resistance to effector cytokines.

5.1.1 Lack of cancer-specific T cells in
the right place

Given that a key target of PD-(L)1 blockade is cancer-specific T
cells, it is imperative that such T cells are in fact present in the
patient. Indeed, a randomized controlled clinical trial studied the
efficacy of neoadjuvant vs. adjuvant treatment in 313 patients with
resectable stage III-IV melanoma. Event-free survival was
significantly higher in the neoadjuvant group 2 years after
treatment (72). Both intratumoral T cells and the source of
relevant cancer antigens (tumor cells) are removed during
surgical resection and are thus absent when ICI is given in the
adjuvant setting. The simplest explanation is that the presence of
tumor at the time of immunotherapy initiation elicits a more robust
immune response than if the tumor had already been removed. In
contrast, other studies have found that chronic antigen stimulation
by the tumor drives intratumoral T cells to dysfunction and that
peripheral T cells may play a larger role in responding to anti-PD-
(L)1 treatment (73, 74).

In a study of 11 patients with basal cell carcinoma, sequential
biopsies of a patient’s tumor before and after immunotherapy were
analyzed, revealing that expanded T cell clones in post-therapy
samples were not present in the pre-treatment sample (73). This
suggests that the T cells that respond to ICI may have recently
infiltrated the tumor. In addition, recent studies demonstrated that
the degree of expansion of cancer-specific CD8 T cells in peripheral
blood predicts response to PD-L1 blockade in patients with
metastatic urothelial carcinoma (74). Similarly, the frequency of
activated (PD-1+, KLRG1-) peripheral CD8 T cells predicts
pathologic response in oral cancer (75). This implies that
peripheral blood could serve as a reservoir of cancer-specific T
cells that infiltrate the tumor after immunotherapy. It is likely a
combination of intratumoral and peripheral cancer-specific T cells
that respond to ICI, a balance that likely differs between patients.

Finally, it is possible that some patients do not have functional
peripheral or intratumoral cancer-specific T cells. It has been
observed that patients who do not respond to immunotherapy
have more turnover of intratumoral T cells, implying that their T
cells are not recognizing the cancer and receiving signals to stay/
proliferate and fight (76). Additionally, this lack of T cells may be a
consequence of minimally immunogenic neoantigens. Indeed,
cancers that have a high TMB, either because of non-synonymous

mutations or MSI as a result of inability to repair DNAmismatches,
are more responsive to immunotherapy (77–81).

5.1.2 T cell generation and priming
If cancer-specific T cells are not present or are terminally

exhausted, new T cells recruited from a naïve population could be
primed and expanded to exert anti-tumor immunity. Given that
thymic function gradually decreases with age and new T cells are
rarely produced in older persons, this may contribute to a lack of T
cells capable of responding to PD-(L)1 blockade (82). Additionally,
existing naïve cancer-specific T cells may not be primed and activated
appropriately due to TME or tumor draining lymph node conditions
(Figure 3F). For example, it has been observed that b-catenin signaling
decreases the recruitment of antigen-presenting CD103+ dendritic
cells, which in turn reduces priming and activation of naïve cancer-
specific T cells that enter the TME (83). Additionally, several studies
have shown that formation of tertiary lymphoid structures (TLS)
within the tumor correlates to improved response to
immunotherapies (84–86). It is possible that TLS are where primary
or secondary immune responses are generated and thus play a role in
the priming and clonal expansion of cytotoxic CD8 T cells (87, 88).
Thus, deficiencies of cytokines that promote formation of effective TLS
could contribute to resistance to cancer immunotherapy. Both
antibody and T cell frequencies track with MCC tumor burden (25,
89) suggesting a coordinated immune response and that the presence
of TLS in MCC could be predictive of response.

5.1.3 Tumor resistance to effector cytokines
Four genes have been implicated in aiding immune evasion or

conferring resistance to anti-PD-1 treatment: protein tyrosine
phosphatase non-receptor 2 (PTPN2), RNA editing enzyme
ADAR1 (Adenosine Deaminase Acting on RNA 1), H3K9
methyltransferase SETDB1 (SET Domain Bifurcated Histone
Lysine Methyltransferase 1), and tank-binding kinase 1 (TBK1)
(Figure 3H) (90–93). The PTPN2 phosphatase is involved in
multiple signaling pathways, including negative regulation of
IFN-g signaling (90). Loss of PTPN2 increases IFN-g mediated
antigen presentation and growth suppression in melanoma and
colon carcinoma murine models (90). Additionally, tumors lacking
PTPN2 contain CD8 T cells with increased expression of granzyme
B, a marker of activated, cytotoxic T cells (90). ADAR1 is an
adenosine deaminase that prevents the sensing of endogenous
double-stranded RNA (91). Thus, loss of ADAR1 increases
cellular sensing of double-stranded RNA, and consequently
inhibits tumor growth and increases inflammation (91). ADAR1
loss sensitizes tumors to IFN-g signaling and overcomes resistance
to anti-PD-1 immunotherapy (91). SETDB1, a histone
methyltransferase, represses domains within the open gene
compartment that contain transposable elements and immune
genes (92). Loss of SETDB1 increases the activity of transposable
element-mediated regulatory and immune stimulatory genes, in
addition to increasing transposable element-specific cytotoxic T cell
responses (92). TBK1 kinase coordinates the innate immune
response to viruses by integrating signals from pattern
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recognition receptors and cytosolic nucleic acid sensors, and
regulating activation of type I interferons and interferon-
stimulated genes (93). Using PDX and organoid models, the
authors demonstrated that loss of TBK1 lowered the threshold of
immune cell-secreted effector cytokines needed to kill tumor cells
and sensitized tumors to anti-PD-1 therapy (93). While these genes
have not been studied in the context of MCC, these may be effective
immunotherapy targets or might synergize with existing
immunotherapies. Additional studies of MCC patient tumor
biopsies are needed.

5.1.4 Emerging mechanisms: Physical removal of
anti-PD-1 antibodies, gut microbiome, and
cytotoxic CD4+ T cells

In addition to the CD8 T cell-based mechanisms described above,
additional insights are emerging from analyses of specimens collected
from clinical trials and mouse models. Three promising findings
regarding primary immune resistance are summarized here.

In mouse models derived from colon carcinoma, melanoma, or
lung adenocarcinoma cell lines, in vivo imaging revealed that PD-1-
macrophages stripped anti-PD-1 antibodies from the surface of
CD8+ T cells (94). This removal was dependent on the Fcy
receptors present on the macrophages and Fc region of the
antibodies, suggesting that engineering the Fc region of anti-PD-1
treatments could increase the time of antibody engagement with
cancer-specific CD8 T cells (94).

The gut microbiome is known to influence immune responses,
and recent studies have shown that the microbiome also influences
response to immunotherapy (95–97). Indeed, microbiome profiling
has revealed that gut microbiome with high bacterial diversity and
certain commensal pathogens (Faecalibacterium, Akkermansia
muciniphila, and Ruminococcaceae family) correlates to T cell
phenotypes that translate to favorable responses to ICI (98–101).
Antibiotics can decrease microbiome diversity, and use of these
agents prior to ICI decreases the likelihood of a favorable response
to treatment in multiple cancers (102–104). The mechanism of
action of the gut microbiome on responses to immunotherapy
needs to be further elucidated.

Single-cell RNA sequencing revealed several subsets of T
regulatory and cytotoxic, clonally expanded CD4 T cells in
bladder cancer that were absent in patient-matched non-
malignant tissue samples (105). The cytotoxic CD4 T cells were
able to kill tumor cells in an MHC class II-dependent manner in cell
culture (105). Additionally, a gene signature of cytotoxic CD4 T
cells predicted response to PD-(L)1 blockade in a large cohort of
metastatic bladder cancer patients (105).

5.2 Secondary resistance

5.2.1 Gene mutations and loss of
immunodominant neoantigens

Gene mutations leading to loss of immunodominant neoantigens
or disruptions in immune effector signaling pathways are two major
reasons for disease progression or relapse after initial response to ICI
(Figures 3G, H). Comparison of pre-treatment and resistant tumors

revealed that acquired resistance can be mediated by tumor cells that
lose expression of immunodominant neoantigens or by an outgrowth
of a subset of the tumor population that never expressed immunogenic
neoantigens (106). Thus, epitope spreading (expanding the breadth of
cancer antigens recognized by T cells) should combat secondary
resistance by reducing immune pressure on a narrow set of antigens.
Additionally, as summarized below, there are examples of several
immune effector genes that have been rendered non-functional in
patients who acquired resistance to PD-1 blockade. Specifically, in a
study of four patients with melanoma whose disease initially responded
to anti-PD-1 treatment but relapsed months to years later, two patients
had homozygous loss-of-function mutations in their Janus kinase 1
(JAK1) or JAK2 genes (107). In the same study, a third patient had a
truncating mutation in their b2-microglobulin gene (107). In another
study, a patient who had metastatic uterine leiomyosarcoma
experienced complete tumor regression in all but one lesion (108).
Analysis of the germline tissue, responding tumors, and the resistant
tumors revealed decreased gene expression of immunodominant
neoantigens and homozygous loss of phosphatase and tensin
homolog (PTEN) in the resistant tumor (108). This is significant
because PTEN genetic deletion in a mouse model of melanoma led to
increased levels of immunosuppressive cytokines and angiogenic
factors (Vascular endothelial growth factor, VEGF), decreased T cell
infiltration, decreased autophagy, and resistance to PD-(L)1 blockade
(109). CRISPR-based screens could be a useful tool to identify immune
evasion mechanisms in MCC.

5.2.2 Lack of memory T cells
While this finding has been characterized in chronic viral

infection and needs to be investigated in the context of cancer, it
has been postulated that effector T cells that are responsible for
initially controlling tumors do not differentiate into memory T cells
(Figure 3I). Thus, the lack of cancer-specific memory T cells could
mean that micro-metastases go unchecked and can give rise to new
tumors. Indeed, MCC-specific T cells drop to very low or
undetectable levels after effective disease control (21). This could
be because cancer-specific T cells, similar to T cells that fight
chronic infections, are antigen-addicted and cannot survive
without disease burden and ongoing presentation of cognate
peptide to TCRs. In a study of Toxoplasma gondii infection, a
unique ‘transitional’ subset of T cells has been identified that
possesses (1) hybrid effector and memory properties and (2)
strong dependence on antigen for survival and proliferation to
sustain the ongoing effector response (110). Additionally, while
dysfunctional T cells can regain effector function via ICI, they are
unable to differentiate into memory T cells (111, 112).

5.2.3 Emerging mechanism:
Cell-in-cell formations

A recent study demonstrated that cancer cells form transient
cell-in-cell formations, where one tumor cell “hides” inside another
tumor cell. This is in response to granules secreted by and cell
surface proteins expressed on IFN-g-activated CD8 T cells. The T
cell cytokines and surface molecules induce upregulation of signal
transducer and activator of transcription 3 (STAT3) and early
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growth response factor 1 (EGR1) transcriptional programs, which
are necessary and sufficient for generating cell-in-cell formations.
While the outer cell is killed by CD8 T cells, the inner cell is not
susceptible to lytic granules secreted by cytotoxic T cells. Therefore,
the inner cells can escape when the CD8 T cells are no longer in the
microenvironment and give rise to new tumor cells, leading to
resistance or partial responses to immunotherapy (113).

6 Discussion and future directions

Cancer-specific T cells are crucial for effective anti-tumor
immunity and response to immunotherapy, but patient-specific
mutations that drive most cancers make it difficult to develop
reagents to identify and directly study the relevant cells. Given
that virus-driven MCC contains compact, immunogenic
oncoproteins and a low TMB, it offers a unique opportunity to
relatively comprehensively identify cancer-specific T cells
(Figure 1). Indeed, detailed functional studies have identified 20
immunogenic epitopes that can be presented by a variety of MHC
alleles. Tetramers corresponding to the identified immunogenic
epitopes have been used to identify cancer-specific T cells. These
reagents have led to the discoveries that increased number,
diversity, and functional avidity of cancer-specific T cells
correlates to improved survival in MCC (Figure 2) (36).

While immunotherapies that target T cell function have become
a pillar of cancer treatment, only a subset of patients experience
durable responses to PD-(L)1 pathway blockade (114). It is crucial
to more fully understand the differences between patients who
respond and those who do not to improve immunotherapies and
prioritize patients for clinical trials of alternate and synergistic
treatments. Many resistance mechanisms have been identified in
MCC and other cancers, as discussed above (Figure 3). Specifically,
MCPyV tetramer reagents have enabled studies that found that the
frequency of circulating cancer-specific T cells before anti-PD-1
treatment predicts response (Figure 2) (38, 39).

While PDX models have allowed pre-clinical testing of proposed
treatments in immune-deficient mice, the fact that MCPyV
oncoproteins are not capable of inducing tumors in mice has
prevented basic cancer immunology studies. Importantly, more than
a decade of effort has identified other conditions needed for MCC
development in mice (induction of MCPyV oncoproteins, induction of
neuroendocrine differentiation factor ATOH1, and deletion of one
copy of tumor suppressor gene p53) (115). Using these findings, an
immune competent mouse model of MCC has recently been developed
(115). This mouse model can now synergize with a suite of improved
bio-technological developments including better resolution for spatial
transcriptomics, improved cancer-specific T cell identification methods
via genetic and bioinformatic means, and increased integration of
single-cell RNA sequencing with other cell state assays. As summarized
below, these combined approaches should now allow us to: (1) further
identify immune evasion mechanisms utilized by this immunogenic
cancer; (2) characterize the cellular and signaling requirements of an
effective anti-tumor response; and (3) determine the efficacy of novel
and/or synergistic treatments.

6.1 Future direction: Identify additional
immune evasion mechanisms

Many studies have suggested that infiltration of functional,
cancer-specific T cells is linked to patient survival and response to
immune-based treatments. Thus, one goal of identifying immune
evasion mechanisms is to enhance the recruitment and activation of
cytotoxic T cells that can kill tumor cells, effectively a turning a cold
tumor (no immune cells) into a hot tumor (immune infiltrated). A
recent study showed that pre-existing, clonally expanded, tissue
resident memory T cells are early responders to neoadjuvant
immunotherapy (75). However, the responding tumor-specific T
cells are also present in patients who do not respond to
immunotherapy (116). Spatial transcriptomic technologies are
actively being improved to provide better resolution and obtain
data at a single-cell level (117–119). Comparison of TMEs between
responders and non-responders using these spatial technologies has
the potential to reveal immune cells and secreted factors that are
necessary for priming, activating, and supporting the cytotoxic
function of cancer-specific T cells. Additionally, CRISPR-based
genetic screens have identified a few immune evasion genes
(summarized above in sections 5.1.3 and 5.2.1). Given the rapid
rate of progress in the field, it may be possible in the near future to
use CRISPR to both identify genes with loss-of-function mutations
and then restore the function of these genes in a patient-specific
manner, overcoming resistance to immunotherapy (120).

6.2 Future direction: Characterize the
cellular and signaling requirements of an
effective anti-tumor response

The rapid paced technological improvements in single-cell
transcriptomics, especially the ability to generate multimodal data
(e.g., RNA expression, cell surface protein expression, and assessing
chromosome accessibility for the same cell) and associated
analytical packages, have the potential to thoroughly characterize
and compare cancer-specific immune cells across patients. Using
these techniques, we can seek to (1) understand the phenotypic and
TCR affinity differences between cancer-specific T cells that expand
or contract over treatment; (2) uncover master regulator(s) of
dysfunction and stem-ness for chronically activated T cells; and
(3) better understand the influence of the microbiome on response
to immunotherapy.

While peptide-MHC tetramers have been used for years to
identify antigen-specific T cells, these reagents have several
limitations: (1) they miss low-affinity TCRs that may be activated
in vivo based on secondary signals that are not present in vitro; and
(2) they may disassociate from the cell of interest prior to its
detection in the assay, making it harder to distinguish signal from
noise especially in single-cell sequencing applications. To
counteract these limitations, new assays and bioinformatic tools
that can rapidly identify cancer-specific T cells via expansion-based
assays (22, 121), gene expression profiles (122, 123), and lentiviral
fusion (27) are also being developed. However, these methods still
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require significant time and experimental expertise, in addition to
large amounts of patient samples, and are thus unsuitable for
clinical use. To extend these techniques for clinical use, it may be
possible to draw from the fields of viral and bacterial immunology.

To identify T cells that are specific for CMV, SARS-CoV-2, and
Borrelia burgdorferi, a bioinformatic “predictor” of TCR antigen
specificity was developed for each of these pathogens (124–126).
These classifiers were generated by comparing bulk TCRb chain
sequences from persons with or without the infection of interest.
Statistical methods were used to identify T cells enriched in the
patients harboring the infection, on the assumption that the
expanded T cells recognize the pathogen of interest. However,
without laboratory confirmation, statistical enrichment does not
prove antigen specificity. By combining tetramer-, ENTER-,
expansion-, or gene expression-based methods of identifying
antigen-specific T cells, it should be feasible to develop predictors
that can identify antigen-specific T cells from MCC patient samples
in a clinically feasible manner.

6.3 Future direction: Determine
the efficacy of novel and/or
synergistic treatments

Understanding immune evasion and immunotherapy resistance
mechanisms provides insight into potential alternate and
synergistic treatments for patients unlikely to respond to
individual agent immunotherapy. Indeed, several such clinical
trials are already planned or under way, and advances in
immunology techniques and bioinformatic tools will be crucial in
determining the efficacy of these treatments for augmenting the
number and/or function of cytotoxic CD8 T cells.

Given recent observations that the frequency of circulating cancer-
specific T cells correlates with response to immunotherapy (38, 39),
several potential therapeutic approaches can be considered: therapeutic
vaccines, TCR-transgenic T cells, and in vitro-expanded cancer-specific
T cells isolated from the blood or the tumor. Therapeutic vaccines are
designed to induce an adaptive immune response against tumor
antigens to effect tumor regression and eliminate minimal residual
disease (127). Clinical trials targeting a variety of tumors are ongoing
based on (1) sophisticated new approaches to select immunogenic
tumor antigens via improved prediction algorithms and (2) advanced
vaccine technologies (e.g., modified viral vector-based vaccines that co-
express target antigens and immunostimulatory molecules) (128).
Current therapeutic vaccine trials include one that targets virus-
driven MCC (NCT05422781). This is a DNA vaccine that fuses an
MCPyV oncoprotein with lysosomal-associated membrane protein-1
(LAMP1) to increase MHC class II antigen presentation and
consequent priming of MCPyV-specific CD4 T cell responses (129).
In addition to therapeutic vaccines, it may be possible to infuse ex vivo
expanded or engineered tumor-specific lymphocytes. Indeed, T cells
with a transgenic, high-affinity TCR for an MCPyV epitope are
currently being tested in combination with standard-of-care
immunotherapy and MHC class I upregulation (NCT03747484)
(130). A recent study also tested the efficacy of in vitro expanded

tumor-infiltrating lymphocytes (TIL) versus anti-CTLA-4 therapy in
unresectable, late-stage melanoma (131). In this study, resected tumor
samples were dissected, and TILs were expanded with anti-CD3 and
IL-2. Patients who received TIL therapy experienced progression-free
survival for 4 more months and overall survival for 7 more months
compared to those treated with anti-CTLA-4 treatment (131). It
remains to be seen whether TIL therapy has better efficacy than PD-
1 pathway blockade.

In combination with checkpoint blockade, options that either
increase the number of neoantigens to be targeted (via inhibition of
DNA repair) or increase the number of cancer-specific T cells (via
therapeutic vaccination) are being investigated. DNA damage
response proteins have long been intriguing therapeutic targets as
inhibiting their function could trigger cell death (132). Excitingly,
preclinical studies of DNA damage response inhibitors also indicate
that they induce cell death in an immunogenic manner and increase
recruitment and activation of antigen-presenting cells (132–139).
Recruitment of these antigen-presenting cells could prime adaptive
immune responses to tumor antigens and, combined with ICI, lead
to an enhanced anti-tumor cytotoxic response (132). Four different
DNA damage response inhibitors (three of which target ataxia
telangiectasia and Rad3-related, ATR) are currently being tested in
combination with ICI in multiple cancers, and a clinical trial of an
ATR inhibitor for MCC is upcoming (132). As discussed above,
vaccine modalities have greatly improved, and several tumor
vaccines are in preclinical and clinical stages of development
(128). However, they often fail to provide clinical benefit due to
immune evasion mechanisms employed by the tumor.
Combination with immune checkpoint inhibitors could improve
the ability of cancer-specific T cells elicited by the vaccine to exert
anti-tumor effects (140).

It has also been observed that PD-1 pathway blockade often
upregulates the expression of other immune checkpoint molecules
(141, 142). Indeed, combination anti-CTLA-4 and anti-PD-1
treatment is currently offered to and beneficial for some patients
who do not respond to anti-PD-1 monotherapy (143). However,
anti-CTLA-4 treatment poses a higher risk of immune-related
adverse events (144). Thus, alternate immune checkpoint targets
have been identified and clinical trials testing the efficacy of
combination treatments are underway (145). Specifically, the field
is focusing on the immune checkpoint molecules LAG-3 and TIM-
3. LAG-3 downregulates CD4+ T cell and myeloid cell responses via
interaction with class II MHC on tumor cells and dendritic cells
(146, 147). TIM-3 binding to galactin-9, a C-type lectin expressed
on hematopoietic cells, leads to increased calcium influx-mediated
cell death in TIM-3+ T cells (148). Thus, blocking these inhibitory
cell surface proteins has the potential to rescue immune function in
patients who do not respond to anti-PD-1 monotherapy. Indeed,
numerous clinical trials are testing the efficacy of anti-TIM-3/anti-
PD-1 or anti-LAG-3/anti-PD-1 therapies in a variety of solid
tumors, with one of the anti-LAG-3 and anti-PD-1 combinations
approved for first-line treatment of advanced melanoma in early
2022 (121, 149–151). Building on the success of dual checkpoint
inhibition in other cancers, a clinical trial studying the efficacy of
dual and/or triple ICI in MCC could also prove beneficial.

Jani et al. 10.3389/fimmu.2023.1172913

Frontiers in Immunology frontiersin.org11

https://doi.org/10.3389/fimmu.2023.1172913
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org


6.4 Concluding remarks

In contrast to most cancers driven by private, patient-specific
mutations, Merkel cell carcinoma is driven by Merkel cell
polyomavirus in most cases. Additionally, the MCPyV
oncoproteins are highly immunogenic and thus tumors need to
develop robust immune evasion mechanisms to ensure their own
survival, often including dependence on PD-1 pathway activation.
Indeed, anti-PD-1 immunotherapies are more effective in MCC
than in any other solid cancer (152). The invariant, shared
oncoproteins have allowed the development of tetramer reagents
to identify cancer-specific T and B cells across patients. These
reagents allow investigators to bypass the need for tumor antigen
identification and to extract valuable information from small
biological specimens. Thus, MCC is an excellent model for
answering open questions in cancer immunology and
immunotherapy. Specifically, recent improvements in single-cell
RNA sequencing modalities, spatial transcriptomics, T cell
identification methods, and the recently developed mouse model
with an intact immune system should allow identification of
additional immune evasion mechanisms and determination of
efficacy of immunotherapies in pre-clinical studies. Virus-driven
MCC provides a rich environment in which to study the intrinsic
immune response to cancer as well as help understand why patients
do and do not respond to current immunotherapy. The lessons
learned from studying this tractable, immunogenic cancer may
prove applicable to other cancers and yield significant benefits for
cancer patients more broadly.
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Glossary

ADAR1 Adenosine Deaminase Acting on RNA 1

ATR Ataxia telangiectasia and Rad3-related

C/EBP CCAAT/enhancer binding protein

CLA Cutaneous lymphocyte antigen

CTLA-4 Cytotoxic T lymphocyte-associated protein 4

EGR1 Early growth response factor 1

ER Endoplasmic reticulum

HPV Human papillomavirus

ICI Immune checkpoint inhibition

IFN-g Interferon gamma

IL-2 Interleukin-2

IL-4 Interleukin-4

IL-10 Interleukin-10

JAK Janus kinase

LAG-3 Lymphocyte activation gene 3

LPS Lipopolysaccharide

MCC Merkel cell carcinoma

MCPyV Merkel cell polyomavirus

MHC Major histocompatibility complex

MSI Microsatellite instability

NK Natural killer

PD-1 Programmed cell death protein 1

PD-L1 Programmed death ligand 1

PTEN Phosphatase and tensin homolog

PTPN2 Protein tyrosine phosphatase non-receptor 2

PDX Patient-derived xenograft

SETDB1 SET Domain Bifurcated Histone Lysine Methyltransferase 1

STAT3 Signal transducer and activator of transcription 3

STING Stimulator of interferon genes

TAP Transporter associated with antigen presentation

TBK1 Tank-binding kinase 1

TCR T cell receptor

TGF-b1 Transforming growth factor beta 1

TIGIT T cell immunoreceptor with Ig and ITIM domains

TIL Tumor-infiltrating lymphocytes

TIM-3 T cell immunoglobulin and mucin domain 3

TLR9 Toll-like receptor 9

TLS Tertiary lymphoid structures

(Continued)

Continued

TME Tumor microenvironment

TMB Tumor mutational burden

UV Ultraviolet

VEGF Vascular endothelial growth factor

WES Whole exome sequencing
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CHAPTER SUMMARY: In this chapter, we use virus-driven Merkel cell carcinoma (MCC) to 

elucidate mechanisms of response and resistance to anti-PD-(L)1 therapies. We learn that the 

frequency of tumor-specific CD8 T cells in the blood before treatment strongly associates with 

recurrence-free survival after PD-1 blockade. However, the frequency of these cells in the tumor 

does not. In interrogating this discrepancy, we learn that the tumor-specific CD8 T cells in the 

blood are less dysfunctional than their intratumoral counterparts, suggesting that they may be 

more amenable to activation by immunotherapy and crucial in mediating disease regression. 

 

An  excellent lay summary of this chapter (as well as Chapter 3) can be found here: 

https://www.fredhutch.org/en/news/center-news/2024/02/biomarker-immune-checkpoint-

inhibitor-merkel-cell-carcinoma.html  
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SUMMARY

Understanding cancer immunobiology has been hampered by difficulty identifying cancer-specific T cells.
Merkel cell polyomavirus (MCPyV) causesmost Merkel cell carcinomas (MCCs). All patients with virus-driven
MCC express MCPyV oncoproteins, facilitating identification of virus (cancer)-specific T cells. We studied
MCPyV-specific T cells from 27 patients with MCC using MCPyV peptide-HLA-I multimers, 26-color flow cy-
tometry, single-cell transcriptomics, and T cell receptor (TCR) sequencing. In a prospective clinical trial,
higher circulating MCPyV-specific CD8 T cell frequency before anti-PD-1 treatment was strongly associated
with 2-year recurrence-free survival (75% if detectable, 0% if undetectable, p = 0.0018; ClinicalTrial.gov:
NCT02488759). Intratumorally, such T cells were typically present, but their frequency did not significantly
associate with response. Circulating MCPyV-specific CD8 T cells had increased stem/memory and
decreased exhaustion signatures relative to their intratumoral counterparts. These results suggest that can-
cer-specific CD8 T cells in the blood may play a role in anti-PD-1 responses. Thus, strategies that augment
their number or mobilize them into tumors could improve outcomes.

INTRODUCTION

Immunotherapies that inhibit the PD-1 pathway have revolution-
ized oncology, but PD-(L)1 blockade is not effective for many pa-
tients with metastatic cancers.1,2 Multiple immunotherapy resis-
tance mechanisms involving diverse pathways and cell types
have been identified.3 However, these mechanisms are thought
to ultimately work by disrupting the recognition of cancer cells by
tumor-specific T cells and/or inhibiting their function. Tumor
recognition can be disrupted if (1) immunogenic cancer antigens
are downregulated by cancer cells, (2) the cancer antigens are

not presented on the cell surface due to loss of major histocom-
patibility complex (MHC) molecules or antigen presentation ma-
chinery, or (3) there is a lack of functional cancer-specific T cells.
Difficulties in identifying cancer-specific T cells have signifi-

cantly limited direct studies of these mechanisms. The paucity
of studies of cancer-specific CD8 T cells in humans is due in
part to challenges in identifying these cells and their cognate an-
tigens. In most cancers, adaptive immune responses develop
against mutated proteins (neoantigens) or against self-proteins
selectively overexpressed within the tumor (tumor-associated
antigens [TAAs]). Since most neoantigens are not shared across
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patients, customized immune reagents must be developed to
study each patient’s anti-tumor immune response. While TAAs
are often shared across patients, they are less desirable to study
relative to neoantigens or oncoviral antigens. Because they are
self-proteins, both central and peripheral tolerance have resulted
in deletion or anergy of many TAA-specific T cells.4,5 Addition-
ally, the TAA-specific T cells that are present have much lower
functional avidity than neoantigen-specific T cells.6 These limita-
tions make it difficult to identify associations between clinical
outcomes and cancer-specific T cell phenotypes across patients
for most cancers.

During chronic antigen stimulation (originally studied in mouse
models of acute and chronic LCMV7,8), T cell immune function
progresses in a characteristic manner but ultimately reaches a
state where virus-specific T cells are functionally unable to fully
eliminate residual virus.9–11 While controversial, and precise
definitions vary,12 a set of gene expression patterns and labels
(precursor exhausted, terminally exhausted, etc.) is frequently
used.13 Because cancer-specific T cells are enriched in tumors,
most studies of cancer-specific T cells in human cancers have
focused on intratumoral CD8 T effector cells. Recent studies
suggest that CD8 T cells in tumor-draining lymph nodes and
blood may also play a key role in mediating systemic immuno-
therapy responses. Murine models have shown that cancer-
specific CD8 T cells in lymph nodes are less dysfunctional/
exhausted than their intratumoral counterparts.14 Moreover,
blocking the egress of these cells from tumor-draining lymph no-
des abrogates anti-PD-(L)1 efficacy.15 In mouse models, these
less exhausted T cell subsets undergo expansion during anti-
PD-(L)1 treatment and maintain a degree of effector capac-
ity.16–18 Other studies in humans have shown that there is sub-
stantial trafficking of CD8 T cell clones (some of which are likely
cancer specific) between blood and tumor during immuno-
therapy,19–21 suggesting that peripheral blood may be an impor-
tant source of CD8 T cells that ultimately mediate tumor regres-
sion. Indeed, in a study of head and neck cancer, patients with
higher levels of activated CD8 T cells (CD38+, HLA-DR+) in their
blood were more likely to respond to immunotherapy.22 How-
ever, the antigen specificities of these activated cells in the blood
was not determined.

The paucity of studies of cancer-specific CD8 T cells in hu-
mans is due in part to difficulties in identifying these cells
and their cognate antigens. While sparse, studies that have iden-
tified and profiled intratumoral cancer-specific CD8 T cells show
epigenetically driven, sustained increases in expression of
inhibitory co-receptors on these cells, corresponding to an ex-
hausted phenotype.6,23,24 Meanwhile, studies of TAA-specific
CD8 T cells have shown an inconsistent relationship between
their frequency and clinical outcomes.25–28 In contrast to the
challenges involved in studying mutationally driven cancers, vir-
ally driven cancers can facilitate the study of cancer-specific im-
mune responses since viral oncoproteins are non-self, required
for tumor growth, and shared across multiple patients.

To study cancer-specific CD8 T cells, we focused on Merkel
cell carcinoma (MCC), a rare neuroendocrine skin cancer with
a high initial response rate (>50%) to first-line anti-PD-(L)1 treat-
ment.29 These tumors are driven by the Merkel cell polyomavirus
(MCPyV) in !80% of cases.30 Oncogenesis by MCPyV requires

two rare mutagenic events: truncation of the large T (LT) antigen
and integration of the MCPyV genome into a human chromo-
some.30 Importantly, these viral oncoproteins are persistently
expressed in MCC and are absent in normal tissues, providing
ideal targets for adaptive anti-cancer immune responses.
MCPyV oncoproteins are also small (!400 amino acids after
integration and truncation), allowing more comprehensive
in vitro profiling of virus-specific T cells than what is possible
for larger oncogenic viruses, which can be more than 10 times
larger.29 Of note, readily detectable immune responses to
MCPyV oncoproteins are rare (<1 of 10,000 circulating CD8
T cells) in healthy persons and in patients with virus-negative
MCC (VN-MCC).31,32

These findings suggest that immune responses against
MCPyV oncoproteins are cancer specific and not a response
to background levels of MCPyV, which is frequently present on
normal human skin.33 Furthermore, the very low tumor mutation
burden (TMB) in virally driven MCC (median of 13 somatic single
nucleotide variants per exome compared with 1,121 in VN-
MCC34) suggests that MCPyV oncoproteins are the likely targets
of most anti-tumor immune responses in virus-positive MCC
(VP-MCC). Given that antigen loss cannot be a mechanism of
immunotherapy resistance in VP-MCC (ongoing expression of
MCPyV oncoproteins is required for tumor cell growth),35 we
focused on the other two leading mechanisms: loss of antigen
presentation and lack of cancer-specific T cells.
In the current study, we use HLA-I multimers incorporating

MCPyV peptides to study cancer-specific CD8 T cells in the tu-
mor and blood of MCC patients treated with anti-PD-(L)1 immu-
notherapy and correlate their frequencies with clinical outcomes.
This was done using two independent patient groups, summa-
rized in Figure 1. Cohort 1 consisted of 39 MCC patients with
surgically resectable disease who were treated with a clinical
trial of neoadjuvant (pre-surgical) nivolumab (ClinicalTrials.gov:
NCT0248875936), and cohort 2 consisted of 8 patients with
advanced MCPyV-positive MCC who had available tumor and
blood specimens, three of whom had received immune check-
point blockade during their treatment course. We found that
the frequency of cancer-specific T cells in the blood is associ-
ated with PD-1 treatment, while the frequency of such cells in
the tumor is not significantly associated. We investigated differ-
ences between peripheral and intratumoral cancer-specific
T cells using single-cell RNA sequencing and found that the can-
cer-specific T cells in the blood are more functional than those in
tumors.

RESULTS

The frequency of MCPyV-specific CD8 T cells in the
blood is strongly associated with anti-PD-1 treatment
response
The major oncogenic drivers of MCC, MCPyV small and LT anti-
gens, are the result of alternative splicing and share a common
amino terminus region.37 A panel of HLA-I multimers containing
peptides from these oncoproteins was assembled to identify
cancer-specific T cells from patients with VP-MCC. To augment
the panel of existing MCPyV-specific multimers,38 tumor-infil-
trating lymphocytes (TILs) from pre- and post-nivolumab-treated
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patients were expanded in vitro and co-cultured with artificial an-
tigen-presenting cells transfected with relevant patient-matched
HLA-I alleles and MCPyV T antigen vectors (STAR Methods).
TILs that produced IFN-g in response to stimulation with MCPyV
T antigens presented by patient-matched HLAs were then as-
sayed with overlapping synthetic peptide pools to identify mini-
mal epitopes.
This approach led to the identification of 2 novel epitopes (one

A*68:01 restricted, one B*57:01 restricted; Figure S1) that were
then combined with previously known MCPyV-epitopes39 to
create a panel of 16 HLA-I/MCPyV peptide multimers covering
15 unique HLA alleles (Table S1). These reagents were used to
stain fresh-frozen peripheral blood mononuclear cells (PBMCs)
from pre- and on-treatment blood collections from patients
with resectable high-riskMCCwho received neoadjuvant nivolu-
mab for !4 weeks before surgery (Figures 2A and S1; Clinical-

Trials.gov: NCT02488759; see STAR Methods and Topalian
et al.36 for details). Pathologic scoring methods designed specif-
ically to evaluate residual viable tumor following immunotherapy
were applied to resected tumor tissues (see STAR Methods,
DeCaprio,37 and Jing et al.38 for details). Patients whose tumor
beds and draining lymph nodes no longer contained any viable
tumor cells were designated to have had a ‘‘pathological com-
plete response’’ (pCR). Patients whose tumor beds contained
any residual viable tumor cells, even if markedly decreased,
were defined as having a ‘‘non-PCR.’’
The presence of circulating MCPyV-specific CD8 T cells was

highly associated with a pCR. Of the patients with available
response data and MCPyV-specific CD8 T cells above the limit
of reliable detection (frequency R 0.01%, n = 10), 80% had a
pCR. In contrast, none of the 5 patients with MCPyV-
specific T cells below the limit of reliable detection had a pCR

Figure 1. Overview of patient cohorts studied, analyses performed, result outputs, and relevant figures
27 patients with virus-positive tumors (VP-MCC) were studied. *Matched pre-and post-tumor samples were available from 9 patients. **Matched PBMC samples

from all three time points were available from 16 patients. ***Matched pre- and post-tumor samples were available from 1 patient. ****Matched pre- and post-

tumor samples were available from 3 patients.
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(p = 0.007, Fisher’s exact test; Table S2). In addition to presence/
absence, the relative frequency of these cells was also highly
associated with response. The median pre-treatment frequency
of MCPyV-specific CD8 T cells was 30-fold higher in the 8 pa-
tients with a pCR (0.073% of peripheral CD8 T cells) compared
with the 7 patients with a non-pCR (0.0024%, p = 0.005Wilcoxon
test; Figure 2B). These findings suggest that pooled tetramer
staining of peripheral blood for quantification of MCPyV-
specific CD8 T cells may be a predictive biomarker for response
to single-agent anti-PD-1 treatment. This approach also iden-
tifies patients who may require alternative or combination
therapy.
The presence of MCPyV-specific CD8 T cells in the blood was

also associated with recurrence-free survival (RFS). Patients
who had MCPyV-specific CD8 T cells above the limit of reliable
detection in their blood prior to initiation of nivolumab treatment
had 75%RFS at 2 years compared with 0% RFS in patients who
did not (Figure 2C; p = 0.0018 log rank test over the entire treat-
ment period).

MCPyV CD8 T cells are present in tumors regardless of
anti-PD-1 response
Given that the frequency of circulating MCPyV-specific CD8
T cells was associated with response, we next assessed if the
frequency of intratumoral MCPyV-specific CD8 T cells and
response were associated as well. To explore this, we quantified
these cells in pre- and post-treatment tumor specimens. Due to
limited sample quantity, we used an alternative approach to
quantify MCPyV-specific CD8 T cells in tumor specimens. We
used HLA-I multimers for MCPyV and selected other control vi-
ruses (CMV, EBV, and influenza virus [flu]) to isolate antigen-
specific T cells from bulk-expanded tumor-infiltrating lympho-
cytes and determined the unique paired a-b T cell receptor
(TCR) sequences of sorted antigen-specific CD8 T cells in indi-
vidual patients at single cell-resolution. TCR chains identified
from ex vivo-expanded TILs via multimer staining and single-
cell TCRa/b sequencing were then matched to bulk TCR Vb
sequencing of the unmanipulated tumor specimen, allowing us
to study the endogenous frequency of these MCPyV-specific
TILs (see Table S3 for a list of all epitopes used; Figure 3A).
Paired a-b TCRseq identified 152 unique TCRs with known
specificity for a viral antigen (Figure 3B; Table S4). To validate
our tetramer-based specificity assignments, we compared the
biochemical similarity of these TCRs of known specificity using
TCRdist3. TCRs that bound the same HLA-I multimer (nodes
with the same color) were more likely to share similar TCR se-
quences (connection via a gray line) than TCRs that bound a
different HLA-I multimer. MCPyV-specific T cell clones were de-
tected in 7 of the 8 available pre-treatment tumors (colored in red
in Figure 3C). Remarkably, in 5 of these tumors, the most
frequent clonotype (different in each patient) was specific for
an MCPyV oncoprotein epitope (depicted in Figure 3C as a red
bar at the bottom of the columns for patients 1, 2, 4, 5, and 7).
Unlike in peripheral blood, the frequency of MCPyV-specific

CD8 T cells in tumor tissues was not significantly associated
with pathologic response. In pre-treatment tumors with a pCR,
a mean of 0.86% (± 0.41% SEM) of T cells were MCPyV specific
compared with 0.25% (± 0.13% SEM) in patients who did not

Figure 2. Associations between clinical outcome and relative fre-
quency of MCPyV-specific CD8 T cells in the blood
(A) Representative example of the MCPyV-specific B*18:01 tetramer binding

to pre-treatment CD8 T cells from a patient who later did not have a complete

response (non-pCR; left) and a patient who later did have a pathological

complete response (pCR; right). Frequencies shown represent the proportion

of tetramer-binding T cells among all CD8 T cells.

(B) Comparison of MCPyV-specific CD8 T cell frequencies in patients who did

or did not have a pCR. Open circles represent no detectable MCPyV-specific

CD8 T cells. Statistical differences in MCPyV-specific T cell frequency prior to

treatment were calculated using two-sided Wilcoxon rank-sum test.

(C) Kaplan-Meier plot of RFS in patients with MCPyV-specific CD8 T cells

above the limit of reliable detection (tetramer positive) vs. those without such

T cells (tetramer negative). The limit of reliable detection was set at 1 in 10,000

CD8 T cells (STAR Methods; Figure S1). Recurrence events included tumor

recurrence or death due to any cause as in the original trial protocol.36 Sta-

tistical differences in RFS were measured by log-rank test.

See also Figure S1 and Tables S1 and S2.
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Figure 3. MCPyV-specific T cells are pre-
sent in tumors regardless of anti-PD-1 ther-
apy response
(A)Schematicdescribing theexperimental approach

to identifying antigen-specific intratumoral CD8

T cells.

(B) Representative plot of HLA-A*24:02 multimer

binding to TILs expanded from a from a single

patient’s tumor. Cells with identical T cell receptor

a (TCRa) and TCRb chains (clonotypic) were

grouped with number of cells per clonotype

as indicated. Median multimer counts were

calculated for each multimer and clonotype.

Biexponential axis transformation was used for

visualization.

(C) Extent of T cell infiltration and anti-viral speci-

ficity in pre-treatment tumors from 8 VP-MCC

patients with a pCR or non-pCR as indicated.

Bar height represents the proportion of all cells in

the tumor mass that are T cells (indicated by the

percentage at the top of the bar). The color of in-

dividual bars indicates viral specificity according

to the legend (MCPyV, EBV, CMV, or influenza vi-

rus (flu), with white portions of each bar indicating

T cells of unknown specificity). The thickness of

each colored bar is proportional to the number of

T cells in a virus-specific clonotype.

(D) Frequency of MCPyV-specific T cells as a

fraction of T cells in tumor specimens before and

after immunotherapy in patients who had a pCR

(right) or not (left).

(E) Frequency of CD8 T cells with an exact match

to a MCPyV-specific TCR or a similar TCR

(TCRdist radius % 9) as a fraction of all cells in

tumor specimens before and after immunotherapy

in patients who had a pCR (right) or not (left).

(F) Frequency of T cells with productive TCRs in

tumor specimens before and after immunotherapy

in patients who had a pCR (right) or not (left).

Paired pre-treatment and post-treatment biopsy

specimens from individual patients are indicated

by connected lines.

(G) Simpson clonality of productive TCRs in tumor

specimens before and after immunotherapy in

patients who had a pCR (right) or not (left).

See also Tables S3 and S4.
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achieve a pCR (p = 0.22; Figure 3D). In the post-treatment
setting, a mean of 0.45% (± 0.15% SEM) of T cells in tumors
were MCPyV specific compared with 1.56% (± 1.44% SEM) of
cells in patients who did not achieve a pCR (Figure 3D). T cells
with a TCR that was identical or highly similar (identified
via TCRdist340) to one of the known MCPyV-specific TCRs
were categorized as meta-specific for MCPyV. Frequency of
MCPyV-meta-specific T cells was also not significantly associ-
ated with response. In some cases, the meta-specificity analysis
did not identify any additional ‘‘highly similar’’ T cells, and, thus,
only T cells with TCRs identical to MCPyV multimer-binding
T cells were included. Specifically, these MCPyV-meta-specific
cells represented a mean of 0.94% (± 0.38% SEM) and a
mean of 1.0% (± 0.72% SEM) of all intratumoral cells in pre-
and post-treatment specimens from pCR patients. For non-
pCR patients, MCPyV-meta-specific T cells represented a
mean of 0.26% (± 0.14% SEM) of all cells in pre-treatment and
amean of 1.56% (± 1.44%SEM) of all cells in post-treatment tis-
sues (Figure 3E). In contrast, for tumors with pCR, the mean fre-
quency of intratumoral CD8 T cells (of any specificity) increased
significantly from 10.1% of all cells (± 3.36% SEM) prior to anti-
PD-1 treatment to 50.0% (± 20.2% SEM) 4 weeks following
treatment (p = 0.0078; Figure 3F). In contrast, CD8 T cell fre-
quency in patients with non-pCR underwent a statistically non-
significant expansion from a mean of 7.14% (± 2.73% SEM) to
35.4% (± 17.5% SEM, p = 0.15; Figure 3F). A slight increase
in Simpson productive clonality was noted in tumors with
non-pCR from a mean of 0.06 (± 0.02 SEM) to a mean of 0.12
(± 0.03 SEM). In contrast, for tumors with pCR, clonality tended
to decrease from a mean of 0.10 (± 0.03 SEM) to a mean of
0.03 (± 0.02 SEM). Neither of these changes in clonality was sig-
nificant (Figure 3G).

MCPyV-specific CD8 T cells in the blood are less
exhausted than intratumoral counterparts
To address why MCPyV-specific CD8 T cell frequency in the
blood but not in the tumor was associated with response, we
investigated phenotypic differences between cancer-specific
T cells in the different compartments. Because fresh tumor di-
gests (allowing MCPyV-specific T cells to be isolated) were not
available from patients enrolled in the neoadjuvant nivolumab
trial, we usedmatched tumor and blood samples from 8 patients
with advanced MCC before and after treatment (cohort 2 in Fig-
ure 1). Cellular indexing of transcriptomes and epitopes by
sequencing (CITEseq) was performed on these samples,
together with staining with HLA-I multimers labeled with a unique
DNA barcode and a fluorophore for identification of antigen-spe-
cific CD8 T cells (Figure 4A; STAR Methods). This led to identifi-
cation of 51,555 unique single cells that passed quality control
metrics (24,065 from tumors and 27,431 cells from blood;
Figures S2A–S2C). Clustering revealed major lineages of natural
killer (NK), CD4, CD8, B, myeloid, and tumor cells through
expression of common genes and proteins (Figures S2A, S2D,
and S2F). Blood specimens from two patients were not usable,
and a third patient only had a small number of tumor-resident
cells that passed quality control filters due to high necrosis in
the tumor (Figure S2E), leaving 5 patients with paired and evalu-
able specimens from both tumor and blood.

Sub-clustering of CD8 T cells (8,151 cells of 51,555 unique
single cells) revealed 7 clusters consisting of naive, memory,
effector, senescent, g-d, precursor exhausted and terminally ex-
hausted CD8 T cells (Figures 4B, S2G, and S2H). Precursor and
terminally exhausted clusters represented most of the intratu-
moral CD8 T cells, with the less exhausted cell populations being
more dominant in the blood (Figures 4C; S2H, S2D, and S2G). In
intratumoral CD8 T cells, gene signature scores showed pre-
dominance of an exhaustion phenotype (e.g., PD1, TOX, and
LAG3). For circulating T cells, memory (e.g., TCF7, CCR7, and
LEF1) and senescent (CD57+ and CD28") phenotypes were
dominant (Figure 4D; Table S5; STAR Methods). MCPyV-spe-
cific CD8 T cells from tumors were most likely to be present in
the precursor exhausted or terminally exhausted clusters
(90%–100% of intratumoral MCPyV-specific CD8 T cells; Fig-
ure 4E). Compared with MCPyV-specific CD8 T cells from tu-
mors, in the blood, these cells were more likely to be in the
effector cluster (33%–100% of circulating MCPyV-specific
CD8 T cells; Figure 4E) and less likely to fall into exhausted clus-
ters (p = 0.0016; Figure 4F).
These differentiation patternswere also supported by pseudo-

time analyses that showed a ‘‘tumor path’’ and ‘‘blood path’’ cor-
responding to the site from which these cells were obtained
(Figures S2I and S2J). The tumor path was characterized by in-
creases in CD39 and decreases in CD127 protein expression,
consistent with development of an exhausted phenotype. In
contrast, the blood path was associated with increased CD57
expression and decreased CD28 expression, consistent with
development of a senescent phenotype41 (Figures S2K and
S2L). These findings were further supported by expression of
an extensive set of exhaustion-associated genes on the tumor
path, while the blood path was characterized by senescence-
associated genes on the blood path (Figures S2M–S2O).
Direct comparison of antigen-specific CD8 T cells showed that

intratumoral MCPyV-specific CD8 T cells expressed significantly
higher levels of checkpoint molecules (PD-1, TIM-3, LAG-3, and
CTLA-4) than intratumoral CMV-specific T cells or peripheral
MCPyV-specific T cells (Figure 4G). In contrast, the stem/mem-
ory markers TCF7, SELL (CD62L), and LEF1were all more highly
expressed in MCPyV-specific CD8 T cells in the blood than in
MCPyV-specific T cells in tumors (Figure 4G). We also observed
higher levels of AP-1 subunits (FOS and JUN) and lower levels of
NFAT1 subunits (NFAT1C1 and NFATC2) in circulating MCPyV-
specific CD8 T cells compared with intratumoral MCPyV-spe-
cific CD8 T cells, consistent with a more exhausted state in intra-
tumoral cells42,43 (Figure 4G). Differences in effector molecules
were also seen between MCPyV-specific T cells in the blood
compared with in tumors. Specifically, granzyme expression
was higher in circulating CD8 T cells than in their intratumoral
counterparts (Figure 4G). Notably, CXCL13 was exclusively ex-
pressed by intratumoral MCPyV-specific CD8 T cells (Figure 4G).
This observation has also been made in other tumor types24,44

and suggests CXCL13 as a particularly accurate indicator of
T cell specificity within tumors.
To compare MCPyV-specific CD8 T cells with cancer-specific

T cells from other virally drivenmalignancies, we used analogous
data from HPV-specific CD8 T cells infiltrating head and
neck tumors.23 Cells from both studies were clustered into
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stem, transitory, and terminally differentiated populations (as
described by Eberhardt et al.23; Figures S3A and S3D).
MCPyV-specific CD8 T cells overlapped with HPV-specific
T cells in uniform manifold approximation and projection
(UMAP) space (Figure S3B). Approximately 75% of MCPyV-spe-
cific T cells from both blood and tumor fell within the terminally
differentiated cluster (Figures S3B and S3C). Of the remaining
MCPyV-specific CD8 T cells, the majority of cells from blood
fell within the stem cluster, while the majority of cells from tumor
fell within the transitory cluster (Figures S3B and S3C). This is
consistent with our finding that the tumor-specific CD8 T cells
in the blood are overall more stem like and less dysfunctional
than their intratumoral counterparts. To determine whether these
findings extend to more common, mutationally driven cancers,
we integrated CD8 T cell data from our study and that from pa-
tients with non-small cell lung cancer (as studied in Caushi
et al.24; Figures S3E and S3F). Mutation-associated neoantigen
(MANA)-specific CD8 T cells were identified in this study. We
observed that MCPyV-specific CD8 T cells clustered with
MANA-specific CD8 T cells in UMAP space in both tumor and
blood (Figures S3G and S3H). Tumor-derived MANA- and
MCPyV-specific CD8 T cells expressed higher levels of exhaus-
tion and checkpoint genes and lower levels of stem-like and
memory genes. Taken together, these data are consistent with
cancer-specific T cells being more functional in blood than in
tumor.
Transcriptional regulatory network analysis via SCENIC45

was performed on CD8 T cells and identified 535 regulatory net-
works (regulons) associated with transcription factors. Regulons
associated with the AP-1 complex (FOS and JUN) were more
highly expressed in naive andmemory CD8 T cells, whereas reg-
ulons associated with effector function and terminal differentia-
tion (EOMES,46,47 TBX21,47 IRF1, IRF8, STAT3, and CREM)
were more associated with terminally differentiated clusters of
exhausted and senescent cells. MCPyV-specific CD8 T cells in
tumors exhibited higher expression of the exhaustion-associ-
ated regulons IRF4, BATF, and PRDM1 than CMV-specific
CD8 T cells or MCPyV-specific CD8 T cells in the blood.

MCPyV-specific CD8 T cells in blood express protein
markers of activation/exhaustion
Since we observed a strong correlation between cancer-specific
CD8 T cell frequency in blood and clinical response, we next

Figure 4. Transcriptomic and proteomic profiling of antigen-spe-
cific CD8 T cells in matched tumor and blood specimens
(A) Schematic of the experimental design. Matched pre- and post-treatment

tumor and blood specimens from 8 patients (cohort 2 in Figure 1) were labeled

with barcoded HLA-I multimers, and CITEseq was performed.

(B) UMAP plot of CD8 T cells colored by cluster: naive (red), memory (green),

effector (blue), senescent (brown), g-d T cells (Gamma-Delta; orange), pre-

cursor exhausted (pEx; purple), and terminally exhausted (tEx; pink).

(C) UMAP plot of CD8 T cells colored by origin fromblood (pink) or tumor (blue).

(D) UMAP plots (green/yellow, high expression) of the indicated gene signa-

tures for different T cell programs of interest.

(E) Portions of MCPyV-specific T cells in each cluster as in (B).

(F) Comparison of frequency of MCPyV-specific CD8 T cells in exhausted

clusters (as in D). p = 0.0016 using unpaired t test.

(G) Violin plots of exhaustion, memory, and checkpoint gene sets for MCPyV-

specific and CMV-specific CD8 T cells from tumor or blood. T tests were

performed between tumor and blood specimens for MCPyV-specific vs. CMV-

specific T cells. Benjamini-Hochberg correction for multiple comparisons.

*p % 0.05, **p % 0.01, ***p % 0.001, ****p % 0.0001. See also Figures S2 and

S3 and Tables S3, S4, and S5.
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sought to better understand the functional state of these cells. To
address the high rate of cell loss in the single-cell RNA
sequencing pipeline, we also used high-dimensional flow cytom-
etry to study CD8 T cell phenotype and functional states from pa-
tients enrolled in the neoadjuvant nivolumab trial in a more
comprehensive manner. MCPyV-specific CD8 T cells in the
blood expressed high levels of PD-1 and the exhaustion-
associated transcription factor TOX, low levels of the stem-

promoting transcription factor TCF1, and similar levels of TBET
and EOMES compared with CD8 T cells of unknown specificity
that demonstrated canonical patterns of exhaustion (PD-1+,
TIM3+/", and CXCR5+/"; Figures 5A, 5B, 5E, 5F, S4A, and
S4B).16–18) While responding patients had larger numbers of
MCPyV-specific CD8 T cells, unbiased analyses showed that
these cancer-specific T cells shared a highly similar phenotype
across pre- and post-nivolumab time points and patient

Figure 5. Assessment of exhaustion/dysfunction status of cancer-specific CD8 T cells within the blood via high-dimensional flow cytometry
(A) Expression of key exhaustion markers (PD-1, TOX, and TCF1) in the indicated CD8 T cell subsets from before immunotherapy. Populations with less than 10

cells were excluded. Red boxes indicate MCPyV-specific CD8 T cells.

|(B) Representative fluorescence-activated cell sorting (FACS) plot of CD8 T cells, showing tetramer binding versus PD-1, TOX, and TCF1 expression.

(C) UMAP plots of CD8 T cells. Shown are MCPyV-specific T cells in patients who did (top) or did not (bottom) achieve a pCR.

(D) Expression of 8 differentiation-related proteins using the same projection as in (C) and (E). Cancer-specific T cells are grouped in regions positive (orange/

yellow) for exhaustion (PD-1, TOX, and EOMES), proliferation (Ki67 and HLA-DR), and effector function (granzyme B).

(E) UMAP plots of CD8 T cells from blood. Cells are grouped, colored, and labeled using a priori-defined phenotypes.

(F) Comprehensive representation of expression of differentiation proteins across T cell subsets that were a priori-defined (naive, effector, precursor exhausted,

and terminally exhausted) compared with MCPyV-specific CD8 T cells before and after immunotherapy (bottom two rows, red box). As indicated in the legends,

the size of each circle represents the proportion of cells positive for that marker via flow cytometry. The color represents themedian fluorescence intensity of each

protein in each population. Of note, the rare cancer-specific T cells identified in patients without a pCR were present at fewer than 10 cells per sample. Therefore,

these results reflect only cancer-specific T cells in patients with pCRs.

MFI, median fluorescence intensity; AF488, Alexa Fluor 488; PE, phycoerythrin; APC, allophycoerythrin, UMAP; uniform manifold approximation and projection;

GZMB, granzyme B; Prec Ex, precursor exhausted; Term Ex, terminal exhausted; MCPyV, Merkel cell polyomavirus; EMRA, effector-memory RA positive; Activ/

exh, activated/exhausted; tx, treatment. See also Figures S4–S6 and Table S1.
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outcomes (Figures 5C and 5F). These MCPyV-specific cells
mapped to exhausted/activated clusters (Figures S4D–S4F),
corresponding to areas of high PD-1, Ki67, and HLA-DR expres-
sion within UMAP plots (Figures 5D and 5E).
The expression pattern of exhaustion-associated markers in

circulating cancer-specific CD8 T cells was stable over the
course of immunotherapy (Figures 5C–5F, S4B, S4D, and
S4E). However, there was significant downregulation of PD-1
on MCPyV-specific CD8 T cells after anti-PD-1 therapy initiation
(Figures S4B and S4C). Of note, this was not due to competition
between nivolumab and the fluorescently labeled anti-PD-1 anti-
body, as a clone known to bind an epitope distinct from that of
nivolumab was used for flow cytometry (clone MIH448).
An unbiased analysis of T and NK cells showed expansion of

proliferating CD4 and CD8 T cells 2 weeks after the start of
immunotherapy in patients with pCR (CD4 p = 0.0015 and
CD8 p = 0.021 in pCR; CD4 p = 0.47 and CD8 p = 0.13 in non-
pCR; Figure S5).
Concentrations of 20 inflammation-related serum proteins

from nivolumab-treated patients were also measured, but no as-
sociation was observed with either response or drug treatment
status (pre vs. post treatment; Figure S6A). Similarly, there was
no correlation between clinical response and MCPyV oncopro-
tein-specific antibody titer, MCPyV capsid-specific antibody
titer, or frequency of circulating myeloid-derived suppressor
cells (MDSCs; CD14+, lineage negative, HLA-DR negative/low;
Figures S6B–S6D). MCC viral status and proportion of MCPyV-
specific CD8 T cells were also associated with MDSC frequency
(Figures S6E and S6F).

Tumor cell HLA-I downregulation during acquired
resistance to PD-1 pathway blockade
Given that our initial analyses focused on initial (primary)
response/resistance in previously untreated patients receiving
neoadjuvant anti-PD-1, we next sought to assess the role of
circulating MCPyV-specific CD8 T cells in acquired (secondary)
resistance. We identified a patient from cohort 2 who received
anti-PD-L1 therapy with an initial partial response according to
RECIST1.1 radiographic criteria.49 This patient continued treat-
ment for 1 year and then electively stopped treatment. 6 months
after discontinuing anti-PD-L1 therapy, the patient experienced
tumor progression, but no response was observed after
resuming anti-PD-L1 (Figure 6A). CITEseq with DNA-barcoded
HLA-I multimers was performed on the peripheral blood of this
patient to identify MCPyV-specific CD8 T cells, which identified
TCR sequences of 49 unique clonotypes specific for a
B*37:01-restricted epitope (Figure 6B). Bulk TCRseq of blood
at 6 time points along the disease course showed the dynamics
of these cancer-specific CD8 T cells. Specifically, they were pre-
sent at 0.04% of all T cells in the blood before treatment,
expanded to 0.15% following treatment initiation, and further
expanded to 0.53% after anti-PD-L1 re-initiation for progressive
disease (Figure 6C). Additionally, 21 novel clones expanded
following initial treatment (blue shades, Figures 6C and 6D)
including the two most frequent cancer-specific TCRs at the
time of recurrence. Immunohistochemistry of the tumor before
treatment shows an ‘‘immune-excluded’’ tumor (T cells present
at the tumor margins) expressing ample MCPyV oncoproteins

and HLA-I on 46%of tumor cells (Figures 6E and 6F). In contrast,
at the time of progression, histology showed a ‘‘cold’’ tumor (no
T cells present within or near the tumor), and HLA-I expression
detected on only 5%of tumor cells (Figures 6E and 6F). This sug-
gests that resistance to anti-PD-L1 at treatment re-initiation was
not due to a lack of cancer-specific T cells in the blood but
instead coincided with downregulation of HLA-I on tumor cells.

DISCUSSION

Only a small subset of T cells found in patients with cancer rec-
ognizes cancer antigens, and the unique nature of tumor anti-
gens in most patients’ cancers makes identification of such
T cells difficult. However, cancer-specific T cells are likely critical
in mediating response to anti-PD-(L)1 therapy. In this study, we
leveraged the fact that tumor antigens are shared among pa-
tients with VP-MCC to study cancer-specific T cell responses
in 27 patients. This allowed us to identify associations between
cancer-specific CD8 T cells and objective tumor regression in
patients treated with anti-PD-1 therapy.
Through analyzing many parameters, we found that the

feature most strongly associated with response to anti-PD-(L)1
was a higher frequency of MCPyV-specific CD8 T cells in periph-
eral blood at baseline. Patients with complete pathological re-
sponses had a 30-fold higher frequency of MCPyV-specific
CD8 T cells relative to patients without complete pathological re-
sponses (median frequency of 0.073% in patients with a pCR
and 0.002% in patients with a non-pCR). Patients with complete
pathological responses were also likely to have longer RFS.36

We also observed an upward trend in the number of peripheral
cancer-specific CD8 T cells at 2 weeks in patients who achieved
a pCR, followed by a drop in the number of cancer-specific CD8
T cells at 4 weeks. This is consistent with findings in resectable
non-small cell lung cancer50,51 and melanoma.52 Although the
number of relevant human studies is limited, some other groups
have also suggested that the presence and/or diversity of can-
cer-specific T cells in the blood is relevant to immunotherapy
response. A recent study of urothelial carcinoma found that pa-
tients whose T cells recognized more neoantigen epitopes
3 weeks post immunotherapy initiation trended toward a higher
likelihood of objective responses; however, this trend was not
statistically significant (p = 0.067).44 Similarly, a separate study
from Puig-Saus et al.53 showed that melanoma patients who re-
sponded to immunotherapy had more unique T cell clonotypes
per neoantigen than patients who did not respond to immuno-
therapy. In aggregate, the data appear to suggest that the num-
ber, kinetics, and diversity of cancer-specific T cells in blood are
associated with response to anti-PD-(L)1 treatment.
In contrast to the correlation between MCC response to anti-

PD-1- and MCPyV-specific T cell frequency in blood, the fre-
quency of these cells in tumors was not significantly associated
with response in this study. It is possible that, in a larger cohort or
a cohort where viable tumor digest samples could be directly
stained with peptide-HLA multimer reagents, intratumoral
T cells would be significantly associated with response as
opposed to the modest trend we observed (Figure 3D). Indeed,
a sophisticated study of melanoma-associated antigens did
see a correlation between pre-treatment MART-1-specific
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Figure 6. MHC class I downregulation during secondary resistance to PD-1 pathway blockade
(A) Clinical course of a patient with advanced unresectable MCC. The patient had an initial partial response to anti-PD-L1 treatment per RESIST1.1 radiographic

criteria, discontinued treatment, and then developed recurrent disease. Each line represents the diameter of an individual tumor lesion (each lesion is assigned a

different color) tracked over time. Lesions in red and green were not appreciated 7months after anti-PD-1 initiation. A new lesion appeared at 16 months during a

treatment-free interval. Periods of anti-PD-L1 treatment are shaded in blue. Diagonal squares indicate tumor collection time points for samples shown in (E).

(B) Gating ofMCPyV-specific CD8 T cells via CITEseq. The y axis represents the number of uniquemolecular identifier (UMI) counts for anMHCB*37:01 restricted

epitope containing an MCPyV peptide. The x axis represents UMI counts of CD8 antibodies. Each point represents a clonal TCR. The point size represents the

number of cells detected per clonotype. Cell color represents the portion of cells positive for PD-1. Only cells with productive TCRs are shown.

(C) Alluvial plot of MCPyV-specific CD8 T cell clones as a portion of all T cells in the blood. Cells present prior to anti-PD-L1 therapy are colored in magenta

shades. Cells appearing following anti-PD-L1 initiation are shaded blue. Asterisks represent time points where bulk blood TCR beta sequencing was performed.

(D) Frequency of MCPyV-specific T cell clones in the blood prior to immunotherapy compared with at the time of secondary resistance. Expanded clones were

determined via statistical difference between pre-immunotherapy samples and immunotherapy reinitiation samples (b binomial test, p < 0.01).

(E) MCPyV T antigen and MHC-I expression on pre-treatment and secondarily resistant tumors. The top left square shows H&E staining. The top right square

shows amultiplexed immunofluorescence imagewith a color key on the right. The bottom left shows T antigen oncoprotein expression with IHC. The bottom right

shows MHC class I expression with IHC (with a low-magnification inset). Scale bars vary by sample and are embedded in each image.

(F) Quantification of MHC expression on stromal and tumor cells shown in (E).
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T cell frequency in tumors and immunotherapy response among
60 melanoma patients (p = 0.041).54 Regardless, the strong as-
sociation with response we observed for MCPyV-specific CD8
T cell frequency in blood suggested that these cells may be play-
ing a unique role in the immunotherapy response, which we
explored using single-cell RNA sequencing (RNA-seq). We
used barcoded HLA-I multimers to identify tumor-specific CD8
cells from tumor and blood samples of MCC patients for further
transcriptional analyses. MCPyV-specific T cells in tumors ex-
hibited characteristics of terminal exhaustion, including high
expression of immune checkpoint genes, PRDM1, IRF4, and
high AP-1 subunit expression in the setting of low NFAT expres-
sion.55–57 In contrast to MCPyV-specific CD8 T cells within tu-
mors, MCPyV-specific T cells in blood expressed fewer genes
associated with exhaustion and more genes associated with a
stem-like phenotype, including expression of lymph homing re-
ceptors and TCF7 (encodes TCF1). In murine studies of dysfunc-
tional CD8 T cells in chronic viral infections, TCF1-expressing
cells undergo proliferation following anti-PD-(L)1 treatment and
maintain more effector capacity than TCF1-negative cells.16–18

Furthermore, the presence of TCF1-expressing CD8 T cells in
human tumors has been reported to correlate positively with
anti-PD-1 response.58

Of note, the 168 unique MCPyV-specific TCRs (listed in
Table S4, includes both cohorts) could serve as the basis for
developing transgenic T cell therapy or TCR-based bispecific
agents. These TCRs represent broad HLA diversity across 9
HLA-I alleles. Based on the HLA-I alleles covered by these
TCRs, 87% of VP-MCC patients have at least one of these
HLA-I alleles, and 37% of patients have 2 of these alleles, for
which MCPyV-specific TCRs were identified. TCR therapies
that target more than one HLA allele could protect against im-
mune evasion by allele-specific HLA downregulation, a known
immune evasion mechanism in MCC59 (Figure S6).
These data support a model where blood contains a signifi-

cant number of cancer-specific CD8 T cells that are at an
early stage of exhaustion and capable of expanding and medi-
ating clinical responses. The current study was focused on
responses to initial therapy with anti-PD-1 agents. Our longitu-
dinal case study of a patient with acquired (secondary) resis-
tance to anti-PD-(L)1 showed a persistently high frequency of
peripheral cancer-specific CD8 T cells. Notably, eventual tumor
progression was associated with tumor cell downregulation
of HLA-I, allowing evasion from CD8 T cell recognition
and suggesting that reinduction of HLA-I expression could be
beneficial in some patients with abundant cancer-specific
CD8 T cells.
The unique nature of neoantigens in mutationally driven tu-

mors has hampered the detailed study of cancer-specific im-
mune responses in patients. By leveraging VP-MCC, we char-
acterized cancer-specific CD8 T cells in 27 patients. We found
that cancer-specific T cells in the blood were less exhausted
and that their frequency was associated with response to
immunotherapy, while intratumoral CD8 T cells were more ex-
hausted, and their frequency did not predict response. These
data suggest that the blood contains significant numbers
of functional anti-cancer CD8 T cells and that these cells are
relevant for response to PD-1 pathway blockade. Further,

they raise the possibility that a subset of patients lacking circu-
lating cancer-specific T cells may particularly benefit from
approaches such as adoptive cellular therapy or therapeutic
vaccination.

Limitations of the study
We were limited by the number of patients, particularly when
studying the frequency of intratumoral cancer-specific CD8
T cells. Additionally, investigation of trafficking between blood
and tumor was not possible due to limited sample quantity. Given
that a small subset of the TCR repertoire is shared between tumor
and blood, a large amount of each sample type is usually required
to find shared T cell clones. It is likely that some cancer-specific
epitopes were not included in these analyses; thus, cancer-spe-
cific T cell identification was not exhaustive.
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Eomes Antibody, clone WD1928, fluorophore PE-eF610 Invitrogen Cat# 61-4877-42; RRID: AB_2574616

GZMB Antibody, clone QA16A092, fluorophore APC-Fire750 Biolegend Cat# 372210; RRID: AB_2728376

CD28 Antibody, clone CD28.2, fluorophore BUV737 BD Cat# 612815; RRID: AB_2870140

CD56 Antibody, clone NCAM16.2, fluorophore BUV395 BD Cat# 563555; RRID: AB_2687886

CCR6 Antibody, clone 11A9, fluorophore BUV496 BD Cat# 612948; RRID: AB_2833076

Ki67 Antibody, clone B56, fluorophore AF700 BD Cat# 561277; RRID: AB_10611571

CCR4 Antibody, clone 1G1, fluorophore BUV615 BD Cat# 613000; RRID: AB_2870269

TCF7 Antibody, clone C63D9, fluorophore PE-Cy7 Cell Signaling Technology Cat# 90511S; RRID: AB_3086656

HLA-DR Antibody, clone L243, fluorophore BV711 BD Cat# 752490; RRID: AB_2917483

CD7 Antibody, clone M-T701, fluorophore APC BD Cat# 653312; RRID: AB_2870352

CD3 Antibody, clone Sk7, fluorophore AF488 Biolegend Cat# 344810; RRID: AB_10576234

CD4 Antibody, clone, fluorophore AF700 Invitrogen Cat# 56-0048-82; RRID: AB_657741

CD8 Antibody, clone SK1, fluorophore BV570 Biolegend Cat# 344755; RRID: AB_2810546

CD19 Antibody, clone HIB19, fluorophore BV421 Biolegend Cat# 302234; RRID: AB_10897802

CD56 Antibody, clone NCAM16.2, fluorophore PE-Cy7 BD Cat# 335809; RRID: AB_399984

CM2B4 Clone Santa Cruz 136172; RRID: AB_2013156

Anti-HLA-I antibody, EMR8-5 clone MBL International D367-3; RRID: AB_3086657

Anti-Cytokeratin 20, Clone Ks20.8 Agilent GA77761-2; RRID: AB_3086658

Anti-CD8, Clone C8/144B Agilent GA62361-2; RRID: AB_3073940

Anti-CD3, clone SP7 Invitrogen MA1-90582; RRID: AB_1956722

Anti-HLA-DR, clone EP96 Bio SB BSB 6793; RRID: AB_3086660

Anti-CD56, clone 123.C3 Bio SB BSB 5267; RRID: AB_3086661

Anti-PD-L1 Cell Signaling Technology 13684; RRID: AB_2687655

Biological samples

Neoadjuvant Nivolumab PBMC Bristol Myers Squibb NCT02488759

MCC Tumor and PBMC samples Nghiem lab repository,

University of Washington

IRB Protocol 6585, Fred

Hutch Cancer Center

(Continued on next page)
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Chemicals, peptides, and recombinant proteins

Peptides (See Tables S1, S3, and S6) Genscript, Piscataway, NJ Custom

Human Serum Valley Biomedical HS1004

RPMI 1640 Corning 15-040-CV

DMSO Millipore Sigma 20–139

Remel phytohemagglutinin-purified mitogen Thermofisher R30852801

human recombinant IL-15 R&D systems BT-015-025

natural interleukin IL-2 Hemagen 906011

MHC-I tetramers International Histocompatibility

Working Group, Fred Hutch

Cancer Center, Seattle WA

Custom

DNAse I Worthington Biochemical LS002139

dasatinib Selleck Chem S1021

LIVE/DEADTM Fixable Blue Dead Cell Stain Kit Invitrogen L23105

autoMACS! Running Buffer Miltenyi 130-091-221

eBioscienceTM Foxp3/Transcription Factor Staining Buffer Set Invitrogen 00-5523-00

AbCTM Total Antibody Compensation Bead Kit Invitrogen A10497

ArCTM Amine Reactive Compensation Bead Kit Invitrogen A10346

Fixable Viability Stain 780 BD 565388

MHC-I dextramers Immudex Custiom

Critical commercial assays

Chromium i7 Multiplex Kit, 96 rxns 103 Genomics 120262

Chromium Single Cell 50 Library & Gel Bead Kit 103 Genomics 1000014

Chromium Single Cell 50 Library Construction Kit 103 Genomics 1000020

Chromium Single Cell V(D)J Enrichment Kit, Human T cell 103 Genomics 1000005

Chromium Single Cell 50 Feature Barcode Library Kit 103 Genomics 1000080

Chromium i7 Multiplex Kit N Set A 103 Genomics 1000084

Chromium Next GEM Chip G Single Cell Kit 103 Genomics 1000127

Chromium Next GEM Single Cell 50 Library and Gel Bead Kit v1.1 103 Genomics 1000167

QIAamp DNA FFPE tissue kit Qiagen 56404

QIAamp DNA Blood Mini Kit Qiagen 51104

Deposited data

CITEseq data This study GSE227054

Alpha-beta TCRseq This study GSE227708

CITEseq data, Patient A This study GSE227709

Eberhardt et al. scRNAseq dataset Eberhardt et al. 2021 GSE180268

Caushi et al. scRNAseq dataset Caushi et al. 2021 GSE173351

Experimental models: Cell lines

Cos-7 cells ATCC Cat#CRL-1651

Software and algorithms

CellRanger 103 Genomics V3.10

R CRAN v.4.1.2

FlowJo FlowJo v.10.8.1

scater CRAN v.1.22.

Seurat CRAN v.4.3.

ggplot2 CRAN 3.4.0)

SCENIC CRAN v.1.2.4

UCell CRAN v.1.99.1

slingshot CRAN v.2.2.1

(Continued on next page)
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RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources and reagents should be directed to and will be fulfilled by the lead contact, Paul
Nghiem (pnghiem@uw.edu).

Materials availability
This study did not generate new unique reagents.

Data and code availability
The expression data obtained in this study has been uploaded to the GEO database with accession nos. GSE227054 (TCRseq data)
and GSE227708 (CITEseq). One patient in cohort 2 (patient A) was performed as part of a separate study and was uploaded to the
GEO database with accession no. GSE227709. Any requests for the raw data will be reviewed by the corresponding authors to
ensure patient confidentiality is maintained. If possible, the data will be shared under a material transfer agreement. Data previously
published and analyzed here are available on GEO with accession numbers GSE180268 and GSE173351. ImmunoSEQ data can be
found at on the Adaptive biotechnologies’ ImmuneAccess repository under https://doi.org/10.21417/TP2024CRM. Additional data
supporting the study’s findings can be found in the main text, figures, extended data, and Supplemental files.This paper does not
report original code, however, code needed to reproduce any of the analyses will be made available upon reasonable request.
Any additional information required to reanalyze the data reported in this work paper is available from the lead contact upon request.

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

The samples in cohort 1 (Figure 1) were collected as part of a neoadjuvant nivolumab trial (NCT02488759; ref. 36). Briefly, eligible
patients were at least 18 years old, had an Eastern Cooperative Oncology Group performance score of 0 or 1, and had MCC path-
ologically confirmed. Patients had stage IIA-IIIB MCC that could be biopsied before treatment and was considered surgically resect-
able. After 2 doses of nivolumab (4 weeks after initial dose), surgery was carried out and the extent of pathological response was
determined, according to criteria described by Stein et al.,36 wherein a pathological complete response (pCR) was defined as
‘‘absence of residual viable invasive cancer on hematoxylin and eosin evaluation of completely resected tumor specimens including
all sampled lymph nodes’’.60,61 Resection specimens with any viable tumor cells remaining were categorized as non-pathological
complete response (non-pCR).
Samples in cohort 2 (Figure 1) were collected with informed consent for research use and were approved by the Fred Hutchinson

Cancer Center (FHCC) institutional review board, in accordance with the Declaration of Helsinki (2013) as part of observational reg-
istry studies focusing on Merkel cell carcinoma. Patient samples for cohort 2 were selected based on availability of frozen viable tu-
mor tissues, and corresponding PBMCs collected within 30 days of tumor resection. Patient samples were further selected to only
include MCPyV positive tumors and those from immune competent patients.

METHOD DETAILS

Blood collection and processing
Heparinized whole blood from MCC patients was processed at the Specimen Processing Lab (FHCC). PBMC were isolated by
routine Ficoll density gradient centrifugation and cryopreserved in liquid nitrogen.

Continued
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clustree CRAN v.0.5.

scran CRAN v.1.22.1

batchelor CRAN v1.10.0

scuttle CRAN v.1.4.0

DropletUtils CRAN v.1.14.2

scds CRAN v.1.10.0

phenograph CRAN v.0.99.1

uwot CRAN v.0.1.14

survminer CRAN v0.4.

netMHCpan DTU Health Tech v4.0
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Tumor digestion and processing
Fresh MCC tumor specimens from needle cores, punch biopsies, or surgical excisions were enzymatically digested as described.62

All single-cell suspensions were cryopreserved in Freezing Medium [50% human serum (Valley Biomedical), 40% RPMI (Corning),
and 10% DMSO (Sigma-Aldrich)] and stored in liquid nitrogen.

To expand T cells from tumors, tumor tissuewas chopped into small pieces and placed in culture alongwith 106 allogenic irradiated
PBMCs, Remel phytohemagglutinin-purified mitogen (1.6 mg/mL; ThermoFisher), human recombinant IL-15 (10 ng/mL; R&D Sys-
tems), and human natural interleukin IL-2 (32 U/mL; Hemagen, Columbia, MD).

MCPyV epitope discovery and epitope mapping
We used previously described methods to discover novel MCPyV epitopes in expanded T cells.39,63,64 In brief, HLA cDNA was either
cloned from PBMC of HLA-typed persons or obtained ready-to-use from the International Histocompatibility Working Group gene
bank housed at FHCC (Seattle, WA).65 The protocol for cloning of HLA cDNA from PBMC has been previously detailed.

MCPyV LT AA 1–327 or full-length ST AA 1–186 with a carboxy-terminus six-histidine addition were cloned into the Nature Tech-
nology Corporation (NTC) 9385R vector.66 These plasmids encode an identical 78 AAN-terminal CT domain. The NTC plasmids were
based on GenBank HM011538.1. LT AA 1–259 from MCVw156 (GenBank HM355825.1) was separately cloned into pDEST103, a
vector constructed in our laboratory.63

To screen TIL for reactivity to MCPyV epitopes, 104 COS-7 cells (ATCC) were seeded into each well of a 96-well flat-bottom plate.
After 24 h, the COS-7 cells were co-transfected with HLA and MCPyV plasmids to create artificial antigen-presenting cells (aAPC).
After two days, 105 TIL were added and supernatant IFNgwasmeasured 24–48 h later by ELISA.67 IFNg results were reported as the
mean and standard deviation (SD) in figures. Fine epitope mapping was performed using 95 overlapping T-Ag peptides (OLP;
Table S6; Genscript) as previously described.68 Peptides covering LT AA 1–281 and the unique region of ST were 13 AA long with
9 AA overlap and based on MCPyV 350 (GenBank FJ173805.1; ref. 68). Peptides were tested individually at 1 mg/mL final concentra-
tion by addition to Cos-7 cells 48 h after HLA transfection. TILs (105) were added 1–2 h later, and supernatants were tested for IFNg by
ELISA 24–48-h later as indicated above. Alternatively, OLP were matrix-pooled into rows and columns of 9–10 peptides/pool and
tested at 1 mg/mL final concentration each. Peptides at positive pool intersection(s) (mean ELISA OD450 value >0.2) were retested
for confirmation. For some assays, aAPCs were peptide-pulsed at 10 mg/mL for 1 h and PBS-washed before adding responder cells
to reduce T cell auto-presentation. Positive pools were deconvoluted to identify individual reactive peptides in follow-up assays. The
HLA-peptide binding prediction algorithm netMHCpan 4.069 was used to predict HLA binding peptideswithin reactive 13-mers. Short
internal peptides within reactive 13-mer peptides were obtained (Genscript) and tested.

Flow cytometry
PBMCs from the neoadjuvant anti-PD-1 cohort (Figure 1) were analyzed by flow cytometry. Because cell viability and tetramer stain-
ing was sensitive to thawing conditions, after optimization, we carefully followed this procedure: frozen tubes of PBMCwere thawed
at 37 C, followed by dropwise addition of complete media (RPMI, 10% Fetal bovine serum, 13 penicillin/streptomycin, 13 l-gluta-
mine). DNAse I (10 units/ml) was added, and cells were allowed to rest for 1 h. Cells were counted using a hemacytometer and split
into tubes of 1–3 million cells. Cells were washed twice with PBS and then incubated with dasatinib (100 nM) and live dead staining
buffer (Live dead Blue; ThermoFisher) at 37C for 10 min. HLA-I multimers were then added. If a sample had more potential HLA
matches than tubes of 1–3 million cells, multiple HLA-I multimers for the same virus were added to a tube. The sample was first
stained with antibodies against chemokine or cytokine receptors (See key resources table for antibodies used). After a 30-min
incubation, antibodies against other cell surface receptors were added. Following another 30-min incubation, cells were washed
twice with autoMACS running buffer (Miltenyi), permeabilized using the Foxp3/Transcription factor staining buffer set (eBioscience),
and washed twice with the kit permeabilization buffer. Intracellular antibodies were then added after permeabilization, and the
samples were incubated at room temperature for 1 h. Cells were washed twice with permeabilization buffer and fixed in 1% para-
formaldehyde. Antibody capture beads or amine reactive beads (ThermoFisher) were used to compensate each fluorophore in
the experiment. Stained cells were analyzed by the Cytek Aurora spectral analyzer at the University of Washington, Department
of Immunology’s Cell Analysis Facility. Spectral unmixing was performed using SpectroFlo software. Visualization and Initial gating
selecting for single cells, lymphocytes and live cells was performed in FlowJo v.10 (FlowJo LLC). Subsequent analyses were per-
formed in R (See below).

Single cell RNAseq sample preparation
Frozen tumor and PBMC single cell suspensions from cohort 2 (Figure 1) were analyzed by cellular indexing of transcripts and epi-
topes by sequencing (CITEseq). Frozen tubes were thawed at 37 C, followed by dropwise addition of 1 mL complete media (RPMI,
10% Fetal bovine serum, 13 penicillin/streptomycin, 13 l-glutamine). Equivolume of complete media was continuously added 4
additional times (dropwise with gentle mixing in between additions (total volume of 32 mL). Cells were then washed twice with
4 C PBS, counted using a hemacytometer and transferred to FACS tubes (Fisher Scientific). Live dead stain was then added
(FVS780; BD Biosciences), followed by a blocking buffer to bring samples to 0.5% BSA, 5% TruStain FcX buffer (Biolegend),
100 nM dasatinib, and 50 mg salmon sperm. Samples were then incubated on ice for 10 min followed by the following reagents in
order: DNA barcode-labeled HLA-matched HLA-I multimers, hashtag antibodies to identify sample origin in subsequent pooling
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steps, fluorophore labeled antibodies, and DNA barcode-labeled antibodies. Cells were then incubated on ice for 30min andwashed
three times. Cells were then sorted on an Aria II Cell sorter (BDBiosciences). Dead cells and debris were excluded, and samples were
enriched for HLA multimer binding cells. Cells were sorted into cold complete media, pooled and immediately prepared for
sequencing (see below).

scRNA-seq and scV(D)J-seq library preparation and sequencing
Single cell suspensions were collected from either tumor or blood samples and brought to a concentration of 700-1,200 viable cells
per microliter using a hemacytometer. These single cell suspensions were then loaded into the appropriate microfluidic chip (chip G;
103Genomics) and run through aChromium controller to obtain Gel Beads-in-Emulsion (103Genomics). Resulting cell suspensions
then went through a library preparation process for single-cell RNA sequencing (scRNA-seq) along with paired scV(D)J-seq for T cell
receptor (TCR) clonotypes using the 50 transcriptome kit with feature barcoding (V1.1; 103 Genomics) per manufacturer guidelines.
The complementary DNA libraries were then sequenced using a NovaSeq instrument (Illumina) with 2 3 92 base pair paired-end
reads aiming for an average of 20,000 reads per cell per 103 Genomics guidelines.

TCRb receptor profiling
DNA was extracted from frozen peripheral blood mononuclear cells or formalin-fixed paraffin-embedded (FFPE) tumor biopsy ma-
terial (20 mm thick molecular curls or material scraped from pre-cut slides) using QIAamp DNA Blood Mini Kit or QIAamp DNA FFPE
tissue kit, respectively (Qiagen). Resulting samples were submitted to Adaptive Biotechnologies for TCRb sequencing and normal-
ization, as previously described.70

Immunohistochemistry
Standard immunohistochemistry was performed on FFPE tissues with antibodies recognizing Merkel cell polyomavirus (CM2B4
clone at 1:50 dilution, Santa Cruz, CA, USA), class I HLA (EMR8-5 clone at 1:8000 dilution, MBL International, MA, USA), and cyto-
keratin 20 (Dako clone Ks20.8 at 1:200 dilution, Agilent, CA, USA). Multiplex immunohistochemistry was performed with a panel of
antibodies including CD8 (clone 144B/Dako/fluor 520 opal/concentration 0.2 mg/mL), CD3 (Sp7/Thermo/fluor opal 650), HLA-DR
(EP96/BSB/0.125 mg/mL/fluor opal 690), CD56 (123.C3/BSB 1 mg/mL/fluor 540), and PD-L1 (E1L3N 0.5 mg/mL) using a modified
Akoya Opal Multiplex IHC assay.71 We also attempted PD-1 staining with antibody clone D4W2J. However, non-specific staining
was observed, and PD-1 was thus excluded from analysis. Quantitative image analysis was performed with HALO software.

HLA multimer preparation
Allophycocyanin (APC)-labeled HLA-I multimers were used for flow cytometry experiments and prepared by the Immune Monitoring
Lab at Fred Hutchinson Cancer Center. Multimers were titered using samples of known positivity. HLAmultimers used for scRNAseq
were created using HLA-I easYmers (Immunaware) and PE or APC and DNA barcode-labeled streptavidins (Biolegend). DNA bar-
code- and fluorophore-labeled HLA-I dextramers were prepared by Immudex. These multimers were used for staining expanded
T cells as directed. A full list of all epitopes used is provided in Tables S1 and S3.

HLA multimer gating and analysis
For HLA-I multimer gating on flow cytometry analyses, samples were grouped by HLA-I multimer. Gates were manually drawn for
each sample while blinded to tumor viral status, response, and patient identity. If a sample was stained with more than one epitope,
then the sample was included in all potential epitopes and then the gate was drawn at the maximum value of all potential epitopes.
Median gate values were then calculated for each individual epitope and all gates were redrawn resulting in 144 FACS plots that were
then reviewed by a second person with experience in tetramer staining (C.C., also blinded to tumor viral status, response, and patient
identity). Any variations in gating values were then discussed and, if appropriate, gates were edited. Once final gate values were es-
tablished, frequency of MCPyV-specific CD8 T cells in the blood of patients with virally driven or non-virally driven cancer were calcu-
lated (Figure S1D). These results supported accurate gating as no patients with non-MCPyV driven cancer hadmore than 1 in 10,000
CD8 T cells binding to HLA-I multimers containing MCPyV oncoprotein peptides. This limit of detection is similar to prior study of
MCPyV-specific CD8 T cells in healthy controls.31 Phenotypic similarity was also used to confirm gate values. Given a priori knowl-
edge of the phenotype of MCPyV-specific CD8 T cells (naive, largely PD-1+31), the cumulative portion of cells that were naive or PD-1
positive were calculated as a function of decreased tetramer intensity (Figures S1B and S1C). These results further validated the
gating of MCPyV-specific T cells. Since the gate values drawn were concordant with this approach, no further adjustments were
made using this approach.
For gating of antigen-specific CD8 T cells in single cell RNAseq data, the counts of HLA-I multimer unique molecular identifiers

(UMIs) were used. A similar approach was used as above where gates were manually drawn for each sample while blinded to tumor
viral status, response, and patient identity and then reviewed by a second person (S.J.) who was also blinded to these factors. TCRb
sequences of multimer-positive cells were then compared to TCRs of known specificity in the VDJ database.72 After comparison,
15/16 TCRbs that were found in the database were accurately matched. The non-matched TCR was reviewed and HLA-I count
values appeared in ranges of other matched cells suggesting this TCR could recognize different peptides in different HLA context
with a different TCRa. This clone was included as MCPyV-specific as per our HLA-I multimer binding data.
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Flow cytometry data analysis
Live, CD19", CD14"lymphocytes fcs files were loaded into a gating set object in R using flowWorkspace (v.4.6.0). Fluorescent data
was transformed using the biexponential function. Fluorescent-minus-one samples were used to draw gates at the 99th percentile
which were then used as the minimum gate for the markers CCR4, CCR6, CCR7, CD45RA, CD4, CD8, CXCR5 CD28, CD56,
CD3, FOXP3, TCF1, and Ki67. Gates were adjusted upward as appropriate based on visual inspection. Markers of activated
T cells including LAG3, TIM3, HLA-DR, TBET, EOMES, PD-1, Granzyme B, Granzyme K, and TOX were gated similarly with the
99th percentile of naive cells acting as an additional minimum gate. UMAP dimensionality reduction was performed using uwot
(v.0.1.14). Clustering was performed using phenograph (v.0.99.1). Visualization was performed using ggplot2 (v.3.4.0) or FlowJo
(v.10.8.1).

Single-cell RNA sequencing data analysis
Raw sequencing reads were aligned to the hg38 genome using Cell Ranger v.3.1. Filtered counts matrices of transcripts and feature
barcoding counts were loaded into a SingleCellExperiment object for further analyses in R (v.4.1.2). Sample hash deconvolution was
performed using DropletUtils (v.1.14.2). Doublets were detected using scds (v.1.10.0) and hash deconvolution, and subsequently
removed. Cells that had fewer than 800 transcript reads, fewer than 250 genes detected or more than 10% mitochondrial DNA
were excluded as low quality. Comparisons of excluded and kept cells were performed to ensure no cell populations were dispropor-
tionally removed. This showed mitochondrial genes, MALAT1 (a transcript associated with dying cells), and hemoglobin genes were
the only genes disproportionally represented in the removed cells. Cells were size-normalized (to account for RNA capture efficiency)
and log transformed using scuttle (v.1.4.0).

Cells from different runs were then integrated using the mutual nearest neighbor method though the batchelor package (v1.10.0).
UMAP dimensionality reduction was performed using the integrated values. Clustering was performed using the integrated transcript
values and feature barcoding reads through the walktrap algorithm on a nearest neighbor graph (scran v.1.22.1). Numbers of clusters
was varied by scaling the number of nearest neighbors (k) during graph construction followed by analysis via clustree (v.0.5.0). Clus-
ters were then labeled as major cell lineages of CD4 T cells, CD8 T cells, B cells, myeloid cells, erythrocytes, NK cells and tumor cells
through expression of key genes includingMS4A1, CD19, CD4, CD8A, CD3E, CD3D, GZMB, NCAM1, HLA-DRA, PTPRC, NKG7 and
the MCPyV oncoproteins. Cluster labels were then validated by investigating the portion of cluster with productive BCR or TCR re-
arrangements. Cell lineages were then isolated in silico and dimensionality reduction and clustering was re-performed on CD8 T cells
as above. Cells were scored for expression of memory and exhaustion gene sets (see below) using the UCell (v.1.99.1) package.
Pseudotime analyses was performed using slingshot (v.2.2.1) with the naive CD8 T cell population as the starting population. Pseu-
dotime heatmap was created by fitting a spline to each gene shown against pseudotime.

Single cell transcriptional regulatory networks in CD8 T cells were analyzed using SCENIC (v.1.2.4) as previously described.45

Briefly, genes with more than 488 total counts across all CD8 T cells and cells withmore than 163 genes were isolated for subsequent
analysis. Correlations between transcription factors and genes were determined and GENIE3 was used to establish regulatory net-
works. SCENICwas then used to score the expression of these regulatory networks in each cell. UMAP dimensionality reduction was
reperformed based on these regulons.

MCPyV-specific CD8 T cells were isolated and integrated into a large single cell RNAseq dataset of HPV-specific CD8 T cells from
HPV driven head and neck cancer.23 Each dataset was rescaled using SCTransform (Seurat). Integration features (genes) were
selected based on their variability across both datasets followed by removal of TCR and BCR V, D and J genes and mitochondrial
genes. Seurat was then used to integrate the datasets using the HPV dataset as an anchor and a k.weight of 40.

All CD8 T cell data from blood and tumor of MCC patients was similarly integrated with a dataset of CD8 T cells from patients with
non-small cell lung cancer.24

Plots were made using scater (v.1.22.0), Seurat (v.4.3.0) or ggplot2 (3.4.0).

Gene set derivation from previous studies
Single cell RNAseq datasets from 4 studies containing diverse populations of CD8 T cells from human tumors6,58,73,74 were used to
create a compendium of labeled clusters along with genes positively or negatively associated with each cluster (Table S5). Clusters
with synonymous labels were renamed and grouped. Genes associated with clusters with p values of less than 0.05 and average log
fold changes greater than 0.5 were selected for further inclusion. An ‘‘exhaustion’’ gene signature was developed for genes that were
associated with exhausted clusters (labeled as exhausted, precursor exhausted, terminally exhausted, exhausted cycling) in at least
3 of 4 datasets (74 total genes). Similarly, a ‘‘memory’’ gene signature was developed for genes that were associated with memory
clusters (labeled as naive, memory or central memory) in at least 2 of 3 datasets that had these populations (12 total genes). Immune
checkpoints included in the exhaustion gene set weremanually identified as PDCD1, LAG3, TIGIT, HAVCR2, CD276, ENTPD1, CD73,
ADORA2A, and CTLA4.

QUANTIFICATION AND STATISTICAL ANALYSIS

The statistical tests applied were two-sided unless specified otherwise. T tests were used to compare differences between two
groups unless otherwise noted. When comparing more than two groups, the nonparametric Kruskal–Wallis test was used. Multiple
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hypothesis testing was done with the Benjamini–Hochberg method unless noted differently. Fisher’s exact test was used to evaluate
differences between two categorical variables. The ROC analysis was used to measure classification accuracy, which was ex-
pressed as the AUC. Pearson (r) or Spearman (r) correlation was used to determine linear concordance, and a two-sided t-test
was used to see if the result was significantly different from zero. The significance levels and HRs for Kaplan–Meier analyses
were calculated using a two-sided log rank test. All statistical analysis was carried out using R v.4.1+.

ADDITIONAL RESOURCES

Further information relevant to the clinical trial under which Cohort 1 (Figure 1) samples were collected can be found at https://
clinicaltrials.gov/study/NCT02488759.
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Supplemental Figure 1. MCPyV T-Ag CD8+ T-cell epitope discovery and validation of tetramer gating. 
A, D. Reactivity of bulk-expanded TIL with aAPC expressing the indicated HLA alleles and MCPyV short T (ST) or long 
T (LT) antigens. 
B, E. Reactivity of bulk-expanded TIL to aAPC expressing the indicated HLA alleles and MCPyV T antigen peptides 
arranged as column (C) or row (R) pools in a rectangular matrix. Positive and negative controls at right. Note that fine 
peptide mapping for HLA-B*18:01 and HLA-B*44:02-restricted responses have been previously reported. 
C, F. Fine peptide mapping.  Reactivity of bulk-expanded TIL to aAPC expressing the indicated HLA alleles with the 
indicated MCPyV T antigen peptide added.  Numbers refer to amino acid positions in large T (LT) or small T (ST) 
isoforms of MCPyV T antigen. The indicated peptides are truncation internal peptides within peptides lying at the 
intersections of reactive pools in B and E. At right of both, controls show aAPC co-transfected with HLA and the 
indicated MCPyV T antigen plasmids. Data are OD450 values from IFN-γ ELISA of culture supernatants. Dots are raw 
data of technical duplicates and bars are means. 
G. Flow chart of tetramer gating strategy.
H. Example FACS plots of PBMCs stained with multimers with tetramer gate shown (left). Tetramer gating was 
validated with expected biology (increased proportion of PD-160, decreased expression of CD45RA).
I. Representative cumulative density plot of portions of cells that are naïve (CCR7+, CD45RA+; top) or PD-1+ (bottom) 
as a function of fluorescence intensity in the tetramer channel. Cumulative density is calculated from high tetramer 
intensity to low (i.e., right to left). Each individual point represents a CD8 T cell colored by the sample of origin. Data 
concatenated from samples all samples stained with an A*02:01 restricted MCPyV-epitope. Vertical line represents 
MHC-I tetramer gate value as determined in panel A, blinded to all phenotypic and clinical data.
J. Frequency of total tetramer positive (MCPyV-specific) cells in virus negative (Neg) or virus positive (Pos) patients. 
Each point represents a single sample from pre- or post-nivolumab treatment. Red line depicts limit of detection at 1 in 
10,000 CD8 T cells consistent with prior studies31. 
K. Comparison of the number of MHC-I tetramers available and used for patients that had complete pathological 
response or non-pathological complete responses.
See also Figure 2. 
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Supplemental Figure 2. Justification of single cell RNAseq clustering of bulk cells and subclustering of CD8 T 
cells in Figure 4 and pseudotime analysis of CD8 T cells. 
A. UMAP plot of scRNAseq data from 51,555 cells isolated from tumor and blood samples from 8 patients. Cells were 

clustered and subsequently named according to the cell lineage (see panel F). 
B. UMAP plot (as in panel A) colored by whether cells were isolated from tumor or blood specimens. 
C. UMAP plot (as in panel A) colored by patient. 
D. Bar plot of the number of cells contributed by each patient and colored by cell type combining blood and tumor.
E. Bar plot of the number of cells contributed by each patient and colored by portions of cells from tumor or blood.
F. Violin plots of cell lineage markers confirming cell types shown in panel A.
G. Violin plots of phenotypic genes in CD8 T cells isolated in silico from bulk population shown in Panel A.
H. Bar plots of the portions of cells in each phenotype in panel G by whether these cells had an α-β TCR (top), 

originated from the tumor or blood (middle), or the specificity of each T cell (bottom).
I. Data from single cell RNAseq of 8151 CD8 T cells. UMAP plot of CD8 T cells colored by the clustering and 

phenotypic identity (reproduced for clarity, from Figure 4B).
J. Trajectory analysis was performed on CD8 T cells shown in panel A which showed a bifurcated pathway with one 

pathway (tumor path) originated in in the naïve CD8 T cell cluster and terminating in the terminally exhausted T cell 
cluster while the other path (blood path) originated in the naïve CD8 T cell population and terminating in the γ-δ and 
senescent clusters. Plot is colored by pseudotime along these paths.

K. Plot of CD39 and CD127 (IL7R) cell surface protein levels against pseudotime along the tumor path. Points colored 
according to their cluster identity as in A. Spline (black) tracks average of these markers over pseudotime.

L. Plot of CD28 and CD57 cell surface protein levels against pseudotime along the blood path. Points colored 
according to their cluster identity as in A. Spline (black) tracks average of these markers over pseudotime.

M. Heatmaps of memory, exhaustion, and senescence genes along the tumor path pseudotime (left) or blood path 
pseudotime (right).

N. Histograms of tetramer-identified CMV, Flu, MCPyV and EBV-specific CD8 T cells and their positions along the 
tumor path pseudotime

O. Histograms of CMV, Flu, MCPyV and EBV-specific CD8 T cells and their positions along the blood path 
pseudotime.

Abbreviations: ab = antibody
See also Figure 4.
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Supplemental Figure 3. MCPyV-specific CD8 T cells in blood are phenotypically similar to stem-like HPV-
specific CD8 T cells in virally-driven head and neck cancer and neoantigen-specific CD8 T cells from non-
small cell lung cancer patients. 
A. UMAP plot pseudo colored by cluster identity. 
B. UMAP highlighting MCPyV-specific CD8 T cells and pseudocolored by anatomic origin of cells. HPV-specific cells 

are in grey in background. 
C. Chord diagram showing cluster identities of MCPyV-specific CD8 T cells from tumor (bottom left) or blood (bottom 

right) and their corresponding cluster identities (top).
D. UMAP plots of expression of key genes as in Eberhardt et al but including MCPyV-specific CD8 T cells. 
E. UMAP plot demonstrating integration of intratumoral CD8 T cells from patients with MCC (dark blue) or non-small-

cell lung cancer (aquamarine).  
F. UMAP plot demonstrating integration of circulating CD8 T cells from patients with MCC (dark blue) or non-small-cell 

lung cancer (aquamarine).  
G. UMAP plot highlighting antigen-specificity of intratumoral CD8 T cells: MCPyV in dark blue; mutation-associated 

neoantigens (MANA) in aquamarine; and CMV, EBV, or Flu in pink. T cells of unknown specificity are in grey in the 
background. 

H. UMAP plot highlighting antigen-specificity of circulating CD8 T cells: MCPyV in dark blue; mutation-associated 
neoantigens (MANA) in aquamarine; and CMV, EBV, or Flu in pink. T cells of unknown specificity are in grey in the 
background. 

I. Violin plots of exhaustion, memory, and checkpoint gene sets for MCPyV-specific and MANA-specific CD8 T cells 
from tumor or blood. T tests performed between MCPyV-specific vs MANA-specific T cells within tumor and blood 
specimens. Benjamini–Hochberg correction was performed for multiple comparisons.  

p values: * <0.05; **<0.01, *** <0.001, ****<0.0001
See also Figure 4.



Supplemental Figure 4. MCPyV-specific CD8 T cells downregulate PD-1 over the course of anti-PD-1 
therapy. 
A. Expression of TBET and EOMES proteins in naïve, effector, precursor exhausted, terminally exhausted and 

MCPyV-specific T cells via flow cytometry. Each point represents MCPyV-specific T cells from one patient at 
the pre-treatment time point. If a patient has less than 10 cells for a given population, that patient was 
excluded. 

B. Changes in expression of PD-1, LAG3, TBET, EOMES, TOX and TCF7 protein expression in MCPyV-specific 
CD8 T cells over the course of anti-PD-1 therapy. Each point represents MCPyV-specific T cells from one 
patient at that time point. T tests were used for statistical significance. 

C. Representative Flow cytometry dot plots showing down regulation of PD-1 in MCPyV-specific CD8 T cells over 
the course of therapy. Gates drawn for PD-1 high, PD-1 middle and PD-1 negative cells. Percentages in top of 
plots (green) represent portion of tetramer+ (MCPyV-specific) cells. Percentages on bottom of plots (dark 
blue) represent portions of tetramer negative cells (unknown specificity).

D. Justification of phenograph clustering labels. CD8 T cells were clustered using flow cytometry data (panel E 
and F) to assign phenotypic labels to each cluster, the MFI and portion of cells positive for each marker were 
tabulated for each cluster and plotted. Phenotypic labels y-axis labels) were then assigned based on the 
expression of these makers.

E. Phenotypes of MCPyV-specific CD8 T cells and changes over course of therapy. Each point represents 
MCPyV-specific T cells from one patient at the designated time point. If a patient had less than 10 cells for a 
given population, that point was excluded. 

F. UMAP plots of CD8 T cells from blood. Cells grouped, colored and labeled using phenograph clustering. 
p values: ns = p³0.05; * = p<0.05; ** = p<0.01; *** = p<0.001; **** = p<0.0001
See also Figure 5.





Supplemental Figure 5. Analyses of bulk lymphocyte flow cytometry show association between pathological 
response and increases in proliferating CD4 and CD8 T cells in blood following anti-PD-1 blockade.
A. UMAP plots of key markers of CD19- lymphocytes using 29 parameter flow cytometry data. 
B.  UMAP plot of same projection in A pseudo colored by phenograph clustering. 
C. Heatmap of each phenograph cluster (y axis) and the median expression of markers (x axis).
D. Frequency of proliferating CD4 (left) or CD8 (right) T cells over the course of neoadjuvant PD-1 blockage grouped 

by patients with non-pCRs (top) or pCRs (bottom). T tests were used to establish statistical significance.
E. Proportion of each phenograph cluster in each patient prior to treatment (Same color scale as panel B).
F. Changes in proportions of phenograph clusters over the course of neoadjuvant PD-1 blockade. Proportions 

averaged across all patients with non-pCRs (left) or pCRs (right).
See also Figure 5.





Supplemental Figure 6. Association of pathological response and peripheral blood cytokines or myeloid 
derived suppressor cells (MDSC).
A. Concentrations of key cytokines in blood measured via Luminex assay in patients with pCRs (left) or non-pCRs 

(right) sub-grouped by timepoint.
B. MCPyV oncoprotein titer measured by the AMERK assay at the pre-treatment timepoint grouped by pathological 

response at the pre-treatment timepoint.
C. MCPyV viral capsid (VP1) titer measured by the AMERK assay at the pre-treatment timepoint grouped by 

pathological response at the pre-treatment timepoint.
D. Frequency of MDSCs as a portion of all myeloid cells in the peripheral blood at the pre-treatment timepoint 

grouped by pathological response at the pre-treatment timepoint.
E. Frequency of MDSCs as a portion of all myeloid cells in the peripheral blood at the pre-treatment timepoint 

grouped by tumor viral status.
F. Association of frequency of MDSCs and frequency of MCPyV-specific CD8 T cells in the peripheral blood at the 

pre-treatment timepoint.
See also Figure 5.
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CHAPTER SUMMARY: In this chapter, we validate our finding that tumor-specific CD8 T cell 

frequency in blood correlates with survival, as well as quality of response (complete, partial, or 

progressive disease) using an independent cohort of virus-driven Merkel cell carcinoma (MCC) 

patients. Additionally, we find that the patients with a higher frequency of CD39+CLA+ CD8 T 

cells experience more durable responses to anti-PD-1 treatment. In contrast, patients with a 

higher frequency of CD39+CD103+ CD8 T cells experience poorer outcomes. This suggests that 

having T cells that can specifically home to the skin vs. establish broad tissue residence are 

more important in response to immunotherapy in MCC. Additionally, since these studies do not 

rely on identification of antigen-specific CD8 T cells, but rather a limited number of markers, they 

may be more easily translated to a clinical setting and predict response to immunotherapy. 

 

An excellent lay summary of this chapter (as well as Chapter 2) can be found here: 

https://www.fredhutch.org/en/news/center-news/2024/02/biomarker-immune-checkpoint-

inhibitor-merkel-cell-carcinoma.html

https://www.fredhutch.org/en/news/center-news/2024/02/biomarker-immune-checkpoint-inhibitor-merkel-cell-carcinoma.html
https://www.fredhutch.org/en/news/center-news/2024/02/biomarker-immune-checkpoint-inhibitor-merkel-cell-carcinoma.html
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SUMMARY

Merkel cell carcinoma is a skin cancer often driven by Merkel cell polyomavirus (MCPyV) with high rates of
response to anti-PD-1 therapy despite low mutational burden. MCPyV-specific CD8 T cells are implicated
in anti-PD-1-associated immune responses and provide a means to directly study tumor-specific T cell re-
sponses to treatment. Using mass cytometry and combinatorial tetramer staining, we find that baseline fre-
quencies of blood MCPyV-specific cells correlated with response and survival. Frequencies of these cells
decrease markedly during response to therapy. Phenotypes of MCPyV-specific CD8 T cells have distinct
expression patterns of CD39, cutaneous lymphocyte-associated antigen (CLA), and CD103. Correspond-
ingly, overall bulk CD39+CLA+ CD8 T cell frequencies in blood correlate with MCPyV-specific cell frequencies
and similarly predicted favorable clinical outcomes. Conversely, frequencies of CD39+CD103+ CD8 T cells are
associated with tumor burden and worse outcomes. These cell subsets can be useful as biomarkers and to
isolate blood-derived tumor-specific T cells.

INTRODUCTION

Merkel cell carcinoma (MCC) is a rare and aggressive form of
skin cancer with a high mortality rate. The etiology of MCC has
been linked to both Merkel cell polyomavirus (MCPyV) and UV-
inducedmutagenesis.1 The persistent expression of twoMCPyV
oncoprotein isoforms, large T antigen (LTA) and small T antigen
(STA), is detectable in 80% of MCC cases in the US, which are
categorized as virus positive (VP). The rest of cases where
MCPyV cannot be detected are considered virus negative (VN).2

Involvement of immune cells in MCC is an important aspect of
both disease progression and prognosis, and both VP and VN
MCCs are known to be immunogenic.3,4 Higher intratumoral
T cell counts and robust CD8 T cell infiltration within the tumor
have been associated with improved survival regardless of the
tumor stage at diagnosis.5 In contrast to many other solid tu-
mors, treatment with the anti-PD-1 antibody has demonstrated
remarkable efficacy in both VP and VN advanced MCCs.6

Clinical studies, including the Cancer Immunotherapy Trials

Network-09 (CITN-09)/KEYNOTE-017, have revealed that initial
response rates reached up to 58%, with a notable 30% of treat-
ment recipients achieving complete and durable response.7,8

These promising outcomes provide strong motivation for further
investigation into T cell-based biomarkers for MCC.
In particular, MCPyV-specific CD8 T cells play a major role

in the immunopathogenesis of MCC. They are found at the
site of the tumor and are enriched among tumor-infiltrating
lymphocytes.9 Major histocompatibility complex (MHC) class
I-restricted MCPyV oncoprotein processing and presentation
by mammalian cells have been shown to lead to CD8-mediated
cytotoxicity, and a number of virally derived T cell epitopes have
been characterized in the context of MCC.10,11 Moreover,
MCPyV-specific T cells have been identified in bothMCC tumors
and peripheral blood mononuclear cells (PBMCs) of patients
with MCC but are more abundantly found in the former.12 Even
though MCPyV-specific T cells are implicated in immunothera-
peutic responses, further qualitative and quantitative analyses
of those cells among responders and non-responders are
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needed to understand why only some VP patients respond to
anti-PD-1 checkpoint blockade immunotherapy.

Currently, very few predictive or prognostic biomarkers exist
for the diagnosis or treatment of MCC. Prior to the use of
checkpoint blockade as a therapy for MCC, it was found that
the presence of tumor-infiltrating MCPyV-specific T cells was
associated with improved patient survival9 and that frequencies
of peripheral virus-specific cells expressing PD-1 and Tim-3 are
generally directly associated with disease burden.12,13 Consis-
tent with the association between MCPyV-specific CD8 T cell
frequencies in the blood and tumor burden, levels of MCPyV-
oncoprotein-specific antibodies are also associated with tumor
mass. These antibody levels can be used as a prognostic
marker for relapse in patients with advanced MCC, particularly
those at high risk for recurrent disease.14 Additionally, intratu-
moral T cell clonality has been found to be a differentiating
characteristic between VP MCCs and VN MCCs, with the
former showing higher clonality indices than the latter.9 How-
ever, as of yet, there are no clear blood-based characteristics
that can predict which patients are more likely to respond to
anti-PD-1 therapy, and the mechanisms of response and resis-
tance remain poorly understood.

Because of the high rates of complete initial responses and the
consistent expression of viral antigens, VP MCC provides an
ideal model system to track and evaluate T cell responses during
anti-PD-1 checkpoint blockade immunotherapy. Using MHC
class I tetramers against MCPyV oncoproteins, it is possible to
explore shared tumor-specific T cell responses across patients
with VP MCC without the requirement of identifying mutation-
derived antigens or other tumor-associated antigens, which
are often challenging to identify and typically not always shared
among patients. Additionally, leveraging the ability to detect tu-
mor-specific T cell responses in treatment-responsive patients
with VP MCCmay also help inform therapeutic strategies for pa-
tients with VN MCC, which are driven by less defined and likely
more heterogeneous UV-induced neoantigens and are therefore
more difficult to study. Ultimately, this could help identify corre-
lates of anti-PD-1 response and inform strategies to improve
efficacy.

In this study, we examine tumor-specific T cell dynamics in
the blood of patients with MCC treated with an anti-PD-1 anti-
body, pembrolizumab. Taking advantage of the persistent
expression of MCPyV oncoproteins in VP MCC tumors, we
analyze CD8 T cells that target these proteins to directly study
and measure tumor-specific T cell responses. We utilized a
mass-cytometry-based multiplexed peptide-MHC class
I-tetramer staining approach to first assess the frequencies
and phenotypes of MCPyV-specific CD8 T cells in the blood
of patients with MCC receiving pembrolizumab. Based on
the phenotypes of the virus-specific cells, we identified that
the frequencies of certain phenotypic subsets within total
blood CD8 T cells were predictive of patient response to
therapy, and these phenotypic signatures may be useful to
indirectly identify tumor- and MCPyV-specific cells. Our find-
ings provide valuable insights into tumor-specific immune
responses in MCC and identify a potential biomarker for pre-
dicting immunotherapy response and isolating tumor-specific
T cells from blood.

RESULTS

Identification and quantification of MCPyV-specific CD8
T cells in blood from patients with MCC
To examine the effect of pembrolizumab treatment on peripheral
CD8 T cell responses in the context of MCC, we analyzed longi-
tudinally collected PBMC samples from patients enrolled in the
CITN-09 clinical trial (ClinicalTrials.gov: NCT02267603). We
carefully selected a patient sample cohort that encompassed
diverse clinical responses and viral status (complete response
[CR], n = 13; partial response [PR], n = 6; and stable and progres-
sive disease [SD/PD], n = 5; viral status: VP, n = 17; VN, n = 7). To
ensure robust data collection and analysis, we considered hu-
man leukocyte antigen (HLA)-typing information and the avail-
ability of PBMCs for at least baseline and end-of-treatment
time points (see method details). Specifically, we analyzed sam-
ples obtained prior to treatment (C01), at 3 weeks post-treatment
(C02), at 12 weeks post-treatment (C05), and at the end of treat-
ment (EOT) (Table S1).
To detect treatment-associated phenotypic changes in circu-

lating MCPyV-specific T cells, we used mass cytometry (CyTOF)
combined with multiplexed MHC class I-tetramer staining (as
described previously) to screen 76 MCPyV-associated epitopes
and 44 MCC-unrelated viral epitopes (spanning A*01:01,
A*02:01, A*03:01, A*11:01, A*24:02, A*68:01, B*07:02, B*08:01,
B*15:01, B*35:01, B*37:01, and B*57:01) (Figures S1A and
S1B; Table S2).15–17 Our MCPyV epitope panel allowed for the
direct detection of tumor-specific CD8 T cells in VP MCC and
included both previously known epitopes for both small and
large T oncoproteins as well as epitopes that were computation-
ally predicted to bind to HLA allelic variants in our cohort (see
methods details).11,12 The 35 markers in our phenotyping panel
allowed us to detect broad immune compartment changes as
well as T cell phenotypic markers to identify cell states such as
differentiation, trafficking, activation, and exhaustion (Figure 1A;
key resources table).15 Ultimately, this enabled us to identify a to-
tal of 111 T cell populations that were specific for 16 MCPyV T
oncoprotein-associated epitopes including 5 novel epitopes
(based on epitope predictions) and 3 MCPyV capsid-protein-
associated epitopes from 72 samples (n = 24 patient over 2–4
time points), which we could then further phenotypically charac-
terize (Figure 1B). To comprehensively measure the overall
changes to antigen-specific T cells, we combined the fre-
quencies of cells detected by tetramers loaded with epitopes
of the same antigen specificity within each patient across
different time points (Figures 1C–1E).
First, we analyzed the frequencies of peripheral MCPyV-spe-

cific T cells and other MCC-unrelated virus-specific T cells at
baseline to identify any correlations to response. As expected,
VN patients had lower levels of MCPyV-specific CD8 T cells
compared to VP patients (p = 0.0567 Mann-Whitney test)
(Figures S1C and S1D). This is in line with previous reports that
quantified MCPyV-specific CD8 T cells among tumor-infiltrating
T cells (tumor-infiltrating lymphocytes [TILs]) in patients with VP
MCC.12 In addition, we found that the baseline frequency of
circulating MCPyV-specific CD8 T cells summed across all
MCPyV-epitope-specific T cell populations detected for each
sample was associated with improved response (Figure 1C).
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Specifically, the mean frequency of MCPyV-specific CD8 T cells
in CR patients was 5 times higher than in PR patients (mean =
0.1032 vs. 0.02077, p = 0.2199Mann-Whitney test) and 38 times

higher than in SD/PD patients (mean = 0.002654, p = 0.0727
Mann-Whitney test). Furthermore, patients with detectable
(>0.01%) MCPyV-specific CD8 T cells in their blood at baseline

Figure 1. Identification of MCPyV-specific CD8 T cells and correlation with MCC pembrolizumab treatment clinical outcomes
(A) Experimental schematic and representative mass cytometry gating tree and dot plots of CD8 T cells showing the detection of MCPyV-specific and MCC-

unrelated epitopes. Representative plots from one patient (P15) and one time point (C01, baseline).

(B) Heatmap of individual MCPyV epitopes detected across all VP patients with complete response (CR; n = 8), partial response (PR; n = 5), stable disease (SD;

n = 1), and progressive disease (PD; n = 3).

(C) Integrated frequencies of MCPyV-specific CD8 T cells in PBMCs prior to the treatment. Data are represented as mean ± SEM; Mann-Whitney test.

(D) Kaplan-Meier curve of progression-free survival in patients with detectable (>0.01% of CD8 T cells, violet) or undetectable (<0.01% of CD8 T cells, black)

MCPyV-specific CD8 T cells in PBMCs. Detection limit was determined by the highest frequency observed in VN patients. Log-rank test.

(E) Frequencies of MCPyV-specific CD8 T cells in PBMCs over the course of the therapy in patients with CR (left) and PR (right). Data are represented as mean ±

SEM. Wilcoxon test. SAV, streptavidin.
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had improved overall survival and progression-free survival
compared to patients that did not (Figures 1D and S1E; p =
0.0088 and 0.0405, respectively, log-rank test).

When analyzing on-treatment kinetics in MCPyV-specific
T cell frequencies in VP patients, we found that pembrolizumab
treatment was associated with a significant decrease in fre-
quencies of MCPyV-specific CD8 T cells in CR patients (p =
0.0391 Wilcoxon) but were only marginally different in PR and
SD/PD patients across treatments (Figures 1E and S1F). The fre-
quencies of MCC-unrelated virus-specific cells (e.g., cytomega-
lovirus [CMV], Epstein-Barr virus [EBV], herpes simplex virus
[HSV], and influenza) remained unchanged over the course of
the therapy (p = 0.5879 Wilcoxon), suggesting that MCPyV-spe-
cific cells in the blood are closely associated with tumor immune
responses (Figure S1G). Taken together, these results indicate
that tumor-associated MCPyV-specific CD8 T cells are present
in the periphery and are closely linked to patient clinical
outcomes.

Phenotypic characterization of tumor-specific CD8
T cells in patients with MCC
To further investigate peripheral tumor-associated MCPyV-
specific CD8 T cells that correlate with patient clinical response,
we performed deep immune phenotyping of these cells and
compared their phenotypes to MCC-unrelated virus-specific
T cells and the peripheral CD8 compartment as a whole. The
bulk peripheral CD8 T cell compartment of patients with MCC
is highly heterogeneous and comprised of cells with various
distinct phenotypes including naive (CCR7+CD45RA+), effector
memory (EM; CCR7!CD45RA!CD45RO+), effector memory
re-expressing CD45RA (TEMRA; CCR7!CD45RA+CD45RO!),
tissue resident-like (RM; CD103+), and activated/exhausted
(CD38+PD-1+HLA-DR+CD39+). To examine high-dimensional
phenotypes of peripheral CD8 T cells, we embedded cell surface
markers using UMAP (uniform manifold approximation and pro-
jection) and applied the Leiden algorithm based clustering to
samples across the entire cohort (Figure 2A; seemethod details).
In parallel, we also quantified the frequencies of each marker
expression across all antigen-specific cells identified for each
patient time point to corroborate these findings (exemplified in
Figure S1H).

When comparing the phenotypes of MCPyV-specific and
MCC-unrelated virus-specific CD8 T cells (CMV, HSV, and influ-
enza), we identified unique phenotypic profiles that differentiate
these cell populations based on their antigen specificity
(Figures 2B and S1I). Our analysis of virus-specific T cells with
MCC-unrelated specificities showed that CMV-specific T cells
expressed high levels of CD45RA, CD57, and KLRG1, consistent
with TEMRA-like phenotypes, and EBV-specific cells were en-
riched for CXCR5, CD27, andCD45RO (Figure 2C). As previously
reported, HSV-specific cells expressed high levels of cutaneous
lymphocyte-associated antigen (CLA), a skin-homing marker,
and influenza-specific cells expressed high levels of CXCR3
and CCR5 (Figure 2C).18

In contrast, we found that MCPyV-oncoprotein-specific CD8
T cells (LTA and STA) expressed various co-stimulatory and
inhibitory receptors, such as PD-1 and TIGIT, and were highly
enriched for CD39, a marker previously reported to distinguish

tumor-specific exhausted CD8 TILs (Figure 2C).19–22 These
cells also highly expressed proliferation, activation, and effector
T cell markers, such as HLA-DR, CD38, CD71, and CXCR3.
Interestingly, they also highly expressed the skin-homing
marker CLA and sporadically expressed a tissue-recirculating
marker CD103.23–25 These observations were even more prom-
inent when we quantified the marker expression of each
epitope-specific cell population individually (i.e., when multiple
epitope-specific populations for each patient time point were
detected) (Figure 2D). Note that in this analysis, we observed
some MCPyV-specific cell populations to be highly elevated
for CD103 expression, which was not as readily apparent
when MCPyV-specific cells were aggregated within samples.
We also found that the expression levels of CD39, CLA, and
CD103 on MCPyV-specific cells were maintained over the
course of therapy (Figure 2C).
Notably, we also found that the phenotypes of CD8 T cells that

were specific for the non-oncogenic MCPyV capsid protein were
similar to MCPyV-oncoprotein-specific CD8 T cells. However,
these cells exhibited lower levels of activation markers such as
HLA-DR and CD71 and terminal differentiation markers such
as CD45RA and KLRG1. Viral capsid-protein-specific CD8
T cells, like their oncoprotein-specific counterparts, expressed
relatively high levels of CD39 in comparison to other bystander
T cells, which might be a result of persistent MCPyV capsid
expression in the tumor. To test this hypothesis, we analyzed
public MCC tumor RNA sequencing datasets and aligned gene
sequences of LTA, STA, and major capsid protein VP1 by em-
ploying the Basic Local Alignment Search Tool (BLAST).26–28

Expression of LTA and STA transcripts were detectable in
more than 90% of VP patients, with a much lower prevalence
of detection in VN patients (Figures S1J and S1K). Interestingly,
VP1 expression was identified in 30% of VP patients, whereas
none of the VN patients expressed detectable VP1 transcripts
(Figure S1L). This finding supports the notion that persistent
MCPyV capsid expression may contribute to the observed
phenotype of capsid-protein-specific CD8 T cells. Taken
together, MCPyV-specific CD8 T cells display a unique pheno-
type characterized by elevated expression of co-stimulatory
and inhibitory marker receptors and enrichment for CD39,
CLA, and CD103. The maintenance of these phenotypes
throughout the course of therapy suggests their potential as im-
mune biomarkers and therapeutic targets.

CD39+CLA+ CD8 T cells in blood as predictive
biomarkers for favorable clinical outcomes in patients
with MCC
Since the phenotypes of MCPyV-specific CD8 T cells remained
consistent across time points, we sought to explore if the decline
in MCPyV-specific cell frequencies could be attributed to
changes in the overall composition of the CD8 T cell compart-
ment, independent of antigen specificities detected by MHC
class I tetramers. In line with this, we observed notable alter-
ations in the composition of bulk CD8 T cells, specifically within
populations characterized by high expression levels of CD39,
CLA, and CD103 (Figure S2A). This was one indication that we
might be able to leverage our knowledge of the detailed pheno-
types of MCPyV-specific cells to identify high-dimensional
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Figure 2. Phenotypic profiling of MCPyV-specific CD8 T cells in patients with MCC
(A) UMAP embedding of CD8 T cells from all patients (left). Normalized expression of selected markers defining CD8 T cell clusters (right).

(B) MCPyV-specific (top) and CMV-specific (bottom) cells projected onto a UMAP embedding. Manually gated individual tetramer+ cells were concatenated.

(C) Expression of markers by indicated tetramer+ cells within CD8 T cells from individual patients over the course of pembrolizumab (top: C01 or baseline, middle:

C05, bottom: end of treatment [EOT]). Data are represented as mean ± SEM. LTA, large T antigen; STA, small T antigen; CMV, cytomegalovirus; HSV, herpes

simplex virus; EBV, Epstein-Barr virus.

(D) Expression of CD39, CLA, and CD103 by individual tetramer+ cells within CD8 T cells of MCPyV LTA and STA (n = 32), MCPyV viral protein (n = 17), CMV

(n = 41), EBV (n = 21), influenza (n = 12), and HSV (n = 9). Mann-Whitney test, *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001.
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Figure 3. Prognostic potential of CD39, CLA, and CD103 expression among CD8 T cells in the peripheral blood of patients with MCC
(A) Contour plots identifying CD39+CLA+ CD8 T cells by mass cytometry. CD8 T cells were defined and pregated as live/CD45+/CD19!/CD14!/CD3+/gdTCR!/

CD4!/CD8+. Representative data.

(B) Frequencies of CD39+CLA+ CD8 T cells prior to treatment in all patients. Data are represented as mean ± SEM; Mann-Whitney test.

(C) Frequencies of CD39+CLA+ CD8 T cells prior to treatment in VP patients. Data are represented as mean ± SEM; Mann-Whitney test.

(D) Frequencies of CD39+CLA+ CD8 T cells over the course of pembrolizumab in VP patients. Data are represented as mean ± SEM; Wilcoxon test.

(E) Linear regression analysis of frequencies of CD39+CLA+ CD8 T cells and frequencies of MCPyV-specific CD8 T cells (left) or baseline tumor burden (right) in VP

patients.

(F) Kaplan-Meier curve of progression-free survival in VP patients with high or low CD39+CLA+ CD8 T cells. Log-rank test.

(legend continued on next page)
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clusters of bulk CD8 T cells that could also be useful as bio-
markers for immunotherapeutic responses.
To identify unbiased correlates of clinical outcome, we con-

ducted clustering analysis (Figures S2B and S2C) followed by
regularized regression analysis using LASSO to identify high-
dimensionally defined clusters of CD8 T cells with frequencies
predictive of patient outcome (see STARMethods). This analysis
identified cluster 18 (CD39+CLA+) as a positive predictor of the
patient’s clinical outcome (Figure S2D). It is noteworthy that in
CR patients, the frequency of cluster 18 increased shortly after
the first post-therapy time point (C02) but declined post-treat-
ment (EOT). However, in PR and SD/PD patients, these cells per-
sisted at the same level or were even elevated (Figure S2E).
Since CD39 has been previously identified as a marker of tu-

mor-specific, terminally exhausted CD8 TILs and is highly ex-
pressed by patient MCPyV-specific cells, we initially investi-
gated whether the expression of CD39 in CD8 T cells alone
could serve as a predictor of patient response to therapy.19,20,29

We found that the baseline frequency of CD39+ CD8 T cells in CR
patients was associated with baseline tumor burden; however, it
did not show any correlation with the clinical outcome or viral
status of the patients (Figures S2F and S2G). After anti-PD-1
therapy, the frequencies of CD39+ CD8 T cells decreased in pa-
tients who achieved CR but remained the same or decreased in
patients who achieved PR and SD/PD (Figure S2H). Additionally,
the frequencies of CD39+ CD8 T cells in VP and VN patients
correlated with the patients’ baseline tumor burden (Figure S2I).
Further informed by the phenotypes of MCPyV-specific CD8

T cells, we hypothesized that CLA and CD103 could be used
to better delineate CD39+ CD8 T cells in blood samples, which
could improve our ability to identify biomarkers for predicting
the clinical prognosis of patients (Figure 3A). We found that the
frequencies of CD39+CLA+ CD8 T cells were higher in VP pa-
tients than in VN patients, suggesting a potential association
with MCPyV-driven tumors (p = 0.0032 Mann-Whitney test; Fig-
ure 3B). Similar to MCPyV-specific cells, the frequency of these
cells was higher at baseline in patients with VP MCC who
achieved a complete response to therapy (p = 0.0295 for CR
vs. PR; p = 0.0162 for CR vs. PD, Mann-Whitney test; Figure 3C)
and decreased over time, while the frequency of these cells re-
mained the same or increased after the therapy in patients with
PR or SD/PD (p = 0.0469 and p = 0.0096 Wilcoxon test; Fig-
ure 3D). This suggests that the presence of CD39+CLA+ cells
at baseline may indicate a favorable treatment outcome in
MCC. The frequencies of these cells were correlated with the fre-
quency of MCPyV-tetramer-positive cells, but not with baseline
tumor burden, unlike the total frequency of CD39+ CD8 T cells
(Figure 3E). This indicates a potential relationship between the

presence of these cells and tumor-specific responses in patients
with MCC that are not confounded by baseline tumor burden.
To validate the efficacy of CD39+CLA+ as a binary classifier

that can distinguish between complete response (CR) and non-
complete response (non-CR), we employed a receiver operating
characteristic curve (ROC) to estimate an optimal threshold for
classification (area under the curve [AUC] = 0.9028, p = 0.0053
for AUC > 0.5; Figure S3A). Note that the ROC analysis only
included VP patients due to the scarcity of CD39+CLA+ CD8
T cells in VN patients. By utilizing a threshold of 0.81% as deter-
mined by ROC analysis, we found that patients with a higher fre-
quency of CD39+CLA+ CD8 T cells prior to treatment achieved a
75% progression-free survival (PFS) rate at 3 years post-treat-
ment. In contrast, patients that fell below this threshold exhibited
a substantially lower PFS rate of 11% (Figure 3F; p = 0.0026 log-
rank test). Furthermore, patients with high CD39+CLA+ levels
demonstrated an overall survival rate of 100% at the 4 year
mark, while only 40% patients below the threshold achieved a
similar outcome (Figure S3B, left; p = 0.0285 log-rank test).
Notably, the significance of this predictor was retained even
when VN patients were included in the analysis, despite the
threshold being initially determined using VP patients (Fig-
ure S3C, left; p = 0.0026 log-rank test). These findings under-
score the potential utility and robustness of the frequency of
CD39+CLA+ CD8 T cells as a predictive marker for therapeutic
response.

CD39+CD103+ CD8 T cells in blood as a predictive
biomarker for poor clinical outcomes in patients with
MCC
A similar analysis of CD39+CD103+ CD8 T cells showed a
different association with clinical outcomes. That is, these cells
were present in both MCPyV-positive and -negative patients
and were found to be higher in patients with MCC with a poor
clinical outcome (Figures 3G–3I). The frequencies of these cells
slightly decreased (p = 0.0955) over the course of pembrolizu-
mab treatment in CR, but not in PR and SD/PD, patients (Fig-
ure 3J). Furthermore, frequencies of CD39+CD103+ among
CD8 T cells were correlated with baseline tumor burden and
changes in tumor burden (Figure 3K). Overall, this suggests
that the presence of CD39+CD103+ CD8 T cells may associate
with a less favorable response to treatment in MCC.
To validate the potential utility of CD39+CD103+ for binary

classification of responsiveness to PD-1 blockade, we deter-
mined an optimal threshold of 0.82% through ROC analysis
(AUC = 0.9444, p = 0.002 for AUC > 0.5; Figure S3A) for VP pa-
tients. Patients with a higher frequency of CD39+CD103+ CD8
T cells prior to treatment achieved a PFS rate of 10% at 3 years,

(G) Contour plots identifying CD39+CD103+ CD8 T cells bymass cytometry, CD8 T cells were defined and pregated as live/CD45+/CD19!/CD14!/CD3+/gdTCR!/

CD4!/CD8+. Representative data.

(H) Frequencies of CD39+CD103+ CD8 T cells prior to treatment in all patients. Data are represented as mean ± SEM; Mann-Whitney test.

(I) Frequencies of CD39+CD103+ CD8 T cells prior to treatment in VP patients. Data are represented as mean ± SEM; Mann-Whitney test.

(J) Frequencies of CD39+CD103+ CD8 T cells over the course of pembrolizumab in VP patients. Data are represented as mean ± SEM; Wilcoxon test.

(K) Linear regression analysis of frequencies of CD39+CD103+ CD8 T cells and frequencies of MCPyV-specific CD8 T cells (left) or baseline tumor burden (right) in

VP patients.

(L) Kaplan-Meier curve of progression-free survival in VP patients with high or lowCD39+CD103+ CD8 T cells. Log-rank test. *p < 0.05 and **p < 0.01. Each symbol

represents an individual patient.
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while patients falling below this threshold demonstrated a signif-
icantly higher PFS rate of 70% (Figure 4L; p = 0.0125 log-rank
test). This observation also held true when analyzing overall
survival (Figure S3B, right; p = 0.0453 log-rank test) and even
when including VN patients (Figure S3C, right; p = 0.0048 log-
rank test).

Since we discovered that these two phenotypically defined
cell subsets predict patients’ clinical outcomes in opposite di-
rections, we hypothesized that the ratio of their frequencies
would yield improved predictive accuracy. By employing an
optimal threshold of 0.695, inferred from ROC analysis of the
CD39+CLA+/CD39+CD103+ ratio (AUC = 0.9444, p = 0.0021 for
AUC > 0.5), we found that this ratio can indeed predict improved
PFS (Figure S3D) and overall survival (Figure S3E) in both VP (left)
and VN patients (right). Altogether, these findings suggest that
CD39+ cells co-expressing CLA or CD103 in blood could serve
as potential blood-based biomarkers of response to immuno-
therapy in patients with MCC.

Distinct tumor antigen-specificity of CD39+CLA+ and
CD39+CLA!CD103+ CD8 T cells in blood
Having identified two biomarkers with contrasting predictions for
patient clinical outcomes, we next sought to assess the antigen
specificity of these cells. Among VP patients at the baseline time
point, we observed that within the CD39+CLA+ cell populations,
approximately 5% of the cells bound to MCPyV tetramers. In
contrast, only 0.05% of the CD39+CD103+ cells showed MCPyV
tetramer positivity. This indicates that CD39+CLA+ CD8 T cells

are significantly enriched for MCPyV reactivity, despite the possi-
bility of false negatives affecting these frequencies (Figure S2J).
As an alternative method to test whether CD39+CLA+ and

CD39+CD103+ populations were enriched for tumor reactivity,
we used additional PBMC samples and sorted bulk CD8 T cells
into four subpopulations: (1) CD39!, (2) CD39+CLA!CD103!,
(3) CD39+CLA+CD103+/!, and (4) CD39+CLA!CD103+. These
subpopulations were sorted from the baseline blood samples
of VP CR patients (n = 5), and bulk T cell receptor (TCR)
sequencing was performed on the sorted populations to assess
the TCR repertoire. Depending on the sample, 5,000–100,000
cells were sorted for each population prior to bulk TCRa and -b
sequencing (analysis was focused on TCRb; seemethod details).
Additionally, we obtained TCRb clonotypes from patient-
matched tumors (n = 5) preserved in formalin-fixed, paraffin-
embedded (FFPE) samples (Figure 4A). All sorted populations
contained a range of singleton and expanded clones (Figure 4B),
and the number of detected clonotypes varied mostly as a func-
tion of thenumber of cells sorted (FigureS4A).However,whenwe
corrected for sampling biases using the true diversity method,
which considers both the number of clonotypes present and their
relative abundances, the effective number of clonotypes was the
lowest in CD39+CLA+ cells, followed by CD39+CLA!CD103+.30

This observation is consistent with some degree of clonal selec-
tion within these populations and indicates a more restricted
diversitywithinCD39+CLA+ cells (FigureS4B). To explore antigen
specificity, we compared the TCRb sequences of each group
to TCRs with known specificity in the VDJ database (see

Figure 4. TCR repertoire analysis of circulating CD39+CLA+ and CD39+CLA!CD103+ CD8 T cells from patients with MCC
(A) Experimental schematic. Bulk TCRb sequencing was performed on FFPE tumor biopsy samples (n = 5) obtained from patients with a complete response.

Patient-matched PBMC samples collected prior to treatment were subjected to flow-based sorting followed by RNA isolation, bulk TCRb sequencing, and RNA

sequencing.

(B) Pie chart illustrating the distribution of unique TCR clonotypes within each population of CD8 T cells.

(C) Frequency of bystander-like TCRb from each CD8 population determined by clustering and quantifying their connection frequency with VDJ database based

on sequence similarity (distance % 12). Data are represented as mean ± SEM; Mann-Whitney test.

(D) Frequency of tumor-like TCRb from each CD8 population determined by clustering and quantifying their connection frequency with patient-matched tumor

TCRb based on sequence similarity (distance % 12).

(E) Frequency of publicity determined by clustering and quantifying their connection with other patients based on sequence similarity (distance % 12). Data are

represented as mean ± SEM, Wilcoxon test. *p < 0.05 and **p < 0.01. Each symbol represents an individual patient.
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method details).31 TCRb sequences recovered from cells with
CD39+CLA+ and CD39+CLA!CD103+ phenotypes were less
frequently matched with the database receptors compared to
CD39! and CD39+CLA!CD103! cells (Figure 4C). This suggests
that CD39+CLA+ and CD39+CLA!CD103+ cells are less likely to
represent MCC-unrelated bystander T cells.
Next, to examine potential overlap of similar TCRb sequences

between tumor and blood populations, we computed the
Morisita-Horn indexes aswell as the pairwise sequencedistances
(TCRdist) among receptors and grouped highly similar sequences
into clusters of meta-clonotypes (Figures S4C‒S4E).32,33 The
number of clones recovered varied greatly among T cell popula-
tions (Figure S4A). Thus, before clustering to identify sequence
overlap, wenormalized repertoires to the clone count of the small-
est repertoires. After downsampling to correct for the variable
numbers of clonotypes detected in each of the samples,we found
thatCD39+CLA+andCD39+CLA!CD103+populations exhibiteda
similar degree of shared TCRb sequences with tumors compared
toCD39! andCD39+CLA!CD103!populations (Figure4D).Com-
parable results were obtained using the Morisita-Horn index, a
measure of sequence overlap, which corrects for the degree of
sampling (Figure S4C). Considering that the CD39– population—
but not the CD39+CLA+ or CD39+CLA!CD103+ population—
were found to be enriched for bystander activity in blood (Fig-
ure 4C) and in tumors,19,20,34 we infer that CD39+CLA+ and
CD39+CLA!CD103+ populations play a role in recognizing non-
bystander cells that infiltrate tumors, indicating their potential
specificity toward tumor recognition.
Lastly, to compare the clonal sharing of the CD39+CLA+ cells

(most correlated with MCPyV-specific cells and associated with
favorable clinical outcomes) to the CD39+CLA!CD103+ cells
(less correlated with MCPyV-specific cell frequencies and asso-
ciated with worse clinical outcomes), we calculated a publicity
score for each sample (see method details) to determine the
extent to which the clones within these two populations were
shared between individuals. From this, we observed that the
TCRs in T cells of CD39+CLA!CD103+ had low publicity
compared to TCRs in CD39+CLA+ (Figure 4E). This is consistent
with the hypothesis that CD39+CLA+ cells are enriched for
shared antigens such MCPyV-derived antigens, whereas
CD39+CLA!CD103+ might be more enriched for T cells that
recognize a range of private or patient-specific antigens. Addi-
tionally, we constructed sequence similarity networks from
TCRs derived from both the circulating CD39+CLA+ CD8
T cells and tumor samples to explore shared CDR3 motifs pre-
sent within and across individuals (Figure S4F). Highly similar
clusters of TCRs found across individuals can arise due to
convergent selection for shared epitope specificity for shared
viral antigens. Altogether, TCR sequence similarity analyses
revealing large public clusters of TCRs between blood and tumor
samples are consistent with the enrichment of T cells with viral or
tumor specificity among CD39+CLA+ and CD39+CLA!CD103+

CD8 T cell populations.

Differential transcriptional profiles of exhausted T cells
categorized by CLA and CD103 expression
Next, to gain insights into the roles of blood-derived T cell
populations with opposing predictive functions, we sought

to perform a more detailed comparison of the phenotype and
gene expression of profiles of CD39+CLA+ and CD39+CLA!

CD103+ CD8 T cells. We started by identifying differentially ex-
pressed protein markers in the mass cytometry data between
these populations that delineated a response. By examining
the ratio of median differential protein expression of these
cells (CD39+CLA+/CD39+CLA!CD103+) prior to treatment,
we observed that the frequencies of CD71 expression on
CD39+CLA+ cells were higher in CR patients compared to PR
or SD/PD patients. Conversely, frequencies of TIM3 expression
were higher in CD39+CLA!CD103+ cells among patients with
PR or SD/PD responses (Figure S2K).
To assess the functional states of these cells more compre-

hensively, we performed transcriptomic profiling on the same
sorted populations described for the TCR sequencing analysis
(Figure 4A). As expected, sorted populations with CD39 expres-
sion showed higher levels of ENTPD1, which encodes CD39
(Figure 5A), and CD39+CLA!CD103+ cells expressed higher
levels of ITGAE, which encodes the aE chain of CD103.
CD39+CLA+ cells expressed slightly higher levels of SELPLG,
which encodes one of the key components, PSGL-1, of CLA,
as well as ZNF683, which encodes the tissue-resident T cell tran-
scription factor HOBIT (Figure S5A).35,36

Pairwise comparison of defined differentially expressed genes
(DEGs) and subset-specific transcriptional signatures was per-
formed and summarized using principal-component analysis
(PCA) to highlight a distinct transcriptional program of
CD39+CLA!CD103+ cells compared to other subpopulations
(Figure 5B). CD39+CLA+ and CD39+CLA!CD103+ cell subsets
shared upregulated genes (DEGUP) with each other but fewer
with CD39! and CD39+CLA!CD103! subsets (Figure 5C). For
example,"40% of DEGs from CD39+CLA+ cells were also upre-
gulated in CD39+CLA!CD103+ cells, whereas less than 10% of
these genes were shared by CD39! and CD39+CLA!CD103!

subsets. This suggests that CD39+CLA+ and CD39+CLA!

CD103+ cells have a similar transcriptional program compared
to other subsets.
To analyze subset-specific biology, we clustered DEGs and

performed Gene Ontology analysis. Among the 5 clusters of
DEGs identified, cluster 1, which was most enriched within
CD39+ populations, contained canonical exhaustion signatures
such as TOX and CXCL13 (Figure 5D). In addition, Gene
Ontology (GO) biological pathway analysis revealed lymphocyte
activation/differentiation and cell adhesion features in cluster 1
(Figure 5E). Clusters 2 and 3 contained genes that were preferen-
tially upregulated in CD39+CLA!CD103+ and were enriched for
genes related to cell differentiation, activation, and apoptosis,
which is a signature of T cell dysfunction. Cluster 4 captured
genes that were downregulated in CD39+CLA!CD103+ and
included stemness/effector signature genes and cytokines.
Lastly, cluster 5 contained genes at low levels across all
CD39+ cell populations, which included metabolic-related path-
ways (Figures 5D and 5E).
Overall, when comparing the transcriptional profiles of

CD39+CLA+ and CD39+CLA!CD103+ subpopulations, we found
they both exhibited signs of exhaustion, which is in line
with CD39 being a marker of terminal exhaustion (Figures S5B
and S5C).29 The exhaustion scores of CD39+CLA+ and

Please cite this article in press as: Ryu et al., Merkel cell polyomavirus-specific and CD39+CLA+ CD8 T cells as blood-based predictive biomarkers for
PD-1 blockade in Merkel cell carcinoma, Cell Reports Medicine (2023), https://doi.org/10.1016/j.xcrm.2023.101390

Cell Reports Medicine 5, 101390, February 20, 2024 9

Article
ll

OPEN ACCESS



CD39+CLA!CD103+ cells were also higher than those of CD39–

and CD39+CLA!CD103! subsets (Figures 5F and S5D). When
contrasting these populations, CD39+CLA+ cells showed higher
signatures of stemness and effector function compared to
CD39+CLA–CD103+ cells (Figures 5F and S5E).37–39 Specifically,
CD39+CLA+ cells expressed higher levels of TIGIT, CTLA4, and
TBX21 thanCD39+CLA!CD103+ cells, which are often associated
with effector function. Additionally, these cells expressed higher
levels of IL7R and CCR7, which are associated with naive
or central memory CD8 T cells.40 Conversely, CD39+CD103+ cells

Figure 5. Distinct transcriptional signatures
of circulating CD39+CLA+ and CD39+CLA!

CD103+ CD8 T cells
(A) Expression of ENTPD1 in each CD8 T cell

population, normalized to those of CD39!.

(B) PCA projection of sorted CD39+CLA+, CD39+

CLA!CD103+, CD39+CLA!CD103!, and CD39!

CD8 T cells from each patient. Each symbol rep-

resents an individual patient.

(C) DEGUP overlaps between indicated pop-

ulations. Bubble size represents the proportion of

DEGsUP from each population (y axis) also found to

be upregulated in indicated subsets (x axis).

(D) Heatmap illustrating all DEGs (2-fold change,

p < 0.05, and false discovery rate [FDR] < 0.1)

clustered by using Pearson’s correlation matrix.

Color legend indicates Z scores.

(E) Pathway enrichment analysis of significantly

enriched pathways by log(q value) for each cluster

defined in Figure 4D. PCA, principal-component

analysis; DEG, differentially expressed gene.

expressed lower levels of effector cytokine
production (IFNG, TNF, IL2,GZMK,GZMB)
and stemnessmarkers (IL7R, TCF7, LEF1).
CD39+CLA!CD103+ cells also upregulate
the transforming growth factor b (TGF-b)
signaling pathway, which leads to the
CD39+CLA!CD103+ expression in T cells
needed for epithelial homing (FigureS5F).41

Since CD39+CLA!CD103+ cells exhibited
both tissue-resident markers (CD103
and ZNF683) and exhaustion markers
(TOX, NR4A1, LAYN, CXCL13, HAVCR2,
and TIGIT), we hypothesize that CD39+

CLA!CD103+ cells aremoreclosely related
to recirculating residentTand terminallyex-
hausted cells.22,36,42–46 A recent study has
shown novel transcription factors that
distinguish resident and terminally ex-
hausted cells.47 Expression of JDP2 and
NFIL3, which is only found in exhaustion
program rather than resident T cells, was
significantly higher in CD39+CLA!CD103+

than CD39+CLA+, suggesting that CD39+

CLA!CD103+ cells were terminally ex-
hausted rather than originating from typical
tissue-resident memory T cells (Figure 5G).
Of note, CD39+CLA+ and CD39+CLA!

CD103+ cells had comparable levels of CXCL13, which is known
to be associated with tumor reactivity (Figure 5F). Altogether,
these results suggest that CD39+CLA+ and CD39+CLA!CD103+

CD8 T cell populations have distinct transcriptional profiles and
functional characteristics.

DISCUSSION

Immune checkpoint therapy has shown significant advance-
ments in the treatment of patients with cancer; nevertheless,
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the impact of treatment on tumor-specific T cells and the identi-
fication of predictive biomarkers for patient response are lack-
ing. In this study, we utilized a mass-cytometry-based multi-
plexed peptide-MHC class I-tetramer staining approach to
analyze MCPyV-oncoprotein-specific T cells longitudinally in
the blood of 24 patients treatedwith PD-1 blockade. Our findings
revealed that patients with a higher frequency of baseline
MCPyV-specific cells have better clinical outcomes and that
the frequency of MCPyV-specific CD8 T cells decreased during
pembrolizumab treatment in complete responders. Additionally,
we identified two distinct populations of tumor-specific cells that
correlated with clinical outcomes: CD39+CLA+ cells, which posi-
tively correlated with MCPyV-specific cell frequencies and the
magnitude of clinical outcome, and CD39+CD103+ CD8 T cells,
which positively correlated with the baseline tumor burden and
negatively correlated with the magnitude of clinical outcome.
These findings suggest that MCPyV-specific cells, CD39+CLA+

cells, and CD39+CD103+ cells could serve as blood-based bio-
markers for predicting response to immunotherapy and as tar-
gets for novel cellular therapeutic strategies in patients with
MCC. Here, we discuss the potential reasons behind the corre-
lation of these populations with patient response to therapy
and their implications for the further development of therapy.
Previous studies have demonstrated the presence of MCPyV-

specific T cells in the tumor microenvironment of patients with
MCC, which is associated with improved clinical outcomes.9

However, studies of tumor-specific T cells in blood are limited
due to difficulties in identifying cancer-specific T cells and the
rarity of these cells in blood. Herein, we show that frequency of
tumor-specific T cells in blood positively correlated to response
to anti-PD-1 therapy. Of note, these results are supported by a
parallel study that showed that the frequency of MCPyV-specific
CD8 T cells in the blood correlated with pathological response in
a clinical trial of neoadjuvant anti-PD-1 therapy.48 We further
show that anti-PD-1 therapy reduced the frequency of MCPyV-
specific CD8 T cells in patients with complete response over
the course of pembrolizumab but had only a marginal change
in patients with PR. Phenotyping of these cells showed that
although MCPyV-specific cells in the blood were enriched for
various protein and gene expression profiles associated with ter-
minal exhaustion, they exhibited less exhaustion than would be
expected for tumor-infiltrating T cells and expressed genes
associated with a maintained effector function. Consistent with
our findings, other studies have shown that MCPyV-specific
cells found within tumors are at late stages of exhaustion and
do not strongly correlate with patient response to immuno-
therapy.48,49 Therefore, prior to initiating PD-1 blockade,
MCPyV-specific CD8 T cells in the blood could serve as a non-
invasive biomarker for predicting patient outcomes, as has
been reported in other cancer types.50,51

Our multimodal analysis provided insights into the complex
nature of CD8 T cells in patients with MCC, particularly those
with tumor-specific phenotypes and distinct co-stimulatory
and inhibitory receptor expression patterns. By comparing these
cells to bystander CD8 T cells, those recognizing common non-
MCC-associated viral antigens (e.g., CMV, EBV, HSV, and influ-
enza), we elucidated specific features unique to MCPyV-specific
cells. Notably, MCPyV-specific cells exhibited high expression

of the activation/exhaustion marker CD39, the skin-homing re-
ceptor CLA, and the tissue-recirculating marker CD103. This
observation suggests a potential role for these cells in the local
immune response within the skin, which is particularly relevant
since MCC is a skin cancer and the initial encounter of T cells
with the antigen is in skin-draining lymph nodes. Previous
research has linked CLA-expressing tumor-infiltrating T cells
with increased total T cell infiltration and highlighted the associ-
ation of MCC tumors lacking CLA expression with immune
evasion and poorer clinical outcomes. Our study found that
MCPyV-specific T cells expressed high levels of CLA, and the
frequency of CD39+CLA+ cells in the blood is associated with
the frequency of MCPyV-specific cells and is predictive of favor-
able immunotherapy clinical outcomes.
The finding that the presence of CD39+CLA+ CD8 T cells in the

blood is associated with favorable clinical outcomes suggests
that these cells play a crucial role in the immune response
against MCC. It is possible that these cells possess a higher de-
gree of tumor reactivity and that they retain their functional ca-
pacity, allowing them to effectively target and eliminate tumor
cells. The elevated expression of inhibitory receptors, such as
PD-1, TIGIT, andCTLA-4, in CD39+CLA+ cells indicates that their
activation and effector function may be regulated by immune
checkpoint signaling, aligning with recent findings in patients
with oral cancer.52 Therefore, combination therapies targeting
multiple inhibitory receptors could potentially enhance the anti-
tumor immune response mediated by CD39+CLA+ cells.
Interestingly, we identified a population of CD39+CD103+ CD8

T cells with otherwise similar high-dimensional phenotypes to
MCPyV-specific cells and CD39+CLA+ cells. The presence of
these cells in the tumor have been reported in various solid tu-
mors, such as non-small cell lung cancer, melanoma, breast
cancer, and ovarian cancer.19,20,53–56 Notably, these cells have
been demonstrated to be enriched for tumor reactivity and are
associated with improved survival and increased response to
PD-1 blockade. Tracking TCRs of these cells within tumors has
revealed dynamic changes in circulating T cells in response to
immunotherapy, with a higher frequency of these TCRs in pa-
tients with disease progression.57–59 We extended our analysis
beyond cell specificity and quantification, providing a compre-
hensive characterization of CD39+CD103+ cells in the blood
through CyTOF and bulk RNA sequencing. CD39+CD103+ cells
in the blood exhibited characteristics of terminal exhaustion,
including expression of PD-1, lack of cytokine production, and
stemness. These cells are associated with baseline tumor
burden and a worse clinical outcome. The expression of TIM3,
an inhibitory receptor, further supports their exhausted pheno-
type. Strategies aimed at reinvigorating these exhausted cells,
such as dual or triple immune checkpoint blockade, may be
necessary to enhance their functionality and improve patient re-
sponses to immunotherapy.
Understanding the phenotypic and functional characteristics

of tumor-specific T cells and their correlation with patient
response to immunotherapy has important implications for the
further development of therapy for MCC and other immunogenic
cancers. Our findings suggest that measuring the frequency of
MCPyV-specific cells, CD39+CLA+ cells, and CD39+CD103+

cells in the blood could serve as non-invasive biomarkers to
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predict patient responses to immunotherapy. These biomarkers
can aid in patient stratification and guide treatment decisions,
facilitating personalized therapeutic approaches for MCC.
Similar cell populations and CD8 T cell profiles might have
comparable utility in other cancer types. Therefore, we think it
could be worthwhile to monitor these or similar populations in
other contexts. These cell populations could also be useful for
rapid identification of patient-specific tumor-reactive T cells
and TCRs that could be used for the design of novel cellular ther-
apy strategies.60

Based on our findings, we propose that measuring CD8 T cells
expressing both CD39 and CLA in the bloodstream prior to treat-
ment can predict the frequency of MCPyV-specific cells and
positive clinical response to pembrolizumab. CD39, known for
its immunosuppressive role, has been suggested as a marker
for T cell activation and exhaustion. Our study revealed that
MCPyV-specific cells expressing CD39 and CLA associate
with a favorable clinical outcome. CLA, which guides memory
T cells back to the skin, has been associated with higher total
T cell infiltration and better clinical outcomes in MCC.61 In
contrast, we also identified a CD39+CD103+ CD8 T cell popula-
tion that is transcriptionally distinct and inversely correlated with
patient response to pembrolizumab. CD103, a resident memory
T cell marker that also mediates cell binding to epithelial and
endothelial cells, has also been implicated as a marker for tumor
reactivity in TILs19,62,63 and in blood64 in the context of other tu-
mor types. The association between the frequencies of these
cells and baseline tumor burden might partially explain their as-
sociation with poor clinical outcomes. In addition, perhaps
because of their more terminally exhausted profiles, these cells
might be less receptive to disinhibition by PD-1 blockade. We
believe this alignswell with a previous study showing that periph-
eral detection of TCR clonotypes corresponding to those of
terminally exhausted tumor-infiltrating T cells was also associ-
ated with poor clinical outcomes after immunotherapy.58

TCR sequencing analysis provided insights into the antigen
specificity of these T cell populations. Circulating CD8 T cells
shared significant TCRb sequences with tumor-infiltrating
T cells, indicating dynamic movement of T cells between the
bloodstream and the tumor. CD39+CLA+ cells showed a high
degree of clonal sharing and were correlated with MCPyV-
specific cells, suggesting their tracking of tumor-specific cells.
CD39+CD103+ cells displayed lower clonal sharing among pa-
tients andwerecorrelatedwithbaseline tumorburden, suggesting
that these cells might also be tumor reactive but possibly specific
for private non-viral antigens such as mutation-derived neoanti-
gens or other less ubiquitously expressed tumor-associated anti-
gens. However, this would need to be tested in further studies.

In summary, our study highlights the significance of MCPyV-
specific cells, CD39+CLA+ cells, and CD39+CD103+ cells as po-
tential blood-based biomarkers for predicting patient responses
to immunotherapy and as potential sources of tumor-specific
T cells and TCRs in MCC. These subsets of tumor-specific cells
exhibit distinct phenotypic and functional characteristics, which
may contribute to their correlation with differential responses to
immune checkpoint blockade. Understanding the implications of
these populations in the context of immunotherapy response
and their association with tumor burden and exhaustion status

can guide the development of more effective and personalized
treatment strategies for patients withMCC aswell other cancers.
Further investigation is warranted to validate these findings and
explore the therapeutic potential of targeting these tumor-spe-
cific cell populations in MCC and other cancer types.

Limitations of the study
The study has some limitations that should be considered when
interpreting the findings. Firstly, the study was based on a single
trial and involved a relatively small number of patients, which
may limit the generalizability of the results. An independent study
(Pulliam, Jani et al., manuscript submitted) has demonstrated
that the baseline MCPyV-specific cell frequencies can predict
immunotherapy responses in a separate clinical trial. However,
further validation of other predictive biomarkers is still required.
Additionally, the study did not assess the functional activity of
CD39+CLA+ or CD39+CD103+ CD8 T cells derived from blood
against MCC tumors. Finally, as this study was cross-sectional
in nature, it cannot establish causality or the direction of associ-
ations between the variables examined. Further mechanistic
studies are required to investigate how CD39+CLA+ and
CD39+CD103+ cells modulate the immune response to MCPyV
by pembrolizumab treatment. These studies should also
examine the detailed phenotypes and importance of MCPyV-
specific CD4 or other immune subsets affected by anti-PD-1.
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STAR+METHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

7-AAD BD Biosciences Cat# 559925, RRID:AB_2869266

APC/Cyanine7 anti-human CD14 Antibody (clone: M5E2) Biolegend Cat# 301820, RRID:AB_493695

APC/Cyanine7 anti-human CD19 Antibody (clone: HIB19) Biolegend Cat# 302218, RRID:AB_314247

BUV395 Mouse Anti-Human CD3 (clone: UCHT1) BD Biosciences Cat# 563546, RRID:AB_2744387

BUV805 CD4 Mouse anti-Human (clone: RPA-T4) BD Biosciences Cat# 742000, RRID:AB_2871299

BUV737 CD8 Mouse anti-Human (clone: RPA-T8) BD Biosciences Cat# 612755, RRID:AB_2870086

Brilliant Violet 711 anti-human CD39 Antibody (clone: A1) Biolegend Cat# 328228, RRID:AB_2632894

CD103 (Integrin alpha E) Monoclonal Antibody (B-Ly7), APC eBioscience Cat# 17-1038-42, RRID:AB_10670631

PE anti-human/mouse Cutaneous Lymphocyte Antigen

(CLA) Antibody (clone: HECA-452)

Biolegend Cat# 321312, RRID:AB_2565589

89 - CD45 (clone: HI30) Fluidigm Cat# 3089003, RRID:AB_2661851

110 - CD4 (clone: RPA-T4) Biolegend Cat# 300502, RRID:AB_314070

111 - CD8a (clone: RPA-T8) Biolegend Cat# 301002, RRID:AB_314120

112 - CD14 (clone: TuK4) Thermofisher Cat# MHCD1400, RRID:AB_10371749

113 - CD19 (clone: HIB19) Biolegend Cat# 302202, RRID:AB_314232

114 - CD56 (clone: REA196) Miltenyi Biotec Cat# 130-108-016, RRID:AB_2658728

115 - CD57 (clone: HNK-1) Biolegend Cat# 359602, RRID:AB_2562403

116 - CD3 (clone: UCHT1) Biolegend Cat# 300402, RRID:AB_314056

141 - CLA (HECA-452) Biolegend Cat# 321302, RRID:AB_492894

142 - HLA-DR (clone: L243) Biolegend Cat# 307602, RRID:AB_314680

143 - ITB7 (clone: FIB504) BD Biosciences Cat# 555943, RRID:AB_396240

144 - TIGIT (clone: MBSA-43) Thermofisher Cat# 16-9500-82, RRID:AB_10718831

145 - Granzyme K (clone: GM6C3) Santa cruz Cat# SC-56125, RRID:AB_2263772

TCR gamma/delta Monoclonal

Antibody (clone: 5A6.E9)

Thermofisher Cat# MHGD04, RRID:AB_1502165

146 - anti-PE (clone: PE001) Biolegend Cat# 408102, RRID:AB_2168924

147 - CCR10 (clone: 314305) R&D Cat# MAB3478, RRID:AB_2275692

148 - CD45RO (clone: UCHL1) Biolegend Cat# 304202, RRID:AB_314418

149 - CD161 (clone: HP-3G10) Biolegend Cat# 339902, RRID:AB_1501090

150 - KLRG1 (clone: 13F2F12) Thermofisher Cat# 16-9488-85, RRID:AB_2637116

151 - CD27 (clone: O323) Biolegend Cat# 302802, RRID:AB_314294

152 - ICOS (clone: C398.4A) Thermofisher Cat# 14-9949-82, RRID:AB_468637

153 - CD103 (clone: B-Ly7) Thermofisher Cat# 14-1038-80, RRID:AB_467411

154 - Granzyme B (clone: 2C5/F5) BD Biosciences Cat# 550558, RRID:AB_393751

156 - CD25 (clone: M-A251) Biolegend Cat# 356102, RRID:AB_2561751

158 - CXCR3 (clone: G025H7) Biolegend Cat# 353702, RRID:AB_10983073

160 - PD-1 (clone: eBioJ105) Thermofisher Cat# 14-2799-80, RRID:AB_763476

162 - TIM3 (clone: F38-2E2) Biolegend Cat# 345002, RRID:AB_2116574

165 - CXCR5 (clone: RF8B2) BD Biosciences Cat# 552032, RRID:AB_394324

168 - CCR7 (clone: 150503) R&D Cat# MAB197, RRID:AB_2072803

169 - CD45RA (clone: HI100) Biolegend Cat# 304102, RRID:AB_314406

171 - CCR5 (clone: HEK/1/85a) BioRAD Cat# MCA2175GA, RRID:AB_324205

172 - CD39 (clone: A1) Biolegend Cat# 328202, RRID:AB_940438

(Continued on next page)
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RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources and regents should be directed to and will be fulfilled by the lead contact, Evan W.
Newell (enewell@fredhutch.org).

Materials availability
All unique and stable reagents generated in this study are available to the scientific community upon request and following execution
of materials transfer agreement by contacting the lead contact.

Data and code availability
Bulk TCR sequencing, bulk RNA sequencing data discussed in this study have been deposited on Zenodo (Zenodo: https://doi.org/
10.5281/zenodo.8102089, https://doi.org/10.5281/zenodo.8104398). No original code was generated in this study. Further data that
support the finding of this study are available from the corresponding authors upon reasonable request.

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Patients and patient samples
All patients enrolled in this study providedwritten informed consent. Patients received pembrolizumab intravenously every 3weeks at
a dose of 2 mg/kg, for a maximum period of 2 years with radiologic assessment every 9 weeks. Investigators reported clinical re-
sponses based on CT scans per RECIST 1.1, as follows: complete response (CR), partial response (PR), stable disease (SD) or pro-
gressive disease (PD) based on imaging collected from time of enrollment to 08/01/2016. An initial responsewas confirmed by a serial
CT scan showing the same result to be considered a confirmed response. Blood samples were drawn for correlative laboratory an-
alyses. Peripheral blood mononuclear cells (PBMC) were cryopreserved after routine Ficoll preparation by a specimen processing
facility at the Cancer Immunotherapy Trials Network. Tumor viral status was defined by expression of Large T-antigen within the tu-
mor or by production of antibodies to small T-antigen as both are restricted to patients with MCPyV-positive tumors, as previously
described.66,67 All patients were HLA class I genotyped to determine eligibility for CD8 T cell specific MCPyV-tetramer screening

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

175 - Perforin (clone: B-D48) Fluidigm Cat# 3175004B, RRID:AB_2895147

176 - CD38 (clone: HIT2) Biolegend Cat# 303502, RRID:AB_314354

209 - CD16 (clone: 3G8) Fluidigm Cat# 3209002B, RRID:AB_2756431

Chemicals, peptides, and recombinant proteins

Merkel cell polyomavirus peptides Mimotopes Custom

Control viral peptides Mimotopes Custom

UV-cleavable MHC class I monomers Fred Hutchinson

Cancer Center

Custom

Streptavidin Fred Hutchinson

Cancer Center

Custom

Critical commercial assays

NucleoSpin! RNA Plus XS Takara Bio 740990

SMARTer! Human TCR a/b Profiling Kit v2 Takara Bio 634479

Illumina Truseq stranded mRNA library prep kit Illumina 20020594

Deposited data

Bulk TCR sequencing fastq This paper Zenodo: https://doi.org/10.5281/zenodo.8102089

Bulk RNA sequencing BAM This paper Zenodo: https://doi.org/10.5281/zenodo.8104398

Software and algorithms

FlowJo BD Biosciences V9.9.4 and V10.8.0

R R Foundation for Statistical

Computing

V4.2.1

GraphPad Prism GraphPad V9

tcrdist3 Mayer-Blackwell et al.32 https://github.com/kmayerb/tcrdist3

ggseqlogo Wagih et al.65 https://github.com/omarwagih/ggseqlogo
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(Bloodworks Northwest, Seattle, WA). No statistical methods were used to predetermine sample size. The experiments were not ran-
domized, and the investigators were not blinded to allocation during experiments and outcome assessment. The samples were pro-
vided by Cancer Immunotherapy Trails Network (trial registration: ClinicalTrials.gov NCT02267603) and the analysis was performed
according to the IRB file/approval number IR File #10686 (Table S1).

METHOD DETAILS

Epitope prediction and multiplexed peptide-MHC-I-tetramer preparation
Binding of epitopes of MCPyV LTA and STA proteins to HLA-A*01:01, HLA-A*02:01, HLA-A*03:01, HLA-A*11:01, HLA-A*24:02, HLA-
B*07:02 was predicted using the NetMHC4.0 algorithm.68 Candidate epitopes (8–11 amino acids) with a predicted affinity <500 nM
were selected and synthesized (Mimotopes). For MCPyV HLA-A*68:01, HLA-B*08:01, HLA-B*15:01, HLA-B*35:01, HLA-B*37:01,
B*57:01, MHC-I easYmers were purchased from immuAware.11 34 common viral epitopes from HLA-A*01:01, HLA-A*02:01, HLA-
A*03:01, HLA-A*11:01, HLA-A*24:02, HLA-B*07:02, HLA-B*08:01, HLA-B*35:01 were chosen based on the previous literatures
(Table S2).11,15,20,69

For multiplex MHC-I-tetramer staining, each tetramer was labeled with a combination of three metal-labelled streptavidin (SAV).17

Using ten different metal-labeled SAV, 120 possible combinations were generated. Each specific combination was associated with a
different peptide and HLA allele. Each metal-labeled SAV (50 mg/mL) was mixed for each combination using an automated pipetting
device (TECAN). In a 96well plate, peptide (1mM) was added to corresponding HLAmonomer (100 mg/mL), with a different peptide in
each well. The plate was exposed to UV (365 nm) for 10 min for peptide exchange and left overnight at 4 #C. For the tetramerization,
each peptide–MHC-I complex–metal-labelled SAV combination (50 mg/mL) was added in three steps according to the coding
scheme. Then, tetramerized peptide-MHC-I complexes were incubated with free biotin for 10 min (10 mM) (Sigma). All different tet-
ramers were combined and concentrated using a 50-kDa Amicon filter (Millipore). Before staining, the tetramer cocktail was filtered
using a 0.1-mm filter (Millipore).

Mass cytometry staining
Purified antibodies lacking carrier proteins were purchased according to the provided in the Key resources table. Antibody conjuga-
tion was performed according to the protocol provided by Fluidigm. SAV was expressed, purified and heavy-metal conjugated as
previously described.16 HLA-A*01:01, HLA-A*02:01, HLA-A*03:01, HLA-A*11:01, HLA-A*24:02 and HLA-B*07:02 monomer was re-
folded with appropriate UV-cleavable peptide and biotinylated as described. HLA-A*68:01, HLA-B*08:01, HLA-B*15:01, HLA-
B*35:01, HLA-B*37:01, B*57:01 were purchased from immunAware. Tetramerization was performed with metal-labeled SAV as pre-
viously described. PBMCs were thawed and enriched for T cells by Pan T cell isolation kit (removing cells expressing CD14, CD15,
CD16, CD19, CD34, CD36, CD56, CD123, and CD235a) using MACS LS columns (Miltenyi). Cells were then stained for cisplatin
(5 mM) in PBS for 5 min on ice, washed and incubated for 1h at room temperature with tetramer cocktails in FACS buffer (PBS,
0.5% BSA, 0.02% sodium azide). Cells were then incubated with primary and secondary surface antibodies cocktails for 20min
each on ice and fixed overnight in PFA 2%. The next day, cells were washed and permeabilized using permeabilization buffer
(eBioscience) and stained with intracellular antibodies for 30 min at room temperature followed by DNA staining for 30 min at
room temperature. Cells were washed three times with Cell Acquisition Solution (Fluidigm) and run on CyTOF (Helios, Fluidigm).

Mass cytometry data analysis
After CyTOF acquisition, which was performed as previously described,20 any zero values were randomized using a uniform distri-
bution of values between zero and!1 using an R script (as was the default operation of previous CyTOF software). Note also that all
other integer values measured by the mass cytometer are randomized in a similar fashion by default. The signal of each parameter
was then normalized based on the EQ beads (Fluidigm) as previously described. Cells were manually de-barcoded using FlowJo.

In line with the previously described method, we initially utilized an R script to identify tetramer positive cells.69 In brief, we deter-
mined the thresholds for identifying tetramer positive events in CD8 T cells by manually gating out the SAV-metal channel in FlowJo.
Based on the thresholds (Threshold X = Tx and Threshold Y = Ty) of every SAV-metal channel, the safety factors then
automatically identify the tetramer positive population of CD8 T cells using the pre-set geometric criteria (Y/X Slope = k, X/Y
Slope = k, and Width = w). The deconvolution algorithm excluded any tetramer positive cells that have less, or more than three
SAV-metals coding. All events which were identified as tetramer positive cells underwent manual cross-checking of their three
SAV-metal codes and HLA-allelic variants and then considered as validated antigen-specific CD8 T cells.

Samples were then used for UMAP analysis similar to that previously described using customized R scripts based on the ‘flow-
Core’ and ‘uwot’ R packages. In R, all data were transformed using the logicleTransform function (flowCore package) using param-
eters: w = 0.25, t = 16409, m = 4.5, a = 0 to roughly match scaling historically used in FlowJo. For heatmaps, median intensity cor-
responds to a logical data scale using the formula previously described. The colors in the heatmap represent the measured means
intensity value of a given marker in each sample. A seven-color scale was used with black–blue indicating low expression values,
green–yellow indicating intermediately expressed markers, and orange-red representing highly expressed markers. Samples
were then used for UMAP analysis similar to that previously described20 using customized R scripts based on the ‘flowCore’
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and ‘uwot’ R packages. In R, all data were transformed using the logicleTransform function (flowCore package) using parameters:
w = 0.25, t = 16409, m = 4.5, a = 0 to roughly match scaling historically used in FlowJo.

Cell sorting and RNA isolation
PBMCs were thawed and stained with Human TruStain FcX (Biolegend) for 10 min at room temperature followed by 20-min staining
on ice with fluorescent antibody cocktails (Key resources table). CD8 T cells were isolated by FACS sorting (BD Bioscience) and sub-
jected to RNA isolation (Takara). RNA purity was determined by assaying 1 mL of total RNA extract on a NanoDrop8000 spectropho-
tometer. Total RNA integrity was checked using an Agilent Technologies 2100 Bioanalyzer with an RNA Integrity Number (RIN) value.

Bulk TCR sequencing and data processing
RNA samples isolated from sorted CD8 T cell populations were subjected to TCR sequencing library preparation using SMARTer
Human TCR a/b Profiling Kit v2 (Takara Bio USA). Briefly, after isolatingmRNA from the sorted cells (NucleoSpin RNAPlus XS, Takara
Bio USA), cDNA was synthesized and amplified following manufacturer’s instructions. Quality of final libraries was assessed using
Agilent 2200 TapeStation with High Sensitivity D5000 ScreenTape, quantified using a Qubit Fluorometer (ThermoFisher) and
KAPA library quantification kit (Roche). The resulting libraries were sequenced on Illumina Miseq system (paired-end 300 bp).
Raw reads of sequence data were aligned and assembled using Cogent NGS Immune Profiler Software (Takara Bio USA).
We computed TCR distances between all recovered TCRb receptors using tcrdist3 software.32,33 Retaining all distances% 12 tcr

distance units (corresponding roughly to an edit distance of 1–2), we visualized a similarity network using the Python package net-
workX.70 We extracted the connected components within the sequence similarity network, and – for each connected component –
we sampled a background set of TCRs from umbilical cord blood71 with the same V- and J-gene usage to permit generation of
background subtracted CDR3 motifs, which emphasize conserved non-germline encoded residues. We exported the aligned
CDR3 motifs and used a custom R script (www.github.com/kmayerb/cdr3art/) to visualize each cluster CDR3 motif and gene usage
using R packages ggseqlogo65 (version 0.1.0) and ggsankey (https://github.com/davidsjoberg/ggsankey, version 0.0.9). True diver-
sity and Morisita-Horn index were calculated using R package immunarch.72 We used R 4.1.2.

Tumor T cell receptor sequencing
Pre-treatment formalin-fixed paraffin-embedded (FFPE) tumor biopsy material (20–25 mm thick molecular curls or material scraped
from pre-cut slides) were submitted to Adaptive Biotechnologies for genomic DNA extraction of tissue, TCRb sequencing and
normalization as previously described.73

Bulk RNAseq and data processing
mRNA sequencing libraries were prepared according to themanufacturer’s instructions (Illumina Truseq strandedmRNA library prep
kit). mRNA was purified and fragmented from total RNA (1ug) using poly-T oligo-attached magnetic beads using two rounds of pu-
rification. Cleaved RNA Fragments primedwith random hexamers were reverse transcribed into first strand cDNA using reverse tran-
scriptase, random primers, dUTP in place of dTTP. (The incorporation of dUTP quenches the second strand during amplification,
because the polymerase does not incorporate past this nucleotide.) These cDNA fragments then had the addition of a single ’A’
base and subsequent ligation of the adapter. The products were purified and enriched with PCR to create the final strand specific
cDNA library. The quality of the amplified libraries was verified by capillary electrophoresis (Bioanalyzer, Agilent). After qPCR using
SYBR Green PCR Master Mix (Applied Biosystems), we combined libraries that index tagged in equimolar amounts in the pool and
performed Nextseq 2000 sequencing system (Illumina) with 23 100bp read length. FASTQ files for each sample were mapped to the
reference genome (human hg19) by STAR aligner.74 The aligned results were further analyzed by NetworkAnalyst 3.0 to normalize
data and report differentially expressed genes.75 Genes with 2-fold change, p value < 0.05 and FDR<0.1 were selected for ontology
analysis.76 Data are visualized by R 4.1.2.
For LTA, STA, and viral capsid protein expression on tumor analysis, gene sequences of LTA, STA and VP1 were retrieved from the

NCBI database (Gene ID: 10987417; 10987419; 10987416, respectively) and bulk RNA sequencing data of MCC cell lines and tumors
were obtained from the SRA database.26,27 To align and compare the expression patterns, we employed the MegaBLAST algorithm
of the BLASTn suite from NCBI to identify highly similar sequences (Match/Mismatch Scores: 1, !2; Gap Costs: linear; suitable for
95% conserved) as previously reported.28,77

QUANTIFICATION AND STATISTICAL ANALYSIS

The statistical tests were conducted as per the specifications mentioned in each figure. To determine the optimal threshold for clas-
sifiers, ROC analysis was employed, which was represented as the distance from the linear line. Pearson (r) or Spearman (r) corre-
lation was used to determine linear concordance, and a two-sided t-test was used to see if the result was significantly different from
zero. All statistical analysis was carried out using R 4.1.2 or Prism 9.
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Figure S1. MCPyV-specific and MCC-unrelated antigen-specific CD8 T cell analysis, related to Figure 1 and 2. 
(A and B) Gating strategy used for mass cytometry coupled to multiplex MHC class I-tetramer staining of MCPyV LTA (A, left, 

MCC_26) MCPyV STA (A, right, MCC_8), CMV (B, top) and HSV (B, bottom). Representative data from one patient, respectively. 

(C) Heatmap of individual MCPyV epitopes detected across all virus-negative patients (n=6). 



(D) Frequencies of MCPyV-specific CD8 T cells amongst all VP and VN patients prior to the treatment. Data are represented as 

mean±S.E.M.. Mann-Whitney test. *p<0.05. Each symbol represents an individual patient. 

(E) Kaplan-Meier curve of overall survival in VP patients with detectable (>0.01%, violet) or undetectable (<0.01%, black) MCPyV-

specific CD8 T cells. Detection limit was determined by the highest frequency from virus-negative patients. Log-rank test.  

(F) Frequencies of MCPyV-specific CD8 T cells over the course of the therapy in VP patients with SD and PD. Data are represented 

as mean±S.E.M.. Wilcoxon test. 

(G) Frequencies of MCC-unrelated antigen-specific CD8 T cells over the course of the therapy in VP and VN patients. Wilcoxon test. 

(H) Expression of CD39, CLA and CD103 by concatenated PBMC-derived MCPyV-, influenza-, and CMV-specific CD8 T cells from 

all patients. 

(I) Representative UMAP embedding projections of HSV-specific (top) and influenza-specific (bottom) cells.    

(J-L) Frequencies of samples with detectable or undetectable expression of LTA (J), STA (K), and major capsid protein (VP1, L) 

among VP and VN cell lines and primary tumors.  

  



 
Figure S2. Phenotypic and high dimensional cluster analysis of CD8 T cells over the course of the therapy, related to Figure 3. 
(A) UMAP projections of CD8 T cells from P12 (top) and P6 (bottom) over the course of the therapy. Red arrows indicate the 

dynamics of CD8 T cell population.  

(B) UMAP embedding of CD8 T cells from all patients. Each cluster is shown in a different color. 

(C) Heatmap plot of marker expression from each cluster of CD8 T cells.  

(D) Frequencies of cluster 18 among VP patients. Mann-Whitney test. *p<0.05. Each symbol represents an individual patient. 

(E) Frequencies of cluster 18 of CR (left), PR (middle), SD/PD (right) over the course of the therapy in VP patients. 



(F) Frequencies of CD39+ CD8 T cells among VP patients. 

(G) Frequencies of CD39+ CD8 T cells among all patients. Mann-Whitney test. 

(H) Frequencies of CD39+ CD8 T cells of CR (left), PR (middle), SD/PD (right) over the course of the therapy in VP patients.  

(I) Linear-regression analysis of frequencies of CD39+ CD8 T cells and baseline tumor burden in VP patients. 

(J) Frequencies of MCPyV-specific cells among CD39+CLA+ and CD39+CD103+ CD8 T cells in VP patients at the baseline. 

(K) Heatmap of relative marker expression of CD39+CLA+ CD8 T cells in comparison to CD39+CD103+ CD8 T cells.  

  



 
Figure S3. Receiver operating characteristic (ROC) curves and Kaplan-Meier curves of various markers in MCC patients, 
related to Figure 3. 
(A) ROC curves for determining optimal threshold. Red dots indicate the optimal threshold chosen for classifiers. 95% confidence 

interval was determined by Wilson/Brown method. 

(B) Kaplan-Meier curves of overall survival in VP patients with high or low CD39+CLA+ (left) or CD39+CD103+ (right) CD8 T cells. 

Log-rank test.  

(C) Kaplan-Meier curves of progression-free survival in all patients with high or low CD39+CLA+ (left) or CD39+CD103+ (right) CD8 

T cells. Log-rank test. 

(D) Kaplan-Meier curves of progression-free survival in VP (left) or all (right) patients with high or low ratio of 

CD39+CLA+/CD39+CD103+ CD8 T cells. Log-rank test. 

(E) (D) Kaplan-Meier curves of overall survival in VP (left) or all (right) patients with high or low ratio of 

CD39+CLA+/CD39+CD103+ CD8 T cells. Log-rank test. 



 

 



Figure S4. TCRb sequence similarity network analysis of CD39, CLA and CD103 expressing subsets of CD8 T cells from MCC 
patients, related to Figure 4. 
(A) Number of TCRb clonotypes recovered from TCR sequencing prior to down-sampling. 

(B) True diversity indices of each CD8 T cell population.  

(C) Morisita-Horn indices with tumor of each CD8 T cell population. 

(D) Sequence similarity graphs from 5 patients colored by patients. Yellow lines indicate public edges and grey lines indicate private 

edges.  

(E) Sequence similarity graphs from 5 patients colored by each CD8 subset. Yellow lines indicate public edges and grey lines indicate 

private edges. Tumor (light gray); CD39+CLA–CD103– (black), CD39+CLA+ (pink), CD39+CLA–CD103+ (blue). 

(F) Representative logo plots of clusters of interest. Each symbol represents an individual clonotype. Tumor (red); CD39+CLA–

CD103– (blue), CD39+CLA+ (green), CD39+CLA–CD103+ (cyan). The lower logo shows position-specific frequency of each amino 

acid within the TCR cluster, and the upper logo plots represent the position-specific information content compared to CDR3β 

receptors, with the same V- and J-gene usages, randomly sampled from naive repertoires. 

 

  



 
Figure S5. RNA-sequencing analysis of CD39, CLA and CD103 expressing subsets of CD8 T cell from MCC patients, related 
to Figure 5.  
(A) Expression of ITGAE (left), SELPLG (middle) and ZNF683 (right) in each CD8 T cell population; results are normalized to those 

of CD39–. 

(B) Volcano plot of CD39+CLA+ and CD39+CLA–CD103+. Each dot corresponds to a specific gene. Red (CD39+CLA+) and blue 

(CD39+CLA–CD103+) dots represent genes with 2-fold change and p value<0.05. 

(C) Gene network analysis of CD39+CLA+ and CD39+CLA–CD103+ CD8 T cells. 

(D-F) Gene set enrichment analysis using the Molecular Signature Database. Naïve vs. Exhausted (GSE9650, D), Effector vs. 

Exhausted (GSE9650, E), Hallmark_Inteferon_gamma (E) and Hallmark_TGF_beta (F) were assessed.  
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Chapter 4: Circulating tumor-specific CD8 T cells share a transcriptional signature 
 
Saumya Jani, Carolyn Shasha, Tomas Bencomo, Thomas H. Pulliam, Ana Jojic, Candice Church, 
Ted Gooley, David M. Koelle, Evan W. Newell, Paul Nghiem 
 
 
CHAPTER SUMMARY: In this chapter, we explore a gene expression-based approach to 

translate our findings in chapters 2 and 3 to more common, mutationally-driven cancers. By 

thoroughly profiling antigen-specific CD8 T cells in Merkel cell carcinoma (MCC), we identify 98 

genes that are differentially expressed in circulating tumor-specific T cells pre-treatment. We 

observe that this gene set can comparably identify neoantigen-specific CD8 T cells across 

mutationally-driven cancers. This suggests that viral oncoprotein and neoantigens elicit similar T 

cell responses, which would allow us to translate our findings beyond MCC.  
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Abstract  
Recent data suggest that tumor-specific CD8 T cells in the blood are important for and 
predictive of response to anti-PD-1 therapies. However, as most cancers express patient-
specific tumor antigens, identification of tumor-specific CD8 T cells is not routinely feasible. In 
this study, we characterized tumor-specific CD8 T cells from blood of 17 patients with virus-
driven Merkel cell carcinoma. We identified 98 differentially expressed genes (named ‘SPoTT’ 
for signature of peripheral tumor-specific CD8 T cells) that were important for discriminating 
tumor-specific CD8 T cells from other T cells in treatment-naïve patients. We calculated SPoTT 
scores for all cells in our training dataset and identified an optimal score cutoff for distinguishing 
tumor-specific CD8 T cells. When tested in validation cohorts of MCC, as well as more common, 
mutationally-driven cancers, SPoTT was able to identify tumor-specific CD8 T cells with 
sensitivity and specificity above 75%. Additionally, SPoTT performed comparably to a gene 
signature based on neoantigen-specific CD8 T cells, suggesting similar anti-tumor T-cell 
phenotypes in neoantigen- and virus-driven cancers. Application of SPoTT to identify tumor-
specific T cells across multiple cancer types could allow personalization of treatment regimens 
based on patient-specific T cell characteristics.  
 
Keywords: Merkel cell carcinoma, Merkel cell polyomavirus, Tumor-specific CD8 T cells, PD-1 
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Introduction 
 
     Immunotherapies that target the PD-1 pathway are an important pillar of cancer treatment. 
However, only a small subset of patients experiences durable benefit from these treatments. 
Predicting which patients will respond to PD-1 blockade and identifying the relevant underlying 
mechanisms are major challenges in immune-oncology. One of the key roadblocks is the 
difficulty of identifying tumor-specific CD8 T cells. This is because most patient tumors are 
driven by unique, patient-specific mutations. Thus, identifying anti-tumor CD8 T cells requires 
either extensive functional testing or whole exome sequencing, prediction of HLA-restricted 
epitopes, and development of multimer reagents on a per-patient level. These approaches are 
infeasible for the large cohorts of patients needed to identify mechanisms of resistance. 
Development of efficient, clinically feasible approaches to identifying cancer-specific T cells 
could allow personalization of treatment regimens and improved responses to treatment.  

 
     Emerging data suggest that the frequency of cancer-specific T-cells in blood can predict anti-
PD-1 response1,2, suggesting an importance of these cells in the response to anti-PD-1. Given 
that several gene signatures of intratumoral tumor-specific CD8 T cells3-7and one gene 
signature of peripheral anti-tumor CD8 T cells in metastatic disease (NeoTCRPBL)8 have 
successfully been identified, we employed analogous approaches to characterize anti-tumor 
CD8 T cells in 17 treatment-naïve patients with advanced Merkel cell polyomavirus (MCPyV)-
driven Merkel cell carcinoma (MCC). We used virus-driven MCC as a model cancer as it offers 
significant advantages: (1) it is extremely immunogenic; (2) the viral oncoproteins are relatively 
small in size and shared across patients; (3) HLA-restricted epitopes have been mapped and 
multimer reagents developed; and (4) it has a low tumor mutational burden. Thus, with our suite 
of multimer reagents, we are able to detect a majority of the tumor-specific CD8 T cells across a 
large cohort of patients.  

 
     After characterizing viral oncoprotein-specific CD8 T cells from virus-driven MCC patients, we 
developed a 98-gene signature that could discriminate peripheral tumor-specific CD8 T cells 
from all other CD8 T cells prior to immunotherapy (called SPoTT) with high accuracy. We then 
tested whether SPoTT could be applied to tumor-specific CD8 T cells from mutationally-driven 
cancers and compared how well it performed relative to an existing neoantigen-specific CD8 T 
cell-gene signature. We found that SPoTT was able to identify anti-tumor CD8 T cells from a 
variety of cancer types and performed comparably to NeoTCRPBL, suggesting that tumor-
specific CD8 T cells have a unique transcriptional profile regardless of antigen class.  
 
  



Results 
 

Identification of a transcriptional signature of tumor-reactive CD8 T cells 
 
We performed single-cell cellular indexing of transcriptomes and epitopes (CITE) and T-

cell receptor (TCR) sequencing on flow cytometry-assisted sorting (FACS) purified CD8+ T 
cells from pre-treatment peripheral blood mononuclear cells (PBMC) from 17 patients with 
MCPyV-driven MCC (Supplementary Table 1). MCPyV oncoprotein-, CMV-, EBV-, and flu-
specific CD8 T cells were identified using a panel of HLA-matched multimer reagents 
(Figure 1A; Supplementary Table 2 and Supplementary Figure 1). CD8 T cells with 
diverse phenotypes were captured through this assay (Figures 1B, D). 80% of MCPyV-
specific CD8 T cells were found in cluster 7, which was marked by high expression of 
cytotoxic markers (e.g., GZMK), exhaustion-associated molecules (e.g., TOX), and inhibitory 
markers (e.g., ENTPD1, PDCD1); and low expression of stem/memory markers (e.g., FOS, 
JUN, and IL7R) (Figures 1C, D). Comparatively, other virus-specific CD8 T cells were 
enriched in effector-memory (TEM) and effector-memory re-expressed CD45RA (TEMRA) 
clusters (Figures 1C, D).  

 
To identify genes enriched in MCPyV-specific CD8 T cells, we performed differential gene 

expression analysis comparing cluster 7 to all other clusters. Genes involved in cell 
activation, cytotoxic function, metabolism, and mobility were enriched in cluster 7, while 
genes related to stemness and memory were downregulated (Figure 2A). To develop a 
gene signature that could discriminate tumor-specific CD8 T cells, we took all 208 genes 
with a log2 fold change (log2FC) greater than 0.5 in cluster 7 (Supplementary Table 3), 
calculated a gene enrichment score using UCell9, and performed receiver operator 
characteristic (ROC) curve analysis using multimer-determined specificity as the gold 
standard, as this is currently the most accurate way of identifying antigen-specific T cells. 
Next, we iteratively removed one gene from the list and repeated the gene score enrichment 
and ROC analysis. All genes that resulted in a lower area under the curve (AUC) when 
removed were retained (Supplementary Table 4). This resulted in a 98-gene signature, 
SPoTT (Supplementary Table 5), and improved AUC scores from 0.93 to 0.96 (Figure 2B). 
To confirm that that our gene set enrichment algorithm (AUCell) was able to identify tumor-
specific CD8 T cells, we calculated SPoTT scores for all cells in the training dataset. We 
indeed observed that the SPoTT score was enriched in cluster 7 and MCPyV-specific CD8 T 
cells (compared to other viral-specific CD8 T cells and those of unknown specificity; Figures 
2C, D). To apply SPoTT to other cohorts, we used ROC curve analysis to identify an optimal 
score cutoff. A score cutoff of 0.34 resulted in a specificity of 88% and sensitivity of 94.2%.  

 
 



 
Figure 1. Characterization of peripheral MCPyV-specific CD8 T cells.  
A. Pre-treatment PBMC were stained with HLA-matched MCPyV oncoprotein-, CMV-, EBV-

, and flu-specific CD8 T cells and DNA barcoded antibodies against cell surface proteins. 
Tetramer-binding and a subset of non-tetramer binding CD8 T cells were sorted, and 
single-cell CITE and TCR sequencing was performed.  

B. UMAP plot of CD8 T cells with clusters labeled with numbers and specific phenotypic 
regions labeled.  

C. UMAP plot of CD8 T cells colored by T cell specificity (MCPyV = blue; CMV, EBV, or Flu 
= red; unknown specificity = gray).  

D. UMAP plots highlighting expression of key markers used to designate phenotypic 
regions in panel B.  



 
Figure 2. Development of a transcriptional signature (SPoTT) for MCPyV-specific CD8 T 
cells.  
A. Volcano plot of genes upregulated and downregulated in cluster 7 (compared to all other 

clusters).  
B. Improvement in ROC curves after narrowing down 208 upregulated genes to 98 genes most 

important for discriminating tumor-specific CD8 T cells (termed ‘SPoTT’).  
C. UMAP plot colored by gene expression score.  
D. Violin plots of gene expression score across CD8 T cell specificities (**** p-value < 0.0001) 



Validation of SPoTT in independent cohorts of patients with MCC 
 
     To test how well SPoTT performed in independent patient cohorts, we used previously  
published single-cell RNA sequencing data from 8 virus-driven MCC patients1. We 
calculated a SPoTT score for each CD8 T cell and observed enrichment of SPoTT in cells 
that bound to MCPyV oncoprotein-specific multimers in the blood, but not in the tumor 
(compared to CMV-specific CD8 T cells or those of unknown specificity; Figure 3A). We 
used our training cohort-determined cutoff to identify SPoTT-predicted tumor-specific CD8 T 
cells. Using MCPyV oncoprotein multimer-binding as the gold standard, we observed a 
sensitivity of 84% and specificity of 85% in blood-derived CD8 T cells (Figure 3B).In 
contrast, in tumor-infiltrating CD8 T cells, we observed a sensitivity of 57% and specificity of 
49% (Figure 3B). Taken together, this suggests that SPoTT is specific for peripheral CD8 T 
cells.  
 

Next, we sought to determine if SPoTT could recognize tumor-specific CD8 T cells post-
immunotherapy treatment. We performed scCITE and TCR sequencing, using multimers to 
determine T cell specificity, on longitudinal samples taken either 3 or 15 weeks after initiation 
of pembrolizumab. We observed a significant drop in sensitivity at both timepoints (from 
94% at baseline to 67% 3 weeks post-treatment and 39% 15 weeks post-treatment; Figure 
3C).  

 



 
Figure 3. SPoTT is specific to tumor-specific CD8 T cells in pre-treatment blood in 
MCPyV-driven MCC.  
A. Violin plots of gene expression score across CD8 T cell specificities and site of origin in the 

MCC validation cohort.  
B. (Top) Bar charts of true positive (sensitivity) and true negative (specificity) rates for MCC 

training and validation cohort. (Bottom) ROC curves for MCC training and validation cohort. 
C. (Top) Bar charts of true positive (sensitivity) true negative (specificity) rates for at baseline 

and post-ICI timepoints. (Bottom) ROC curves for baseline and post-ICI timepoints. 
**** = p=value < 0.0001, n.s. = p-value > 0.05 



SPoTT identifies peripheral neoantigen-specific CD8 T cells in mutationally-driven cancers 
 
     In order to test if MCC gene signature could identify tumor-specific CD8 T cells in various 
mutationally-driven cancers, we used previously published data from PBMC of patients with 
breast cancer, colon cancer, and rectal cancer8. Similar to the MCC validation cohort, we 
applied SPoTT to identify predicted tumor-specific CD8 T cells. We observed an enrichment 
of SPoTT in neoantigen-specific CD8 T cells, compared to those of other viral or unknown 
specificity (Figure 4A). When SPoTT predictions (based on the MCC training cohort-
determined cutoff) were compared to neoantigen-specific CD8 T cells, we observed that 
SPoTT identified neoantigen-specific CD8 T cells with a sensitivity of 80% and a specificity 
of 76% (compared to a sensitivity of 84% and a specificity of 85% in the MCC validation 
cohort; Figure 4B). We then compared performance of SPoTT to a gene expression 
signature developed from this dataset, NeoTCRPBL.8 NeoTCRPBL is able to identify MCPyV-
specific CD8 T cells with a sensitivity of 66% and a specificity of 88% (compared to a 
sensitivity of 72% and a specificity of 92% in the NeoTCRPBL training cohort; Figure 4C). 
When applied to both the NeoTCRPBL training dataset and SPoTT training and validation 
datasets, we observed comparable accuracy (Figures 4D and E). Finally, we compared the 
scores from both SPoTT and NeoTCRPBL per cell and observed significant correlation (i.e., 
both algorithms assign low scores to the same cells and high scores to the same cells; 
Figures 4F and G). This suggests that viral oncoprotein- and neoantigen-specific CD8 T 
cells have similar anti-tumor functional capacities that can be detected via gene expression 
levels.  
 



 
Figure 4. SPoTT recognizes neoantigen-specific CD8 T cells from mutationally-driven 
cancers.  
A. Violin plots of gene expression score across CD8 T cell specificities in a mutationally-

driven cancer cohort.  
B. Bar charts of true positive (sensitivity) and true negative (specificity) rates for MCC 

validation and mutationally-driven cancer cohorts using SPoTT.  
C. Bar charts of true positive (sensitivity) and true negative (specificity) rates for MCC 

validation and mutationally-driven cancer cohorts using NeoTCRPBL. 
D. ROC curves comparing NeoTCRPBL and SPoTT in identifying neoantigen-specific CD8 

T cells in NeoTCRPBL training cohort.  
E. ROC curves comparing NeoTCRPBL and SPoTT in identifying MCPyV-specific CD8 T 

cells in SPoTT training cohort.  
F. Dot plots comparing SPoTT and NeoTCRPBL scores in the SPoTT training cohort.  
G. Dot plots comparing SPoTT and NeoTCRPBL scores in the NeoTCRPBL training cohort. 



Conclusion 
 

Summary 
 
     Unlike most T cells that are transiently activated and then contract once the infection is 
cleared, tumor-specific CD8 T cells are persistently activated by tumor cells. This chronic 
exposure to their cognate antigens results in activation of distinct cellular programs, which 
can be assessed by transcriptomic analyses. Along the same lines, tumor-specific CD8 T 
cells that predominantly reside in the tumor vary in phenotype and function from those found 
in the blood1,8. While many groups have characterized intratumoral tumor-specific CD8 T 
cells3-7, the phenotype of peripheral tumor-specific CD8 T cells has only been studied via 
single-cell RNA sequencing in the context of metastatic disease8. This is largely because 
tumor-specific CD8 T cells are found at much lower frequencies in the blood compared to 
the tumor and are thus more difficult to detect. In this study, we profiled peripheral tumor-
specific CD8 T cells from 17 patients with virus-driven MCC prior to immunotherapy. We 
observed that peripheral tumor-specific CD8 T cells were phenotypically similar (Figure 1C) 
and marked by high expression of cytotoxic effector functions, exhaustion-associated 
molecules, and inhibitory receptors, as well as low expression of stemness and memory 
markers (Figure 2A). This profile may be a result of (1) lymph node-activated T cells that are 
trafficking to the tumor (e.g., SELL (L-selectin) is upregulated on these tumor-specific CD8 T 
cells); (2) T cells transiently activated by material shed by tumor cells; or (3) T cells re-
circulating from the tumor.  
 
     Via differential gene expression analysis, we identified 98 genes (SPoTT) that could 
discriminate tumor-specific CD8 T cells from all other CD8 T cells with a sensitivity and 
specificity of 84% and 85% in an independent, validation cohort of MCC patients (Figure 
3B). We additionally determined that SPoTT could not identify tumor-specific CD8 T cells in 
the tumor or at post-immunotherapy timepoints (Figure 3), establishing specificity for 
baseline, peripheral anti-MCC CD8 T cells. This also suggests that immunotherapy induces 
transcriptional changes that result in a different T cell phenotype.  
 
     Additionally, SPoTT was able to identify neoantigen-specific CD8 T cells in tumor 
samples from multiple mutationally-driven cancers with comparable accuracy to NeoTCRPBL 
(Figure 4). Incorporation of this gene set into transcriptomic studies can allow direct study of 
the numerically lower, but more relevant tumor-specific CD8 T cell population in 
transcriptomic studies. Additionally, in combination with TCR sequencing, it can also allow 
high-throughput identification of tumor-specific TCRs for adoptive cell therapies, as well as 
TCR bispecific and TCR mimic drugs.  
 

  



Future directions 
 
     While our study can enhance cancer immunology research, single-cell RNA sequencing 
techniques cannot yet be applied in a clinical setting. We can, however, take advantage of 
the relatively unbiased nature of transcriptomic analyses to develop flow cytometry panels, 
informed by our tumor-specific T cell gene set, that can be implemented in a clinical lab. 
Promisingly, two studies of neoantigen-specific CD8 T cells8 and viral oncoprotein-specific 
CD8 T cells2 identified high expression of CD45RO, CD39, HLA-DRA, and PD-1 via 
CITEseq and CyTOF, respectively. Validation and incorporation of additional cell surface 
markers may allow us to efficiently quantify tumor-specific CD8 T cells.  
 
     Additionally, a comparison of differentially expressed genes reported in intratumoral vs. 
peripheral tumor-specific CD8 T cells may allow identification of novel immune checkpoints 
and therapeutic targets. A comparison of the gene sets discussed here (our MCC gene set 
and those previously published) identified the following genes as being present in tumor-
derived signatures, but absent in blood-derived signatures: KLRD1, TNFRSF1B, RAB27A, 
SYTL3, SAMSN1, BATF, CCL3, PHLDA1, CRTAM, CXCR6, TPI1, GAPDH, and CXCL13. 
While some of these have been extensively reported to be expressed on intratumoral tumor-
specific CD8 T cells (e.g., CXCL1310-15), others have been less studied and could be 
candidates for further investigation. As an example, TNFRSF1B was recently reported as a 
T cell exhaustion marker associated with poor prognosis in ovarian cancer16. Mouse studies 
demonstrated that TNFRSF1B suppressed interferon-γ production and promoted tumor 
growth. Similar analyses could identify other genes critical to immunotherapy response.  
 
     While the differentially expressed gene list was chosen based on a log2-fold change > 
0.5, it is possible that subtle fold-changes in some genes could be more important than large 
fold-changes in irrelevant genes. Rapidly advancing machine learning technologies could be 
used in the future to refine tumor-specific gene sets in a more unbiased manner. 
Additionally, we did not observe a significant improvement in predictive capability when 
downregulated genes were included, though it is possible that their use with upcoming 
technologies could prove beneficial. Further refinement of the gene set could allow a more 
quantitative assessment of tumor-specific CD8 T cells and allow us to estimate the 
frequency of these cells in a patient. Previous reports have suggested an association 
between frequency of tumor-specific CD8 T cells in blood pre-treatment and response to 
anti-PD-(L)11,2. Thus, with further refinement, it may be possible to develop a clinical assay 
that can rationally stratify patients for immunotherapy and prioritize patients unlikely to 
respond for alternate or synergistic treatments. Additionally, it may also allow us to track T 
cell response to therapeutic vaccinations and other T cell modulating treatments.  
 

  



Limitations of study 
 
     While relatively large in comparison to other tumor immunology studies that characterize 
patient samples at single-cell resolution, this study is nevertheless limited by sample size. 
Although we observed similar phenotypes in tumor-specific CD8 T cells from 25 MCC 
patients (17 in the training cohort and 8 in the validation cohort) and 6 patients with 
mutationally-driven cancers (from a previously published study), these are still relatively 
small numbers compared to the entire cancer patient population. Thus, it is possible that the 
identified gene set will not translate well to all other patients with cancer. 
 
     Additionally, our previous work in MCC17 and many previously published studies relied on 
activation and/or expansion of T cells to identify HLA-restricted tumor epitopes or tumor-
specific TCRs, which were then used to assign tumor-specificity in the analyzed studies. 
Thus, these studies could be biased towards T cells that are at an earlier stage of 
exhaustion and have not lost their ability to response to stimulation by their cognate antigen. 
Additionally, while multimer reagents have been shown to correlate with cytotoxicity, we do 
observe an increase in non-specific staining when these reagents are conjugated with DNA 
oligomers. For both of these reasons, tumor-specific CD8 T cells could have been labeled 
“unknown,” or non-tumor-specific CD8 T cells designated “tumor-specific,” confounding the 
sensitivity and specificity values reported in this study. While we have observed that our 
chosen score cutoff is translatable for other datasets, it is possible that the chosen cutoff of 
0.34 is not the most appropriate if datasets are processed differently and/or if different gene 
set enrichment methods are used. Should this be a problem for any potential users of this 
gene set, our training dataset can be integrated with their data and a cutoff can be chosen 
based on ROC curve analysis (using our multimer-based specificity assignments as the gold 
standard).  

 
Methods 
 

Study participant details 
The samples in the training cohort were collected as part of a pembrolizumab trial 

(NCT0226760318,19) and analyzed per IRB protocol #6585 (Fred Hutch Cancer Center). 
Briefly, eligibility criteria included: (1) at least 18 years old; (2) unresectable metastatic or 
recurrent locoregional MCC; (3) an Eastern Cooperative Oncology Group performance 
score of 0 or 1; (4) normal organ and bone marrow function; (5) no history of previous 
systemic treatment for MCC; (6) no immunosuppression, autoimmune disease, or 
concurrent second cancer.  
 
Blood collection and processing 
     PBMC were isolated from whole blood by routine Ficoll density gradient centrifugation 
and cryopreserved in liquid nitrogen at the Specimen Processing Lab (FHCC). 



 
Single-cell RNA sequencing sample preparation  

Single cell suspensions of PBMC samples were analyzed by cellular indexing of 
transcripts and epitopes by sequencing (CITEseq). Frozen PBMC tubes were thawed at 37 
C for 2 minutes. 1 ml of complete media (RPMI, 10% Fetal bovine serum, 1x 
penicillin/streptomycin, 1x l-glutamine) was then added in a dropwise manner. The samples 
were then transferred to 50-ml conical tubes and equal volume of complete media was 
continuously added 4 additional times (dropwise with gentle mixing in between additions 
(total volume of 32 ml). Cells were then washed twice with phosphate-buffered saline (PBS) 
and transferred to FACS tubes (Fisher Scientific). Cells were then stained with a viability 
marker (FVS780; BD Biosciences) and blocking buffer (0.5% BSA, 5% TruStain FcX buffer 
(Biolegend), 100 nM dasatinib, and 0.05mM of biotin). After a 10-minute incubation on ice, 
DNA barcode-labeled HLA-matched HLA-I multimers (custom ordered from Immudex) were 
added. After a 5-minute incubation of ice, the following reagents were added: (1) 
fluorophore-labeled antibodies to allow sorting of live, CD8+ T cells; (2) hashtag antibodies 
to deconvolute sample of origin from sequencing data after subsequent pooling steps, and 
DNA barcode-labeled antibodies for measurement of cell surface proteins. Cells were then 
incubated on ice for 30 minutes and washed three times. An Aria II Cell sorter (BD 
Biosciences) was used to sort live, CD3+CD8+ lymphocytes into cold complete media. All 
multimer-binding CD8 T cells and a subset of bulk CD8 T cells were sorted from each 
patient. All samples were pooled and immediately prepared for sequencing.  
 
Library preparation and sequencing 

Sorted cells were then counted, aliquoted according to manufacturer specifications, and 
mixed with the appropriate primers and enzymes (10x Genomics). These suspensions were 
then loaded into the appropriate microfluidic chip (chip K; 10x Genomics) and run through a 
Chromium controller to obtain Gel Beads-in-Emulsion (10x Genomics). Libraries single-cell 
CITE sequencing and paired single-cell V(D)J sequencing for T-cell receptor (TCR) 
clonotypes were prepared using the 5′ transcriptome kit with feature barcoding (v2; 10x 
Genomics). The complementary DNA libraries were then sequenced using a NovaSeq S1 
instrument (Illumina) with paired-end reads aiming for an average of 20,000 reads per cell 
for the gene expression library and 5,000 reads per cell for the V(D)J and cell surface 
libraries. 
 
HLA multimer gating and analysis 

To identify antigen-specific CD8 T cells in single-cell RNA sequencing data, HLA-I 
multimer unique molecular identifiers (UMIs) counts were plotted. Log-transformed counts 
for each HLA-I multimer were plotted against all other multimers of the same HLA-I allele 
(Supplementary Figure 1). This allowed us to exclude cells that non-specifically bound to 
the HLA-I allele. Appropriate count cutoffs were then visually assessed for each sample, and 
independently confirmed by a second person (T.H.P.). TCRβ sequences of multimer-positive 



cells were then compared to TCRs of known specificity in the VDJ database20 as validation 
for our multimer-based specificity calls.  

 
Single-cell RNA sequencing data analysis 

Raw sequencing reads were aligned to the hg38 genome using Cell Ranger v.6.1.1. 
Filtered counts matrices of transcripts and feature barcoding counts were analyzed in R 
(v4.2.3) using Seurat (v4.3.0.1). Sample of origin was deconvolution using the HTODemux 
function. Doublets were detected using DoubletFinder (v.2.0.3). Doublets identified via 
HTODemux and DoubletFinder were excluded from further analysis. Cells that had more 
than 10% mitochondrial DNA were presumed to be of low quality and removed. 
Comparisons of excluded and kept cells were performed to ensure no cell populations were 
disproportionally removed.  
 

Cells from different 10x runs were then combined into a single Seurat object. Gene 
expression data was batch correction using Harmony21 (v0.1.1) and data DNA-barcoded 
antibodies was normalized using the dsb package22 (v1.0.3). UMAP dimensionality reduction 
and clustering was performed using the Harmony-corrected values. Differential gene 
expression analysis was performed using Seurat’s FindMarkers function. Cells were scored 
for gene sets using the UCell (v.2.2.0) package.  

 
     Plots were made using Seurat (v.4.3.0.1) or ggplot2 (3.4.4).  

 
Statistics 

Two-sided statistical tests were applied unless specified otherwise. T tests were used to 
compare differences between two groups unless otherwise noted. When comparing more 
than two groups, the nonparametric Kruskal–Wallis test was used. The Benjamini–Hochberg 
method was used to correct for multiple tests. ROC curve analysis was used to measure 
classification accuracy. All statistical analysis was carried out using R v.4.2+. 
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Supplementary Figure 1. Example dot plots assigning tetramer-specificity. 
All cells in blue are assigned to the multimer reagent on the y-axis and all cells in red are 
assigned to the multimer reagent on the x-axis.  
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Supplementary Table 3 not shown for length.  
 



Supplementary Table 4. ROC metrics for gene lists when one gene was iteratively removed. 
Gene removed Area Under the Curve (AUC) Specificity Sensitivity
None 0.932270705 0.90981062 0.82727273
HLA-DRA 0.931712342 0.90142813 0.83030303
CD74 0.931478084 0.90670599 0.82727273
GZMK 0.930783071 0.90204905 0.82727273
HLA-DRB1 0.931468911 0.90717169 0.82727273
COTL1 0.930727564 0.90298044 0.82727273
CDCA7 0.932252124 0.90981062 0.82727273
HLA-DRB5 0.9318457 0.91136293 0.82121212
PCLAF 0.932311159 0.90981062 0.82727273
HLA-DMA 0.932182035 0.9057746 0.82727273
CD27 0.931205724 0.89739211 0.83333333
FABP5 0.93211806 0.90655076 0.82727273
GZMA 0.932857291 0.91074201 0.82727273
GAPDH 0.9323248 0.90950016 0.82727273
CORO1A 0.932362197 0.90779261 0.82727273
TNFRSF9 0.931844994 0.90981062 0.82727273
ANXA5 0.932208612 0.90887923 0.82727273
PFN1 0.932755214 0.90965539 0.82727273
HLA-DPA1 0.931816771 0.90515368 0.82727273
TYMS 0.932319626 0.90981062 0.82727273
DUSP4 0.931228068 0.90981062 0.82424242
HLA-DPB1 0.931830647 0.89025147 0.84545455
HLA-DQA1 0.931914613 0.91058677 0.82424242
UCP2 0.93231845 0.88916486 0.84545455
ACTB 0.932352554 0.90981062 0.82727273
PPP1CA 0.932574111 0.90391183 0.83333333
LIME1 0.931968709 0.90592984 0.82727273
MXD4 0.931941661 0.90655076 0.82727273
ARHGDIB 0.932405003 0.90918969 0.82727273
SIRPG 0.932192854 0.91012108 0.82727273
CFL1 0.932792141 0.90950016 0.82727273
TMSB10 0.932317509 0.90981062 0.82727273
PSME2 0.932615506 0.908724 0.82727273
TALDO1 0.932437461 0.90655076 0.82727273
SH3BGRL3 0.932611508 0.90950016 0.82727273
H3F3A 0.932126763 0.908724 0.82727273
CNN2 0.931891799 0.90887923 0.82424242
CCDC167 0.932307631 0.91012108 0.82727273
YWHAB 0.931793721 0.90453275 0.83030303
ARPC1B 0.932689359 0.90360137 0.83333333
PSME1 0.932571524 0.90856877 0.82727273



ACTG1 0.932627972 0.90934492 0.82727273
MIR4435-2HG 0.932305749 0.90934492 0.82727273
ATP5MF 0.932281994 0.90717169 0.82727273
ARPC3 0.932628207 0.90701645 0.82727273
UBE2L6 0.932218961 0.90608507 0.82727273
TMSB4X 0.932257298 0.90981062 0.82727273
DBI 0.932415117 0.90934492 0.82424242
CLIC1 0.932334208 0.89490841 0.83939394
AP2S1 0.932366666 0.90592984 0.82727273
LSP1 0.932675247 0.90887923 0.82727273
MYL6 0.932219666 0.90918969 0.82727273
ISG15 0.932172627 0.9057746 0.82727273
PARK7 0.932039974 0.90950016 0.82424242
FKBP1A 0.932275409 0.90779261 0.82727273
ITM2A 0.931485846 0.90841354 0.82424242
HMGB2 0.931968709 0.90437752 0.82727273
PSMB10 0.93237725 0.91058677 0.82424242
LIMS1 0.932090307 0.90732692 0.82727273
AC092821.3 0.931544881 0.90996585 0.82424242
TWF2 0.932167217 0.90592984 0.82727273
CCL5 0.931836998 0.90903446 0.82727273
PPIA 0.932305279 0.90856877 0.82727273
PSMB9 0.932540007 0.90561937 0.82727273
IDH2 0.932544241 0.89987581 0.83333333
ARPC2 0.932296341 0.91058677 0.82727273
TIGIT 0.932072902 0.90950016 0.82727273
CAPZB 0.932281759 0.90779261 0.82727273
GMFG 0.932155927 0.88745731 0.84848485
RAC2 0.932632205 0.90608507 0.83030303
COX5A 0.932317274 0.91213909 0.82121212
PSMB3 0.932262002 0.89754735 0.83333333
HLA-DQB1 0.931900972 0.91074201 0.82121212
PYCARD 0.932287639 0.90981062 0.82424242
LIMD2 0.93141364 0.89459795 0.83939394
SIT1 0.932111945 0.90934492 0.82727273
CD3D 0.932068904 0.90763738 0.82727273
JPT1 0.932096422 0.90499845 0.82727273
NDUFA13 0.932199439 0.90515368 0.82727273
PPP1R18 0.932559058 0.91136293 0.82424242
CD52 0.932108182 0.9082583 0.82727273
POLR2G 0.932296812 0.90763738 0.82727273
MT1E 0.932346203 0.91089724 0.82424242
OAZ1 0.932249066 0.90670599 0.82727273



ANXA2 0.93230669 0.90142813 0.83333333
ATP5F1C 0.932191913 0.91043154 0.82424242
TOX 0.932003283 0.91043154 0.82727273
IL2RG 0.932457453 0.90887923 0.82727273
HMGB1 0.931895092 0.90701645 0.82727273
TRAPPC1 0.932413941 0.90530891 0.82727273
LCP1 0.932580932 0.91058677 0.82727273
LSM2 0.932281053 0.91058677 0.82727273
LYST 0.931643664 0.91136293 0.82424242
MPG 0.932300575 0.90670599 0.82727273
COPE 0.932275879 0.90142813 0.83333333
ATP5F1B 0.932373486 0.90468799 0.82727273
SH2D1A 0.932337031 0.91105247 0.82424242
S1PR4 0.932115708 0.91058677 0.82727273
ATP5MC2 0.932221313 0.9082583 0.82727273
ABRACL 0.932274468 0.90887923 0.82727273
CSK 0.932111945 0.9012729 0.83030303
ENO1 0.932374898 0.91198386 0.82727273
NDUFA7 0.932208142 0.91089724 0.82424242
NDUFB9 0.932180623 0.90732692 0.82727273
LAG3 0.932193795 0.90981062 0.82424242
PSMB8 0.932350202 0.90981062 0.82727273
APOBEC3G 0.932494144 0.91136293 0.82424242
EID1 0.931837939 0.90732692 0.82424242
PSMD8 0.932116414 0.91105247 0.82727273
IFI27L2 0.932508255 0.89972058 0.83333333
TAP1 0.932281994 0.90810307 0.82424242
CALM3 0.93223613 0.90034151 0.83333333
COX6C 0.932284816 0.91260478 0.82121212
CYTOR 0.931705051 0.90639553 0.82727273
PTTG1 0.932099715 0.91012108 0.82727273
GBP5 0.932374898 0.91151816 0.82121212
ARPC4 0.932452513 0.91244955 0.82727273
COX8A 0.932629148 0.90282521 0.83333333
ITGB1 0.932338912 0.91213909 0.82424242
ITGA4 0.931623672 0.90701645 0.82727273
LCK 0.932280583 0.90266998 0.83333333
WDR1 0.932131467 0.90934492 0.82727273
PSMA5 0.932125587 0.91074201 0.82727273
SLC25A5 0.93215287 0.9062403 0.82727273
BLOC1S1 0.932582343 0.90111767 0.83333333
CD99 0.932183211 0.90918969 0.82727273
CRIP1 0.932843179 0.90732692 0.83030303



PSMB2 0.932168393 0.91012108 0.82424242
MT1F 0.932422408 0.90950016 0.82727273
ATP5MC3 0.931982586 0.90856877 0.82424242
COX6B1 0.932455101 0.90686122 0.82727273
ATP5MG 0.93227094 0.90763738 0.82727273
PTPRCAP 0.932157809 0.90701645 0.82727273
COX6A1 0.932323389 0.90530891 0.83030303
NDUFA11 0.932619505 0.9057746 0.82727273
PRDX1 0.932165571 0.908724 0.82424242
MYL12B 0.932548239 0.8963055 0.83939394
STMN1 0.93238995 0.91058677 0.82727273
ATP5IF1 0.932220607 0.89025147 0.84242424
LY6E 0.932879399 0.90406706 0.83333333
NDUFC2 0.932535303 0.9062403 0.82727273
PSMA4 0.932000931 0.91167339 0.82121212
BRK1 0.932643495 0.91089724 0.82727273
NDUFB10 0.932359139 0.91151816 0.82727273
TSPO 0.932104889 0.90918969 0.82727273
WAS 0.932293048 0.88869916 0.84545455
ELOB 0.932268117 0.90810307 0.82727273
PLAAT4 0.932355376 0.90981062 0.82424242
ANXA6 0.932588223 0.9012729 0.83333333
CD81 0.932259885 0.90499845 0.83030303
C12orf75 0.93291021 0.9136914 0.82121212
GNAI2 0.932568466 0.90391183 0.83333333
CDC25B 0.932121353 0.89925489 0.83333333
MCUB 0.931453859 0.9032909 0.82727273
UQCR10 0.931913437 0.91058677 0.82121212
FAM160B1 0.931898385 0.90655076 0.82727273
OCIAD2 0.932000696 0.90686122 0.82727273
CLDND1 0.931682472 0.90810307 0.82424242
REEP5 0.932218961 0.90810307 0.82727273
EVL 0.932155457 0.90422229 0.82727273
PPP4C 0.932276114 0.88761254 0.84545455
SELL 0.931955773 0.91089724 0.82121212
H2AFY 0.932307631 0.90950016 0.82727273
MDH2 0.932316333 0.90608507 0.82727273
FLNA 0.932183681 0.90282521 0.83333333
ARF5 0.932394184 0.90965539 0.82424242
SLC9A3R1 0.932278231 0.90763738 0.82727273
CLTA 0.932244362 0.91089724 0.82727273
HMGN2 0.932344322 0.88574977 0.84848485
PKM 0.932430169 0.90918969 0.82424242



SUMO2 0.932133584 0.90779261 0.82727273
CD2 0.932219666 0.9112077 0.82424242
TXN 0.932629853 0.90748215 0.82727273
EMB 0.932116414 0.90748215 0.82727273
COX5B 0.932110769 0.90515368 0.82727273
CACYBP 0.931900031 0.90592984 0.82727273
HSPA8 0.932443811 0.9037566 0.83333333
GNG5 0.932490145 0.90779261 0.82727273
ARPC5 0.932419115 0.90887923 0.82727273
ATP5PB 0.93244875 0.88854393 0.84242424
KRT10 0.932499083 0.89909966 0.83333333
SUB1 0.932416998 0.90391183 0.83030303
ATP5F1D 0.932518604 0.90763738 0.82727273
CD3G 0.932595749 0.90391183 0.83030303
MAP2K2 0.932301516 0.90732692 0.82727273
H2AFV 0.93182806 0.91136293 0.82424242
CAP1 0.932539772 0.90856877 0.82727273
BIN1 0.932271175 0.90856877 0.82424242
TMEM14B 0.932080429 0.90887923 0.82424242
SEM1 0.932595514 0.90841354 0.82727273
PGAM1 0.932258945 0.90981062 0.82424242
NDUFA12 0.932416763 0.90701645 0.82727273
HIGD2A 0.931713989 0.89118286 0.84242424
EIF4A1 0.932008693 0.90608507 0.82727273
CLEC2B 0.932098069 0.9062403 0.82727273
CSNK2B 0.932284816 0.91105247 0.82727273
S100A4 0.932718759 0.90981062 0.82727273
HNRNPA2B1 0.932509196 0.90732692 0.82727273
IL32 0.932874695 0.91012108 0.82727273
ZYX 0.932150518 0.91027631 0.82727273
DUT 0.932385482 0.90686122 0.82727273
GSTK1 0.932173803 0.90608507 0.82727273
DEK 0.932404768 0.91167339 0.82424242
NME2 0.932407355 0.90546414 0.83030303
MYL12A 0.932615977 0.9082583 0.83030303
LGALS1 0.933018402 0.91213909 0.82727273
TPI1 0.932623268 0.90251475 0.83030303
RNF213 0.931849698 0.8987892 0.83333333
TUBB 0.932552002 0.91198386 0.82121212



Supplementary Table 5. List of genes in the transcriptional signature of tumor-specific CD8 T cells
HLA-DRA ATP5MC2
CD74 CSK
GZMK NDUFA7
HLA-DRB1 NDUFB9
COTL1 LAG3
CDCA7 EID1
HLA-DRB5 PSMD8
HLA-DMA CALM3
CD27 CYTOR
FABP5 PTTG1
TNFRSF9 ITGA4
ANXA5 WDR1
HLA-DPA1 PSMA5
DUSP4 SLC25A5
HLA-DPB1 CD99
HLA-DQA1 PSMB2
LIME1 ATP5MC3
MXD4 PTPRCAP
SIRPG PRDX1
H3F3A ATP5IF1
CNN2 PSMA4
YWHAB TSPO
UBE2L6 ELOB
TMSB4X CD81
MYL6 CDC25B
ISG15 MCUB
PARK7 UQCR10
ITM2A FAM160B1
HMGB2 OCIAD2
LIMS1 CLDND1
AC092821.3 REEP5
TWF2 EVL
CCL5 SELL
TIGIT FLNA
GMFG CLTA
PSMB3 SUMO2
HLA-DQB1 CD2
LIMD2 EMB
SIT1 COX5B
CD3D CACYBP
JPT1 H2AFV
NDUFA13 TMEM14B
CD52 PGAM1
OAZ1 HIGD2A
ATP5F1C EIF4A1
TOX CLEC2B
HMGB1 ZYX
LYST GSTK1
S1PR4 RNF213
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Chapter 5: Progress towards development of a Merkel polyomavirus-specific T cell 
receptor analysis tool to guide cancer immunotherapy  
 
Saumya Jani 
 
 
 
CHAPTER SUMMARY: In this chapter, we explore a T-cell receptor (TCR) sequence-based 

approach to identify Merkel cell polyomavirus oncoprotein-specific CD8 T cells. This is based on 

the premise that TCRs that target the same epitopes have structural similarities. We find that 

tcrdist3, a computational tool that can assign scores quantifying how similar two TCRs are, 

clusters TCRs that recognize the same epitope together. Training this tool with additional TCR 

sequences may allow identification of MCC-specific TCRs via commercially-available bulk TCR 

sequencing, a method compatible with clinical use.  

 
 



Progress towards development of a Merkel polyomavirus-specific T cell receptor analysis tool to guide 
cancer immunotherapy 

 
Saumya Jani 

 
     Merkel cell carcinoma (MCC) is a rare but aggressive neuroendocrine skin cancer. The incidence of MCC in 
the United States is increasing and is expected to exceed 3,200 cases/year by 2025.1 MCC typically occurs in 
older and immunocompromised individuals, which suggests an infectious etiology.2 While a minority of MCC 
tumors develop as a result of UV-mediated mutations, 80% of MCC cases indeed arise from clonal integration 
of the Merkel cell polyomavirus (MCPyV) and truncation of its large T-antigen.2,3 The truncated large T-antigen 
prevents the virus from replicating, but retains its ability to bind to retinoblastoma-associated protein and promote 
cell cycle progression.4 Meanwhile, the small T-antigen inhibits p53 and activates myc signaling.4 Thus, 
persistent MCPyV oncoprotein expression is necessary for proliferation and survival of virally-driven MCC tumor 
cells.4 In addition, virus-positive MCC tumors (VP-MCC) have an extraordinarily low tumor mutational burden 
(13 compared to ~1,121 mutations in virus-negative MCC).4 Thus, the CD8 T cell response to VP-MCC is 
composed almost entirely of T-antigen-specific T cells. This makes VP-MCC an attractive test case for tumor 
immunology and the detailed study of tumor antigen-specific T cell immunity. We have recently observed that 
the frequency of MCPyV-specific CD8 T cells in patients with VP-MCC can predict response to PD-(L)1 pathway 
blockade (see Chapters 2 and 3). To translate this finding to patients, we explored a bulk TCR sequencing-
based approach to quantify tumor-specific CD8 T cells. 
 
     CD8 T cells recognize foreign and mutated proteins that are presented on class I human leukocyte antigen 
(HLA) molecules through their T cell receptor (TCR). Because the potential range of non-self-antigens is so vast, 
TCRs also need to be very diverse. TCR diversity is achieved through recombination between V, D, and J gene 
segments and random insertions and deletions at their junctions, as well as combinatorial αβ chain pairings.5-10 
The measured complexity per person, estimated at 108 – 109 unique clonotypes, is lower than the mathematical 
theoretical level allowed by the above11. This may be because of convergent recombination (i.e., some 
rearrangements are more probable than others) or convergent selection (i.e., high-affinity TCRs proliferate and 
are selected for after antigen exposure), modulated by thymic positive and negative selection during creation of 
the naïve repertoire prior to antigen exposure.12 Along the same lines, it is now recognized that TCRs that 
recognize the same HLA-restricted epitope in multiple patients have similarities in their TCR sequence (Figure 
1).  
 

 
Figure 1. Certain gene segments are overrepresented in epitope-specific repertoires. Analysis of gene 
usage of 275 flu-specific T cells clones (organized in 4 segments with the most frequent gene segment at the 
top and in red) reveals that one V and J gene segment in each TCR chain is enriched. Adapted from Dash et. 
al.13  
 
     The term “meta-clonotype” is applied to a group of sequence-similar TCRs recognizing the same peptide-
HLA ligand. TCR sequence similarities can be recognized by bioinformatic algorithms, allowing estimation of the 
likelihood of a previously unseen TCR sequence to bind to a particular HLA/epitope combination.13-19 Highly 



sensitive and specific classifiers trained with “public” TCRs (TCRs that have the exact same amino acid 
sequence and are found in multiple individuals) are available to diagnose CMV,20 SARS-CoV-2,21 or Borrelia 
burgdorferi22 infection by sequencing TCR repertoires from patient blood. While exact matching of sequences 
may be sufficient for detecting prior infection, identifying cancer-specific T cells may require a more detailed 
assessment of TCR repertoires. This may be possible with the use of algorithms that incorporate the power of 
TCR cluster analyses to measure the breadth of cancer-specific T cells more fully.  
 
     In comparison to previously developed classifiers, we additionally modify our methods in two important ways:  
 

1. Analyzing antigen-specific TCR repertoires with well-validated tumor virus-specific cells using HLA-
peptide oligomers: Most current TCR analytical tools20-22 were developed using antigen-specific T cells 
identified either through statistical enrichment (i.e., TCRs present in higher numbers in persons with 
infection compared to healthy individuals) or antigen-specific wet-lab assays (i.e., stimulation of blood 
with pathogen-specific antigens and TCR sequencing of cells expressing activation markers as a 
surrogate for pathogen specificity). Both methods lack precision. The statistical method lacks direct 
demonstration of T cell recognition. Activation methods are susceptible to bystander activation in vitro 
and could fail to detect exhausted T cells that are unresponsive to stimulation. Incorrect TCR inputs 
introduces bias. In contrast, we used peptide-HLA multimers to identify tumor-specific T cells that identify 
shared TCR sequence motifs. These tools are typically tetramers of HLA class I-β2M tightly associated 
with the viral peptide of interest and an identifying molecule(s) such as a fluorescent protein and/or a 
DNA oligonucleotide to sort and identify cells that bind the tetramer. T cells expressing TCRs that 
recognize this HLA/epitope combination bind the tetramer. This identifies virus-specific T cells with great 
specificity and independent of the cell’s functional status, though not free of errors23.  

 
2. Use of both paired TCR α-β and single-chain TCR sequencing: Most previous TCR-based tools have 

used TCRβ chain sequencing. It is economical, commercially available, and some literature indicates that 
the TCRβ chain accounts for most of the binding to peptide-HLA. However, both the α and β TCR chains 
are involved in antigen recognition at the structural level.24 Each TCR chain possesses three variable 
regions that bind peptide-HLA, termed complementarity determining regions (CDRs).24 Particularly, the 
third CDR (CDR3) of each chain is heavily involved in antigen binding (Figure 2).24 Indeed, recent 
comparisons show that the accuracy of bioinformatic tools is enhanced when paired α-β TCR sequences 
are used (Figure 3).25 Thus, we used paired α-β TCR sequences to identify conserved motifs in antigen-
specific repertoires.  

 



 
Figure 2. CDR3 of both chains are involved in antigen recognition. The TCR is shown oriented downward, 
with the α chain CDR3 in yellow and the β chain CDR3 in green. The peptide-HLA complex is shown oriented 
upwards, with the peptide in yellow. Adapted from Murphy et. al.24 
 

 
Figure 3. Training a model with α-β paired chain data improves predictive capacity. Tetramer-identified 
TCRs for multiple HLA/epitope combinations were used to train a predictor. The validation step derived area 
under the curve (AUC) from receiver operating characteristic curves generated from the true positive and false 
positive rates of predictor developed using either paired chain, α chain, or β chain data for each of the listed 
epitopes. As published in Zhang et al.25  
 



     We applied tcrdist3 to datasets generated by N. Miller and T. Pulliam, previous MD/PhD students in the 
Nghiem lab. The first dataset consisted of 400 TCRβ sequences from T cells that bound to HLA-A*02:01 
complexed with the MCPyV peptide KLLEIAPNC (A02-KLL) from 12 VP-MCC patients.26 Previously, we found 
only one true public TCRβ, shared by 2 patients.26 Our re-analysis with tcrdist3 identified 19 meta-clonotypes, 
each of which was shared by anywhere from 2 to 5 patients (3 meta-clonotypes were shared by 5 patients, 3 by 
4 patients, 2 by 3 patients, 11 by 2 patients. Overall, 10 of the 12 patients had at least one TCR in one of these 
newly identified meta-clonotypes. The second dataset consisted of paired α-β TCR sequences from 3 VP-MCC 
patients that recognized either HLA-B*35:01-HPDKGGNPVIM or HLA-B*37:01-KEWWRSGGF. These TCRs 
were identified using oligonucleotide-labeled tetramers and 10x Genomics’ single cell TCR sequencing workflow. 
Using tcrdist3, I observed that the TCRs recognizing the distinct epitopes clustered separately in a network plot 
(Figure 4).  
 

 
Figure 4. tcrdist3 can successfully group TCRs recognizing different epitopes separately. TCRs specific 
for a B*37:01 (gray) and a B*35:01 (green) epitope are shown. TCR network formed using a paired α-β multi-
CDR TCR distance metric (TCRdist). Edges connect individual clones if their pairwise distance is less than or 
equal to 150 TCRdist units. Size of nodes are scaled to the counts of each clone.  The visualization is spring 
weighted such that nodes with less sequence divergence are closer together.  
 
     Finally, to test whether I could detect MCPyV-specific CD8 T cells using tcrdist3, I trained a computational 
tool with the two datasets containing tetramer-identified TCRs and applied it to a third dataset (CITN-
09/KEYNOTE-017 trial NCT02267603).27,28 In this case, bulk TCRβ chain sequences were obtained from 43 
tumor specimens pre-treatment. I used the tcrdist3-based tool to identify MCPyV-specific CD8 T cells in the bulk 
tissue TCRβ datasets and was able to detect highly-similar TCRs in virally-driven tumors from patients 
expressing the relevant HLA alleles. However, very few TCRs highly similar to known MCPyV-specific TCRs 
were identified, suggesting a need for an expanded training set that covers a majority of HLA types and includes 
more TCRs from more patients.  
 
     Further refinement of this tool could yield a clinically implementable way to quantify antigen-specific CD8 T 
cells, allowing us to stratify patients with detectable amounts of tumor-specific T cells for immunotherapy and 
those without to interventions that increase the number of CD8 T cells. It could also be used to track changes in 
tumor-specific T cells over time and in response to different interventions. In Chapters 6 and 7, we use these 
tools to track COVID-specific T cell expansion in response to mRNA vaccination.  
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CHAPTER SUMMARY: In this chapter, we compared T cell repertoires in the blood and 

breastmilk of patients who received SARS-CoV-2 mRNA vaccinations. We found that the 

breastmilk contained a higher frequency of SARS-CoV-2-specific CD8 T cells than blood, and 

that these cells expressed higher levels of mucosal-homing markers, suggesting that they did 

not egress from microtrauma to blood vessels. Additionally, we found that SARS-CoV-2-specific 

T cells expanded in response to vaccination. Upon comparing T cell repertoires, we observed 

minimal overlap between blood and breastmilk TCR repertoires. We also applied tcrdist3 (using 

our experience in Chapter 5) to predict novel SARS-CoV-2-specific CD8 T cells in our data, 

allowing us to more comprehensively compare repertoires.   
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Human breastmilk is rich in T cells; however, their specificity and function are largely unknown. We compared the phenotype,
diversity, and antigen specificity of T cells in breastmilk and peripheral blood of lactating individuals who received SARS-CoV-2
messenger RNA (mRNA) vaccination. Relative to blood, breastmilk contained higher frequencies of T effector and central memory
populations that expressed mucosal-homing markers. T cell receptor sequence overlap was limited between blood and breastmilk.
Overabundant breastmilk clones were observed in all individuals, were diverse, and contained complementarity-determining
regions in three sequences with known epitope specificity, including to SARS-CoV-2 spike. SARS-CoV-2 spike-specific T cell
receptors were more frequent in breastmilk compared to blood and expanded in breastmilk following a 3rd mRNA vaccine dose.
Our observations indicate that the lactating breast contains a distinct T cell population that can be modulated by maternal
vaccination with potential implications for passive infant protection.

Mucosal Immunology (2023) 16:39–49; https://doi.org/10.1016/j.mucimm.2023.01.003

INTRODUCTION
The breastfed human infant consumes up to 750,000 maternal
leukocytes per day, 5%–10% of which are T cells, the function
of which is poorly understood1,2. Breastmilk lymphocytes are
most abundant at delivery and decline over the 1st month
post-partum to a steady state that persists for up to 2 years1–4.
However, the infant’s exposure to breastmilk cells likely remains
substantial throughout breastfeeding due to an increase in vol-
ume of breastmilk ingested as the infant grows5. Breastmilk T
cells are phenotypically distinct from peripheral blood T cells,
with higher expression of mucosal and effector memory (TEM)
markers6,7. Cytomegalovirus, Epstein-Barr virus (EBV), influenza,
and HIV-specific T cell responses have been detected in breast-
milk cells (BMC) at higher frequencies than in peripheral blood
mononuclear cells (PBMC)7–11, and breastmilk T cells may
expand in the setting of maternal or infant infection2,12,13.

The infant stomach pH14,15 and intestinal permeability14,16,17

are also highest in the first few weeks of life, and evidence from
animal models demonstrates that breastmilk T cells can survive
the offspring gastrointestinal tract and traffic into the mesen-
teric lymph nodes, liver, spleen, and lung as a form of maternal
microchimerism18–20. In mice, breastmilk-derived maternal
helminth-specific T cells were protective in the offspring upon

challenge with the same helminth18, and in lambs, breastmilk-
derived tetanus-specific T cells enhanced the response to teta-
nus vaccination in the offspring21. Human breastmilk maternal
microchimerism has not been conclusively demonstrated,
although we recently found in a cohort of infants that maternal
microchimerism increased up to 3 months of age and was pos-
itively associated with breastfeeding22. These data emphasize
the potential for breastmilk-acquired maternal T cells to become
resident in the infant and provide an underrecognized form of
passive protection.

The full repertoire of breastmilk T cells has not been
described, however, and data on maternal vaccine-specific T
cells in breastmilk are limited23. In the setting of the ongoing
pandemic, pregnant and lactating individuals are now widely
receiving SARS-CoV-2 (SARS2) vaccines, including the spike pro-
tein messenger RNA (mRNA)-based vaccines mRNA1273
(Moderna)24 and BNT162b2 (Pfizer-BioNTech)25. SARS2 mRNA
vaccines generate a robust T cell response in peripheral
blood24–27 and induce the expansion of tissue-resident T cell
populations in the respiratory mucosa28. A recent study reported
spike-reactive T cells in breastmilk of mRNA-vaccinated people,
although the diversity of their T cell receptor (TCR) usage, rela-
tive clonality in breastmilk versus blood, and capacity to directly
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bind antigen were not described. To understand the breadth of
maternal T cells consumed by the infant, we characterized the
phenotype and diversity of paired breastmilk and peripheral T
cells. We further investigated the hypothesis that spike-specific
T cells are present in the breastmilk of SARS2 mRNA-
vaccinated individuals and expand upon antigen re-encounter.

METHODS
Cohort
The initial cohort was comprised of lactating individuals (n = 26,
Supplementary Fig. S1) who were recruited as part of the Center
for Global Infectious Disease Research Biorepository, approved
by the Seattle Children’s Research Institute Institutional Review
Board (IRB) (STUDY00002048). Participants self-reported as
healthy, not pregnant, and weighing > 110 pounds. Demo-
graphic data were collected, including age, history of SARS or
other serious infections, SARS2 vaccination (brand and dates of
doses), sex of infant(s), and parity. All participants reported
receipt of two doses of a SARS2 spike mRNA vaccine. No partic-
ipants reported SARS2 infection, and all were negative for anti-
nucleocapsid IgG (Abbott Architect SARS-CoV-2 IgG assay).
Breastmilk was pumped by the participants using the method
of their choice and transferred fresh to the study team. Blood
was obtained from 23 individuals. Twenty individuals were
included for experimental analysis based on at least 106 BMC
recovered (Supplementary Fig. S1). For the pre- and post-3rd

mRNA vaccine dose studies, blood and breastmilk were col-
lected before and ∼1 week after 3rd mRNA vaccine dose (n =
7 PBMC and BMC, n = 1 BMC only). Collection interval was based
on T cell responses observed in peripheral blood24,25. Five partic-
ipants from the original cohort returned to provide additional
specimens, and samples from three additional individuals were
added from the maternal immunizations in low and high-risk
pregnancies, approved by the University of Washington IRB
(STUDY00008491). Participants from both studies provided writ-
ten informed consent.

Isolation of peripheral blood mononuclear cells from whole
blood
Whole blood was collected in ethylenediaminetetraacetic acid
(EDTA) Vacutainer tubes (BD Biosciences). Within 4 hours of col-
lection, tubes were centrifuged at 400 x g for 10 minutes. The
plasma fraction was removed, centrifuged at 800 x g for 15 min-
utes, aliquoted into cryovials, and stored at -80°C. The remaining
blood was diluted in sterile phosphate-buffered saline (PBS), lay-
ered onto Lymphocyte Separation Medium (Corning), and cen-
trifuged at 800 x g for 20 minutes at room temperature with
no break. The resulting buffy coat layer was removed and
washed two to three times in PBS. Cells were counted using a
C-Chip hemocytometer (INCYTO), resuspended in freezing med-
ium [50% fetal bovine serum (FBS), 40% RPMI with L-glutamine,
10% DMSO (Millipore Sigma)] at 5 to 10 million cells/ml, and ali-
quoted into cryovials for storage in liquid nitrogen.

Isolation of breastmilk cells
Milk was centrifuged at 400 x g for 15 minutes at 4°C, and the
aqueous fraction was aliquoted into cryovials and stored at -
80°C. The cell pellet was washed three times in 40 ml sterile
PBS with 2% FBS. As above, cells were counted using a C-Chip
hemocytometer (INCYTO), resuspended in freezing medium at
1 to 3 million cells/ml, aliquoted into cryovials, placed in a 1°C

cryogenic freezing container at -80°C overnight, and then trans-
ferred to liquid nitrogen.

Phenotyping and cell sorting by flow cytometry
PBMC or BMC were thawed at 37°C and added to pre-warmed
thaw medium (RPMI with L-glutamine, 20% FBS) and centrifuged
at 400 x g for 5 minutes. Cell pellets were resuspended in 5 ml
complete medium (RPMI with L-glutamine, 10% FBS, 100 U/ml
penicillin, 100 µg/ml streptomycin), counted, and assessed for
viability. Cells were stained with 100 µl of master mix containing
fluorophore-conjugated antibodies and viability dye (Supple-
mentary Table S7; Panel 1) in Brilliant Stain Buffer (BD Bio-
sciences) for 30 minutes at room temperature. Stained cells
were washed and resuspended fluorescence-activated cell sort-
ing (FACS) buffer. Cells were run on a FACSMelody Cell Sorter
(BD Biosciences) or a FACSAria II Cell Sorter (BD Biosciences),
and for BMC CD45+ cells were collected. Single-stained Comp-
Beads (ThermoFisher) were used as compensation controls,
and unstained or fluorescence-minus-one stained cells were
used to set fluorescence gates. Data were analyzed on FlowJo
version 10 (BD Biosciences). CD45RO+/CCR7- T cells were desig-
nated as TEM, CD45RO+/CCR7+ T cells were designated as TCM,
and CD45RO-/CCR7+ T cells were designated as naïve-like (TN-
like). Gating strategy is shown in Supplementary Fig. S6. In addi-
tion, data were used to anticipate the frequency of T cells (CD3+)
in the collected CD45+ population from BMC to optimize subse-
quent genomic DNA extraction.

Tetramer generation
YLQPRTFLL (i.e. YLQ peptide), LTDEMIAQY (i.e. LTD peptide), and
NYNYLYRLF (i.e. NYN peptide) were synthesized by GenScript
Biotech (Piscataway, New Jersey). YLQ peptide (400 μM) was
mixed 1:1 (v/v) with 200 μg/ml Flex-T HLA-A*02:01 ultraviolet
exchange UVX monomer (BioLegend) and treated with UV irra-
diation (368 nm) for 30 minutes using a UV crosslinker (Fisher
Scientific) to remove the UV-liable peptide. The mixture was
incubated at 37°C for 30 minutes to form YLQ monomers, which
were then tetramerized through the addition of 200 μg/ml
streptavidin-APC (BD Biosciences) and incubation on ice for 30
minutes. Excess streptavidin was blocked with PBS + 0.4 µM
D-Biotin + 0.3% (w/v) NaN3 overnight at 4°C. HLA-A*01_LTD-
APC and HLA-A*24_NYN-APC tetramers were generated by the
National Institutes of Health Tetramer Core Facility (Emory
University, Atlanta, GA).

Tetramer staining and flow cytometry analysis
Cells were thawed and washed as described above and then
stained with HLA-A*02_YLQ-APC, HLA-A*01_LTD-APC, or HLA-
A*24_NYN-APC tetramer (1:100) for 30 minutes at 4°C. Cells were
washed with FACS buffer and then stained with antibody mix
containing the optimal dilutions of all antibodies and viability
dye in Brilliant Staining Buffer (Supplementary Table S8; Panel
2) for 30 minutes at room temperature, protected from light.
Stained cells were washed in FACS buffer and run on a FACSAria
II Cell Sorter (BD Biosciences) with single-stained CompBeads
(ThermoFisher) as compensation controls. Data were analyzed
on FlowJo version 10 (BD Biosciences). HLA-A*02_YLQ tetramer
performance was validated with YLQ-specific CD8+ T cells
expanded from an HLA-A*02:01 SARS2 convalescent donor
spiked into an HLA-A*02:01 negative donor with PBMC collected
prior to 2019 (Supplementary Fig. S7). HLA-A*01_LTD and HLA-
A*24_NYN tetramer performance was validated using HLA-
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matched PBMC from donors predicted to have TCRs specific to
these epitopes from TCRβ sequencing data and HLA-
unmatched PBMC as negative controls. Tetramer-positive cells
from BMC and PBMC were gated as follows: lymphocyte cloud
(FSC-A by SSC-A) → single cells (FSC-A by FSC-H) → live cells
(live/dead Aqua by FSC-H) → CD45+/ CD3+ → CD8+ → tetra-
mer+.

Human leukocyte antigen typing
Genomic DNA was extracted from participants’ PBMC with the
QIAamp® DNA Blood Mini Kit per manufacturer instructions,
and HLA class I genotyping was performed via direct sequencing
(Sisco Genetics, Seattle, WA).

T cell receptor beta chain sequencing
Flow-sorted BMC (CD45+) expected to contain T cells underwent
genomic DNA extraction using a protocol modified to recover
low-yield DNA. Briefly, sorted BMC were pelleted in their collec-
tion tubes at 400 x g for 10 minutes. Cell pellets were processed
in collection tubes using 30 µl of Qiagen Protease (Qiagen) and
incubated at 70°C for 20 minutes. Then, 1.5 µg of carrier RNA
(Qiagen) and 300 µl of Buffer AL (Qiagen) were added. Samples
were incubated for another 20 minutes at 70°C. To recover DNA,
300 µl of 100% ethanol was added to the sample and transferred
to a QIAamp® Mini spin column followed by the manufacturer’s
standard protocol from the QIAamp® DNA Blood Mini Kit. DNA
was eluted in water. To assess DNA yield, a quantitative poly-
merase chain reaction (qPCR) assay targeting the β-globin gene
was performed, and only samples anticipated to contain at least
1000 T cells were sent for TCRβ sequencing. Maternal PBMC
underwent genomic DNA extraction using the standard protocol
provided in the QIAamp® DNA Blood Mini Kit (Qiagen), and 3.4
µg of total genomic DNA was sent for TCRβ sequencing. Sam-
ples were sent in batches to Adaptive Biotechnologies (Seattle,
WA, USA) and assayed using their ImmunoSEQ® hsTCRΒB46 ser-
vice pipeline at a survey level.

T cell receptor sequence analysis
TCRβ sequence data were analyzed using the immunoSEQ® Ana-
lyzer software and/or exported to R for analysis with the package
immunoArch or divo. Repertoire overlap between blood and
breastmilk was assessed using the Morisita index (immunoSEQ
Analyzer®) and the power geometric index (divo), which are rel-
atively protected from differences in sampling depth29. To iden-
tify overabundant clones in the breastmilk, frequencies of TCR
clonotype nucleotide sequences in the breastmilk were com-
pared to those in peripheral blood using the Differential Abun-
dance tool in immunoSEQ® Analyzer using the binomial
statistical method with Benjamini–Hochberg correction and a
lower limit of detection of 10.

The CDR3β amino acid sequence of each overabundant clone
was compared to that of all other overabundant clones within
each participant using tcrdist331,32. Similarly, CDR3β amino acid
sequences of overabundant clones across all participants were
compared to one another using tcrdist331,32. To identify epitope
specificity of overabundant breastmilk clones, TCRβ sequences
were matched by CDR3 amino acid and V gene identification
against several public databases of TCRβ epitope specificity,
namely ImmuneCODE35 (https://clients.adaptivebiotech.com/
pub/covid-2020), VDJdb (https://vdjdb.cdr3.net)47, TCRΒdb
(http://bioinfo.life.hust.edu.cn/TCRdb/#/)48, McPAS-TCRΒ (http://
friedmanlab.weizmann.ac.il/McPAS-TCRΒ/)49, and IEDB (http://

www.iedb.org/home_v3.php). Epitope matches were considered
a direct match if the CDR3 amino acid and TRBV gene were iden-
tical and were considered a predicted match if the CDR3 amino
acid sequences were identical, but V gene usage was mis-
matched. All overabundant breastmilk clones were also queried
using the IEDB TCRMatch Tool (http://tools.iedb.org/tcrmatch/)
with a score threshold of 0.97 to identify closely related epitope
restrictions.

TCRβ sequences from both breastmilk and PBMC were eval-
uated for candidate spike-specific restriction using the COVID
Search Tool in immunoSEQ® Analyzer, which utilizes TCRβ
sequences assigned as specific for SARS-CoV-2 from the Immu-
neCODE database35,41. For comparison of clonality metrics only,
the full dataset of paired breastmilk and PBMC TCRβ sequences
was down-sampled to the lowest productive template fre-
quency. Candidate spike-specific TCRβ in breastmilk and PBMC
were further validated by comparing CDR3β amino acid
sequences, V gene usage, epitope HLA restriction, and partici-
pant HLA concordance to an internally vetted dataset of pub-
lished TCRβ sequences obtained via spike-epitope-loaded
tetramer or multimer-based experiments36–40. An exact match
at the TCRβ CDR3 sequence was required for these analyses.
The internally vetted dataset36–40 was used to train the tcrdist3
algorithm31,32 with a distance unit threshold of 10 to identify
additional potential spike-specific TCRβ in breastmilk.

Enzyme-linked immunosorbent assay
Enzyme-linked immunosorbent assays (ELISA) were conducted
as previously described50. Briefly, 384-well plates were coated
with SARS-CoV-2 spike protein (Institute for Protein Design,
University of Washington). Wells were blocked and washed,
and samples were added according to the parameters in Supple-
mentary Table S9. Aqueous breast milk fractions were diluted
1:2, and plasma samples were diluted 1:20 in assay diluent. Each
sample was then serially diluted 1:5 across the plate. The aver-
age optical density value for all dilutions of the negative sample
was used to set a minimum cutoff value for each plate, and each
sample’s endpoint titer was calculated.

Statistical approach
To assess the primary difference between cellular phenotypic
frequency (e.g. % CCR9+ of CD4+ T cells) in BMC versus PBMC,
we built a linear regression model for each outcome with sam-
ple type as the predictor, adjustment for time since delivery,
and clustering by individual to account for the correlation of
individuals contributing paired BMC and PBMC. Due to the dif-
ference in sampling depth in the two compartments, negative
binomial models were used to compare the frequency of
spike-specific templates in BMC versus PBMC, accounting for
both the number of total SARS2-specific templates identified (vi-
ral genome-wide) and the number of spike-specific templates
identified to determine the enrichment of spike above back-
ground reactivity to non-SARS2 coronaviruses and/or TCRs pre-
sent in the naïve repertoire, and adjusting for time since
delivery. The negative binomial model generates an incidence
rate ratio which represents the number of spike-specific tem-
plates found in the experimental group (e.g. BMC) for every tem-
plate identified in the control group (e.g. PBMC). The phenotype
and frequency of tetramer-positive T cells in the BMC of individ-
uals pre- and post-3rd dose were compared with paired t tests. A
p value less than 0.05 was considered significant.
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RESULTS
Breastmilk is enriched for mucosal memory T cells
We collected paired blood and breastmilk from lactating individ-
uals who had received two doses of BNT162b2 or mRNA1273,
had no history of SARS2 infection, and were nucleocapsid pro-
tein seronegative (Supplementary Fig. S1; Table 1). We character-
ized cell phenotype by flow cytometry in paired samples with at
least 1,000,000 total BMC recovered and at least 100 cells in both
the CD4+ and CD8+ T cell populations (n = 17). Breastmilk con-
tained a low but detectible frequency of T cells, and the fre-
quency of CD4+ T cells was similar in BMC and PBMC, whereas
the frequency of CD8+ T cells was somewhat lower in BMC than
PBMC (24% vs. 30%, p = 0.03; Supplementary Fig. S2). Next, we
identified naïve and memory T cell subsets in BMC and PBMC
through surface expression of CD45RO and CCR7. We found a
significant enrichment of CD45RO+/CCR7- TEM and CD45RO+/
CCR7+ central memory (TCM) CD4+ T cell populations in BMC
versus PBMC (Figs 1A and 1B). Within the CD8+ population,
there was also a higher frequency of TEM but not TCM in BMC rel-
ative to PBMC (Figs 1A and 1B). These data emphasize that
breastmilk is highly enriched for memory T cell populations rel-
ative to peripheral blood.

We next investigated the expression of mucosal-homing
markers CCR9 and CD103 on T cells within BMC and PBMC.
The CD4+ population within BMC versus PBMC had a higher fre-
quency of CCR9+ and CD103+ cells and a higher frequency of
double-positive CCR9+/CD103+ cells (Figs 1C and 1D). Similarly,
the CD8+ population within BMC versus PBMC had a higher fre-
quency of CCR9+ and CD103+ cells, as well as a higher fre-
quency of CCR9+/CD103+ cells (Figs 1C and 1D). These data
emphasize that the T cells in breastmilk express high levels of
mucosal-homing markers.

Restricted T cell receptor repertoire overlap between
peripheral blood and breastmilk
Because of the high frequency of memory populations, we next
investigated the composition and diversity of the TCR repertoire
in BMC. BMC were enriched for hematopoietic lineage cells
(CD45+) using flow cytometry cell sorting and sorted BMC for
which > 1000 DNA genomic equivalents were recovered (n =
16) and underwent bulk TCR beta chain (TCRβ) sequencing.
Among BMC samples for which > 1000 TCR templates were
recovered, we compared the degree of TCR overlap with
matched peripheral blood (n = 11) and surprisingly observed rel-
atively low sequence similarity in all pairs, as measured by the
Morisita and power geometric indices29 (Fig. 2, Supplementary

Table S1), indicating that BMC and PBMC have distinct TCR
repertoires at the sequence level. In contrast, we observed a
high degree of overlap in the PBMC TCR repertoire from one
individual at two time points (9 and 17 days post-2nd vaccine
dose) utilized as a positive control (Fig. 2, Supplementary
Table S1). Neither the Morisita index nor the power geometric
index between paired BMC and PBMC was related to the num-
ber of productive templates in the BMC (R2 = 0.4, p = 0.3; R2 =
0.3, p = 0.4 respectively), suggesting that the low sequence over-
lap between BMC and PBMC was independent of sampling
depth of the BMC. Within each participant, we compared the fre-
quency of clonotypes across the two compartments using the
immunoSEQ® Differential Abundance tool30. In all individuals,
there were select clonotypes that were statistically significantly
overabundant in BMC relative to PBMC (Fig. 2; Supplementary
Table S1). In contrast, the Simpson Clonality and maximum clone
frequency—two metrics of absolute clonality rather than relative
clonality—did not differ in BMC and PBMC (Supplementary
Table S1), indicating that the two compartments were similarly
diverse in each participant. These data indicate that although
the TCR repertoire of BMC is as diverse as that of the PBMC, it
is composed of a distinct TCR repertoire at the sequence level
with select overabundant clonotypes relative to PBMC.

Characterization of breastmilk overabundant T cell
clonotypes
We next explored the diversity of the overabundant T cell clono-
types in breastmilk. We analyzed each participant’s BMC T cell
repertoire using a TCR distance metric, tcrdist331,32, which clus-
ters TCRβs based on structural and functional similarities of
amino acids within complementarity-determining regions
(CDR). In all participants, overabundant clones were broadly dis-
tributed across the BMC TCRβ repertoire (Fig. 3A, Supplementary
Fig. S3). We additionally evaluated how overabundant clones
clustered across all individuals. Most clones were unique to a sin-
gle individual (i.e. they were “private”), and the clonotypes did
not segregate by individual (Fig. 3B), reflecting the diversity of
each participant’s overabundant clonotypes.

To determine potential antigen specificity, we compared
CDR3 amino acid sequences of the overabundant breastmilk
clones from all individuals to TCRβ sequence databases popu-
lated by validated epitope-specific TCRs. We identified five direct
matches from two participants with CDR3 amino acid sequences
and identical V gene usage, two of which were reported to bind
SARS2 spike epitopes (Fig. 3B, Supplementary Fig. S4, Supple-
mentary Table S2). Notably, the two spike-specific clones had
also previously been reported to bind influenza M133,34. Other
direct matches included epitopes derived from influenza,
Mycobacterium tuberculosis lysate, and EBV (Fig. 3B, Supplemen-
tary Fig. S4, Supplementary Table S2). Additional clones with
identical CDR3 sequences but non-identical V gene usage were
reported to bind epitopes from SARS2, EBV, and M. tuberculosis
(Fig. 3B, Supplementary Fig. S4, Supplementary Table S2).
CDR3 sequences with previously published specificity clustered
together, irrespective of individual (Fig 3B). Finally, we used
the Immune Epitope Database and analysis Resource (IEDB)
TCRMatch Tool to predict TCR epitope specificity based on
sequence similarity to published TCR sequences, which identi-
fied TCR clones with potential specificity to a variety of viral epi-
topes (Supplementary Table S3). These data indicate that
overabundant breastmilk T cell clones are diverse and respond

Table 1. Cohort characteristics.

Demographics Total
(n = 20)

Maternal age, years, median (range) 37 (29-39)
Maternal vaccine type, n (%)
Pfizer-BioNTech 17 (85%)
Moderna 3 (15%)
Time since delivery, weeks, median (range) 26 (2-56)
Time since 2nd SARS2 mRNA dose, weeks, median

(range)
11 (0.7-
24)

Parity, median (range) 1.5 (1-3)
Infant sex, n (%)
Female 7 (33%)
Male 14 (67%)
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to a range of pathogen-specific epitopes, although the speci-
ficity of the vast majority of these clones is unknown.

SARS2 spike-restricted T cell receptor beta chains are
present in breastmilk T cells
Because all participants had received SARS2 spike mRNA vacci-
nation, we next investigated the presence of spike-specific

clones in BMC T cells more broadly. We utilized the immuno-
SEQ® COVID Search Tool35 to identify candidate Spike-specific
TCRβ in all sequenced BMC and PBMC samples (n = 30). All
PBMC (n = 14) contained candidate spike-specific TCRβ, though
their predicted epitope specificity was distributed across the
entire spike protein with low frequency, suggesting that some
of the TCRβ may represent clones in the naïve repertoire rather

Fig. 1 Antigen-experienced and mucosal-homing T cells are enriched in breastmilk. PBMC and BMC were analyzed by flow cytometry.
Comparisons made with linear regression and clustering by individual, ***p < 0.001, **p < 0.01, *p < 0.05. (A) Scatter plots showing expression
of CD45RO and CCR7 in CD4+ and CD8+ T cells from PBMC and BMC in one representative participant; (B) Frequencies of TEM, TCM, and TN-like
CD4+ and CD8+ T cells in PBMC and BMC (n = 17): CD4+ TEM: 41% versus 84%, p < 0.001, CD4+ TCM: 6% versus 11%, p = 0.006, CD4+ TN-like:
11% versus 1%, p < 0.001; CD8+ TEM: 38% versus73%, p < 0.001, CD8+ TCM: 1% versus 1%, p = n.s., CD8+ TN-like: 12% versus 0.2%, p < 0.001; (C)
Scatter plots showing expression of CCR9 and CD103 in CD4+ and CD8+ T cells from PBMC and BMC in one representative participant; (D)
Expression of CCR9 and CD103 within CD4+ and CD8+ T cell populations in PBMC and BMC: CD4+/CCR9+ (n = 11): 4% versus 38%, p < 0.001,
CD4+/CD103+: 0.4% versus 7%, p < 0.001, CD4+/CCR9+/CD103+: 0.1 versus 5%, p < 0.001, CD8+/CCR9+: 3% versus 12%, p = 0.005; CD8+/
CD103+: 3% versus 32%, p < 0.001, CD8+/CCR9+/CD103+: 0.4% versus 3%, p < 0.001. BMC = breastmilk cells; PBMC = peripheral blood
mononuclear cells; n.s. = not significant; TCM = central memory T cells; TEM = T cell effector memory T cells; TN-like = naïve-like T cells.
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than expanded vaccine-specific populations (Fig. 4A). Thirteen of
the 16 BMC samples contained TCRβ predicted to be spike-
specific. In the pairs where both BMC and PBMC were sampled,
and at least one clone in each compartment was predicted to be
SARS2-specific (n = 13 pairs), overall spike-specific TCRβs were
nearly 2-fold enriched in BMC versus PBMC (Fig. 4B). However,
across participants there was heterogeneity in response with
most individuals demonstrating enrichment (n = 7), some with
similar frequency (n = 4), and two with lower frequency of
spike-specific T cells in the BMC relative to PBMC. The frequency
of spike-specific TCRβs was not strongly correlated with spike-
specific immunoglobulin (Ig) G or IgA in breastmilk or blood
(Supplementary Fig. S5).

To further validate the presence of spike-specific T cells in
breastmilk, we cross-referenced each participant’s BMC and
PBMC TCRβ CDR3 amino acid sequences and V gene usage
against publicly available TCRβ datasets from spike-epitope-
loaded tetramer or multimer experiments36–40. We identified
high-quality CDR3 sequence matches in half of all breastmilk
samples, with five samples also containing hits with identical V
gene usage (Supplementary Table S4). All PBMC contained
clones with identical CDR3 sequence and V gene usage to those
published previously (Supplementary Table S5). Consistent with
prior studies of PBMC36–38,41, sequences specific to the spike
peptide YLQPRTFLL were prominent in the breastmilk and blood
of individuals known to be human leukocyte antigen (HLA)-
A*02:01 positive. In addition, clones specific to the A*01:01-
restricted spike peptide LTDEMIAQY and the B*15:01-restricted
spike peptide NQKLIANQF were present in the breastmilk and
blood of HLA concordant participants (Supplementary Tables
S4 and S5), suggesting shared epitope specificity following vac-
cination. Finally, we utilized the list of spike-specific TCRβs in
conjunction with the tcrdist3 algorithm31,32 to identify novel
potential spike-specific T cell clones in the BMC (Table S6).
Together, these observations demonstrate the presence of
spike-specific T cells in breastmilk following mRNA vaccination.

Spike-specific T cells in breastmilk expand after SARS2
mRNA vaccine
To understand whether spike-specific clones in breastmilk were
responsive to antigen re-exposure, we took advantage of a nat-
ural restimulation experiment in which participants (n = 8)
donated breastmilk pre- and approximately 1-week post-3rd vac-
cine dose for in-depth phenotyping and staining with HLA class I
tetramers loaded with immunodominant spike epitopes, specif-
ically HLA-A*02_YLQ, HLA-A*01_LDT, and HLA-A*24_NYN
(Table 2, Figs 5A–C)36–38,41. The proportion of spike tetramer-

positive CD8+ T cells of all CD8+ T cells significantly increased
in breastmilk between the pre- and post-3rd dose samples (0.8-
2.8%, p = 0.03), whereas tetramer-positive CD8+ T cells in PBMC
showed minimal response (0.04-0.04%, p = 0.9) (Fig. 5D). The
expression of activation markers on tetramer+ CD8+ T cells
was consistently high but did not vary between pre- and post-
3rd dose samples including CD69 (51% vs. 50%, p = 0.9),
CD137 (61% vs. 42%, p = 0.3), and CCR5 (89% vs. 84%, p =
0.4). The proportion of tetramer+ CD8+ T cells expressing
CCR9 and CD103 was similar to our earlier bulk analysis and
did not vary between pre- and post-3rd dose (CCR9: 50% vs.
31%, p = 0.3; CD103: 18% vs. 7%, p = 0.4; CCR9/CD103: 1.4%
vs. 3.4%, p = 0.3). A proportion of tetramer+ cells pre- and
post-3rd dose also expressed the lymphocyte integrin α4β7,
which regulates T cell migration to the intestine (21% vs. 16%,
p = 0.7). These data demonstrate that SARS2 spike-specific cells
in breastmilk respond in vivo upon antigen restimulation.

DISCUSSION
We present a comprehensive comparison of the T cells present
in breastmilk relative to peripheral blood, considering pheno-
type, diversity, and antigen specificity. We find that T cells in
breastmilk are nearly uniform memory populations and have
high expression of mucosal-homing markers. Their TCRβ reper-
toire is diverse yet distinct from paired PBMC and with select
overabundant clones. Further, we identify SARS2 spike-specific
clones in the breastmilk of mRNA-vaccinated individuals,
emphasizing that vaccine-specific T cells are present at mucosal
sites such as the breast, with important implications for both
maternal and infant health.

Breastmilk T cells were enriched for TEM populations, indicat-
ing that breastmilk T cells may be poised to respond rapidly fol-
lowing antigen re-encounter42. Further, breastmilk T cells
displayed high levels of mucosal-homing markers, consistent
with earlier reports in individuals living with or without HIV7.
These data suggest that breastmilk T cells may be derived from
a tissue-resident population in the breast43 rather than vessel
microtrauma and contamination by peripheral blood. The high
expression of both CCR9 and CD103 by breastmilk T cells also
supports the notion of an entero-mammary axis44. Future stud-
ies should investigate whether breastmilk T cells traffic to the
infant respiratory and gastrointestinal tracts when consumed
and enhance cellular immunity to pathogens, as has been
shown in helminthic infection in mice18, or amplify infant
response to homologous vaccination, as has been shown with
tetanus vaccination in lambs21.

Fig. 2 The TCR repertoires in breastmilk and peripheral blood are distinct. Bulk TCRβ sequencing from BMC and PBMC individuals who had
paired samples available and at least 1,000 TCRβ templates in the BMC sample (n = 11). Each clone is represented as a dot, with the relative
frequency in BMC represented on the X axis and relative frequency in PBMC on the Y axis. TCRβ repertoire overlap was analyzed using the M.I.
(value inset), with a value of 0 representing no repertoire overlap and a value of 1 representing complete overlap of the repertoires. The
frequencies of each individual TCRβ clonotype in the two compartments were statistically compared using the immunoSEQ® Differential
Abundance Tool. Gray dashed line indicates frequency equality in the two compartments. Blue dots represent clonotypes that are significantly
more abundant in BMC relative to PBMC. Orange dots represent clonotypes that are significantly more abundant in PBMC relative to BMC.
Gray dots represent clonotypes that were not significantly different in frequency between the two compartments. Pale gray dots represent
clonotypes that fell below the frequency for valid statistical comparison. As a control, TCRβ clonotypes from an individual’s PBMC obtained
nine days and 17 days after 2nd mRNA vaccine dose were compared (upper left plot), demonstrating a high degree of repertoire overlap and
only a few clones expanded at the 2nd time point relative to the 1st. BMC = breastmilk cells; M.I. = Morisita index; PBMC = peripheral blood
mononuclear cells; TCR = T cell receptor; TCRβ = TCR beta chain.

▸
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The TCRβ repertoire in BMC was diverse and had uniquely
expanded clonotypes relative to paired PBMC. To date, studies
have focused on T cell responses to specific pathogens7–12 rather
than capturing the full diversity of the compartment. The low
degree of TCRβ repertoire overlap between the BMC and PBMC
may reflect a difference in the distribution of naïve versus
antigen-experienced T cells. However, the absolute clonality
was similar, and there was evidence of high-frequency clono-
types, likely memory cells, that were differentially abundant, sug-
gesting distinct T cell responses in the two compartments

independent of the naïve population. The observation of over-
abundant clones in the BMC is consistent with prior reports of
enrichment of virus-specific responses in breastmilk relative to
PBMC7–10, although in our paired TCRβ analysis, only one individ-
ual had cytomegalovirus-specific TCRβ and none reported HIV
infection, emphasizing that this breast-specific enrichment is
not restricted to clones specific to these viruses. In addition, within
each individual, overabundant clones were diverse.

To identify antigen specificity of BMC T cells, we used a com-
bination of prior published TCRβ specificities and predictive

B. Armistead, Y. Jiang, et al.

45

Mucosal Immunology (2023) 16:39–49 www.elsevier.com



algorithms. Although the specificity of the vast majority of BMC
overabundant clones remained elusive, we were able to detect
SARS2 spike-specific clones with high confidence in most indi-
viduals. Consistent with previous observations of convergent
epitope specificity across HLA concordant individuals following
SARS2 mRNA vaccination36, we found identical spike-specific
CDR3 sequences in BMC of several individuals. This observation,
along with the approval of 3rd mRNA vaccine doses, provided a
unique opportunity to observe the dynamics of spike-specific
CD8+ T cells in the breastmilk after antigen re-encounter using
well-validated HLA class I tetramers loaded with spike epi-
topes36–38,41. In contrast to blood-derived CD8+ T cells, the fre-
quency of tetramer-positive CD8+ T cells in breastmilk

significantly increased after the 3rd SARS2 mRNA vaccine dose,
suggesting that T cells in the lactating breast may be particularly
poised to respond to maternal mRNA vaccination. These
expanded populations may reflect increased trafficking from
the periphery or local antigen re-exposure, consistent with
recent reports of detectable SARS2 mRNA vaccine in breast-
milk45. Tetramer+ CD8+ T cells in breastmilk had high expression
of activation and mucosal-homing markers, emphasizing their
functional potential28.

In addition to the potential benefit provided to the infant, the
recognition of the breast as a site of mucosal immunity distinct
from peripheral immunity has important implications for the
study of vaccine responses. Prior work on the response to SARS2

Fig. 3 Overabundant TCR clones in breastmilk are diverse. (A) For each individual participant with paired PBMC available (n = 11), all TCRβ
CDR3 amino acid sequences obtained from the BMC were compared to one another using tcrdist3; representative plots from two individuals
are displayed. Black ticks denote TCRβ sequences significantly overabundant in BMC relative to PBMC, demonstrating that overabundant
clones were distributed across the full breastmilk TCR repertoire for each individual (i.e. did not cluster by sequence); (B) Overabundant BMC
TCRβ CDR3 amino acid sequences from 11 participants were compared to one another across participants using tcrdist3. Overabundant clones
did not cluster by individual, and most clones were private, emphasizing the diversity of overabundant clones across individuals.
Overabundant TCRβ clones were further compared by CDR3 amino acid sequence and V gene usage against available public databases of
known TCR epitope specificity. Clones matching pathogen-specific epitopes are marked with colored ticks. Epitope matches were considered
a direct match if the CDR3 amino acid and TRβV gene were identical and were considered a predicted match if the CDR3 amino acid
sequences were identical, but V gene usage was mismatched. Only the minority of clone specificity could be assigned, and characterized
clones were tightly clustered across all individuals. For participant 10, only CDR3 amino acid sequences enriched by a factor ≥ 50 relative to
PBMC or with epitope specificity were included to reduce data skewing from this participant. BMC = breastmilk cells; CDR = complementarity-
determining regions; EBV = Epstein-Barr virus; Orf = open reading frame; Mtb = Mycobacterium tuberculosis; PBMC = peripheral blood
mononuclear cells; TCR = T cell receptor; TCRβ = TCR beta chain.
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mRNA vaccines has primarily focused on both CD4+ and CD8+ T
cell responses present in peripheral blood24,25 with limited study
of T cell responses at mucosal sites. One recent study found that
SARS2 mRNA vaccination induces the expansion of resident CD8
+ T cells in the upper respiratory tract28, suggesting that SARS2
mRNA vaccines promote robust T cell responses in the mucosa.
In addition, a recent study reported an increase in spike peptide-
reactive T cells in breastmilk following mRNA vaccination23, con-
sistent with our observations. Notably, lower respiratory tract
responses are difficult to access in human populations, whereas
the collection of breastmilk in lactating individuals is non-
invasive. While the association between respiratory tract and
breastmilk T cell responses merits further investigation, measur-
ing immune responses in breastmilk may allow for characteriza-
tion of mucosal immunity more broadly following vaccination.

Our study had several limitations. BMC T cells were low fre-
quency, and although we designed our experimental approach
to maximize the information obtained from each sample, the
sampling depth between BMC and PBMC differed. However,
we took advantage of several computational solutions to over-
come this challenge, including repertoire analysis utilizing tools
less susceptible to bias with differences in sampling depth and
down-sampling for clonality analysis. We were further limited
to bulk TCRβ sequencing of combined CD4+ and CD8+ popula-
tions, as the number of each sub-population was too small to
meet technical requirements to analyze separately. Future work
should consider the use of single-cell RNA sequencing to inves-
tigate the two populations separately. The number of T cells
recovered from each breastmilk sample limited our ability to
conduct functional analyses. However, we took advantage of
individuals who received a 3rd dose of SARS2 mRNA vaccine to
demonstrate expansion of spike-specific T cells with tetramer
staining. We utilized previously frozen and thawed BMC and
PBMC, which may have biased recovery of cell populations, par-
ticularly in breastmilk. Future studies should consider detailed
analysis of fresh BMC if possible. Finally, initiation and support
for breastfeeding vary by demographic groups, including
socioeconomic status, and future work should address a more
diverse population of lactating people.

Fig. 4 Candidate SARS2 spike-specific T cells are enriched in the breastmilk relative to the peripheral blood of vaccinated individuals. The
frequency of candidate spike-specific clones in all sequenced PBMC and BMC (n = 14 paired, n = 2 BMC only) was expressed relative to all
clones predicted to bind to SARS2 antigens. Spike template frequency was compared using a negative binomial model, **p < 0.01. (A) TCRβ
sequences predicted to bind to SARS2 were identified in BMC and PBMC using the ImmunoSEQ® T-MAP COVID Search Tool and are mapped
by their epitope binding location on the spike protein. Gold line indicates the amino acid position of the spike peptide pool that includes the
YLQPRTFLL epitope (HLA-A*02 restricted), green line indicates the position of the NYNYLYRLF epitope (HLA-A*24 restricted), and purple line
indicates the position of the LTDEMIAQY epitope (HLA-A*01 restricted); (B) Spike-specific TCRβ templates are enriched in BMC relative to
PBMC, incident rate ratio = 1.66, p = 0.004. BMC = breastmilk cells; CDR = complementarity-determining regions; HLA = human leukocyte
antigen; PBMC = peripheral blood mononuclear cells; TCRβ = T cell receptor beta chain.

Table 2. Spike epitope-loaded tetramers.

SARS2 spike epitope
sequence

Sequence position within spike
protein

HLA class I
restriction

YLQPRTFLL 269-277 HLA-A*02:01
NYNYLYRLF 448-456 HLA-A*24:02
LTDEMIAQY 865-873 HLA-A*01:01

HLA = human leukocyte antigen.
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We demonstrate that breastmilk T cells are highly diverse and
enriched for mucosal memory populations, emphasizing that
the lactating breast represents a key site of mucosal immunity
that warrants additional study. Further, we identify SARS2
spike-specific T cells in mRNA-vaccinated individuals, a critical
demonstration of vaccine-specific T cells in breastmilk. This
observation may have important implications for both the study
of vaccine-induced T cell responses in the vaccinated individual
as well as for passive infant protection.

AUTHOR CONTRIBUTIONS
Conceptualization: BA, YJ, and WEH. Methodology: YJ, MC, ESF,
SJ, JH, XW, LJ, TP, SEL, RNC, DMK, and WEH. Participant enroll-
ment: AK, WY, TN, and WEH. Investigation: BA, YJ, MC, ESF, SJ,
JH, XW, LJ, TP, DMK, and WEH. Visualization: BA, RC, MC, and
WEH. Funding acquisition: BA, ESF, SJ, AK, RNC, DMK, and
WEH. Supervision: NM, RNC, DMK, and WEH. Writing –draft: BA,

YJ, and WEH. Writing – critical review/editing: BA, YJ, ESF, SJ,
XW, NM, SEL, DMK, and WEH.

DECLARATION OF COMPETING INTEREST
The authors have no competing interests to declare.

FUNDING
Funding was provided by National Institute of Health (NIH) grants
T32AI007509 (BA), K08AI148588 (ESF), T32CA080416 (SJ),
K23AI153390-01 (AK), 1UM1AI148373-01 (RNC), 3UM1 AI148373-
01S1 (RNC), R21AI163999 (DMK), K08AI135072 (WEH); NIH con-
tract 75N93019C00063 (DMK); Burroughs Wellcome Fund Career
Award for Medical Scientists grant 1017213 (WEH); and University
of Washington and Seattle Children’s Research Institute (WEH).

DATA AVAILABILITY
All flow cytometry data are available in the Primary Data
Table (Table S1), and all TCR sequencing data will be deposited
in immuneACCESS®.

Fig. 5 SARS2 spike-specific T cells expand in breastmilk following 3rd mRNA vaccine dose. BMC and PBMC from before and ∼ 1 week after
receipt of the 3rd dose of SARS2 mRNA vaccine were stained with SARS2 spike epitope-loaded class I tetramers and analyzed by flow
cytometry to quantify spike-specific CD8+ T cells. Comparisons made with paired t tests, * p <0.05. Scatter plots of (A) HLA-A*02_YLQ-positive
(n = 5); (B) HLA-A*01_LTD-positive (n = 2); and (C) HLA-A*24_NYN-positive (n = 1) CD8+ T cells in breastmilk obtained before (top) and after
(bottom) 3rd mRNA vaccine dose are shown from HLA concordant individuals. Frequencies of tetramer+ cells of CD8+ T cells inset; (D)
Frequencies of tetramer+ cells of CD8+ T cells in BMC (n = 8, blue) and PBMC (n = 7, red). Triangle = HLA-A*02_YLQ, circle = HLA-A*01_LTD,
square = HLA-A*24_NYN. BMC: 0.8-2.8%, p = 0.03; PBMC: 0.04-0.04%, p = 0.9. BMC = breastmilk cells; CDR = complementarity-determining
regions; HLA = human leukocyte antigen; mRNA = messenger RNA; n.s. = non-significant; PBMC = peripheral blood mononuclear cells; TCRβ =
T cell receptor beta chain.
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Fig. S1. Inclusion criteria for study analyses. Breastmilk was collected from n=26 individuals, 

n=23 of which also contributed blood samples. Breastmilk and blood were processed for 

breastmilk cells (BMC) and peripheral blood mononuclear cells (PBMC), respectively. Individuals 

(n=6) were excluded from study analyses if <1,000,000 BMC were recovered at processing. Flow 

cytometry cell sorting was performed for n=20 individuals. Paired flow cytometry analysis was 

performed on samples for which both BMC and PBMC were available and at least 100 CD4+ and 
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CD8+ T cells were recorded (n=17). If <1,000 DNA genomic equivalents (GE) were recovered 

from sorted BMC, individuals (n=4) were excluded from TCR sequencing and TCR specificity 

analysis (n=16 included). If TCR sequencing yielded fewer than 1,000 TCR templates, individuals 

(n=3) were excluded from differential TCR abundance analysis. Individuals which met the above 

criteria and had both BMC and PBMC available (n=11) were included in differential TCR 

abundance analysis. Spike tetramer staining on pre- and post-3rd SARS2 mRNA vaccine dose 

samples was performed for n=5 individuals who returned from the original cohort and n=3 newly 

enrolled individuals. 
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Fig. S2. CD4+ and CD8+ T cell relative frequency in breastmilk and peripheral blood. 

Frequencies of CD4+ and CD8+ among CD3+ cells in BMC and PBMC were determined by flow 

cytometry (n=17). Comparisons made with linear regression and clustering by individual, *p< 0.05, 

n.s. (not significant). CD4+ (PBMC vs. BMC): 63% vs. 62%, p=0.6; CD8+ (PBMC vs. BMC):  30% 

vs. 24%, p=0.03. 
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Fig. S3. Overabundant TCR clones in breastmilk are diverse. Each TCRβ CDR3 amino acid 

sequence obtained from a participant’s BMC was compared to all other TCRβ CDR3 amino acid 

sequences within that participant’s BMC using tcrdist3 (n=11, n=9 shown here and n=2 presented 
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in Fig. 3A). Heatmaps depict distance units and clustering within each participant’s breastmilk T 

cell repertoire. Black ticks denote TCRβ sequences that were significantly enriched in BMC 

relative to PBMC in this participant.  
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Fig. S4. Pathogen-specific TCR clonotypes are present in overabundant breastmilk T cell 

clonotypes. CDR3 amino acid sequences of overabundant breastmilk clones from all participants 

were compared to TCRβ sequence databases populated by validated epitope -specific TCRs. 

Epitope matches were considered a direct match (marked with †) if the CDR3 amino acid and 

TRBV gene were identical and were considered a predicted match if the CDR3 amino acid 

sequences were identical but V gene usage was mismatched. The proportion of individual 

pathogen-specific T cell templates among all T cell templates within each participant is shown. 

Dual color striped bars indicate that the TCR has been reported to have specificity to two epitopes.   
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Fig. S5. Spike-specific antibody levels and the frequency of spike-specific T cells were not 

strongly correlated. Data were analyzed using a negative binomial regression model adjusting 

for time since delivery (n=13).  (A) The frequency of Spike-predicted TCRβ templates in PBMC 

are shown as a function of Spike-specific IgA level (left) and IgG level (right) in the plasma. Spike-

specific IgA by Spike-specific TCR frequency: IRR=1.1, 95% C.I. (0.85-1.5), p=0.4; Spike-specific 

IgG by spike-specific TCR frequency: IRR=1.1, 95% C.I. (0.90-1.3), p=0.4 (B) The frequency of 
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Spike-predicted TCRβ templates in BMC are shown as a function of Spike-specific IgA level (left) 

and IgG level (right) in aqueous breastmilk. Spike-specific IgA by Spike-specific TCR frequency: 

IRR=0.95, 95% C.I. (0.66-1.4), p=0.8; spike-specific IgG by spike-specif ic TCR frequency: 

IRR=0.97, 95% C.I. (0.88-1.1), p=0.6. (C) The frequency of spike-predicted TCRβ templates in 

BMC are shown as a function of Spike-specific IgA level (left) and IgG level (right) in the plasma. 

Spike-specific IgA by Spike-specific TCR frequency: IRR=0.86, 95% C.I. (0.59-1.3), p=0.4; spike-

specific IgG by spike-specific TCR frequency: IRR=0.9, 95% C.I. (0.68-1.1), p=0.3. 
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Fig. S6. Gating strategy for phenotyping BMC and PBMC. The gating strategy used to analyze 

(A) BMC and (B) PBMC that were stained with flow cytometry panel 1.  
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Fig. S7. Validation of Spike-loaded tetramer HLA*A02_YLQ. Positive and negative controls 

were analyzed for HLA-A*02:01-YLQ tetramer positive cells. (A) PBMC from an HLA-A*02:01 

negative donor obtained prior to 2019. (B) PBMC from an HLA-A*02:01 positive, SARS2 

convalescent donor were mixed with PBMC from an HLA-A*02:01 negative donor obtained prior 

to 2019 at a ratio of 1:1000. (C) PBMC from an HLA-A*02:01 positive, SARS2 convalescent donor 

were mixed with PBMC from an HLA-A*02:01 negative donor obtained prior to 2019 at a ratio of 

1:100. (D) The fluorescence minus one (FMO) HLA-A*02:01-YLQ tetramer control for the PBMC 

mixture described in (C) is shown.
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CHAPTER SUMMARY: In this chapter, we studied the kinetics of SARS-CoV-2-specific CD8 T 

cells in response to vaccinations. We observed that vaccination led to large expansions in 

spike-reactive T-cells. Additionally, using tcrdist3, we identified clusters of T cells with similar T 

cell receptors that were activated by and expanded in response to ex vivo stimulation. By 

focusing on clusters with similar TCRs from multiple patients with shared HLA types, we were 

able to de-orphan peptide-HLA-TCR pairs and identify novel TCRs that identify an 

immunodominant A03-restricted spike epitope.   
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Repeated mRNA vaccination sequentially 
boosts SARS-CoV-2-specific CD8+ T cells in 
persons with previous COVID-19

Emily S. Ford    1,2,12, Koshlan Mayer-Blackwell2,12, Lichen Jing1,12, Kerry J. Laing    1, 
Anton M. Sholukh    2, Russell St. Germain2, Emily L. Bossard    2, Hong Xie3, 
Thomas H. Pulliam1, Saumya Jani    1,3, Stacy Selke3, Carlissa J. Burrow    1, 
Christopher L. McClurkan    1, Anna Wald1,2,3,4, Alexander L. Greninger    2,3, 
Michael R. Holbrook    5, Brett Eaton    5, Elizabeth Eudy    5, Michael Murphy5, 
Elena Postnikova    5, Harlan S. Robins6, Rebecca Elyanow    6, 
Rachel M. Gittelman6,10, Matyas Ecsedi    7,11, Elise Wilcox    7, 
Aude G. Chapuis    1,7, Andrew Fiore-Gartland    2 & David M. Koelle    1,2,3,8,9 

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) hybrid 
immunity is more protective than vaccination or previous infection alone. 
To investigate the kinetics of spike-reactive T (TS) cells from SARS-CoV-2 
infection through messenger RNA vaccination in persons with hybrid 
immunity, we identified the T cell receptor (TCR) sequences of thousands of 
index TS cells and tracked their frequency in bulk TCRβ repertoires sampled 
longitudinally from the peripheral blood of persons who had recovered from 
coronavirus disease 2019 (COVID-19). Vaccinations led to large expansions 
in memory TS cell clonotypes, most of which were CD8+ T cells, while also 
eliciting diverse TS cell clonotypes not observed before vaccination. TCR 
sequence similarity clustering identified public CD8+ and CD4+ TCR motifs 
associated with spike (S) specificity. Synthesis of longitudinal bulk ex vivo 
single-chain TCRβ repertoires and paired-chain TCRɑβ sequences from 
droplet sequencing of TS cells provides a roadmap for the rapid assessment 
of T cell responses to vaccines and emerging pathogens.

Hybrid immunity from natural infection and vaccination is more  
protective against SARS-CoV-2 infection than either alone1–3.  
Vaccination after SARS-CoV-2 infection increases the abundance of 
virus-specific memory T (TM) cells4–7 and diversifies the spike (S)-specific 
TM cell pool8,9, two potential mechanisms by which hybrid immunity 

is protective against severe disease10, despite antigenic escape from 
neutralizing antibodies (nAbs) by variants of concern (VOCs)11. In most 
individuals, the recognition of multiple T cell epitopes12,13 largely pre-
serves T cell responses despite VOC evolution14, although T cell escape 
has been observed15. To profile the development of hybrid immunity,  
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change > 2 and a statistically significant change in frequency between 
serial visits and between E01 and E03 (hereafter E01–E03 expanded), 
when evaluated using a Fisher’s exact test with correction for multiple 
hypotheses (false discovery rate (FDR)-adjusted q < 0.05) (Fig. 1a and 
Supplementary Tables 3 and 4).

When assessing the clonal expansions induced by the first and 
second mRNA vaccinations, a median of 38 (IQR = 21–80, n = 28) and 
44 (IQR = 29–69, n = 32) statistically significant clonal expansions 
occurred across the intervals E01–E02 and E02–E03, respectively (Sup-
plementary Table 4). Cumulatively, a median of 72 (IQR = 51–104) sta-
tistically significant E01–E03 expanded TRB clonotypes were detected  
per participant, representing a median of 1.8% (IQR = 0.9–3.5%) of the 
circulating T cell repertoire in each participant (Supplementary Table 4).  
To assess the contribution of T cells established during infection to 
the vaccine response, we tracked TRB clonotypes that were either 
detected at E00 or E01 (post-infection TRB clonotypes, hereafter 
TRB-PI) or detected exclusively starting at E02 (post-vaccination TRB 
clonotypes, hereafter TRB-PV) (Fig. 1b). At E02 and E03, the total fre-
quencies of E01–E03 expanded TRB clonotypes ranged from 0.001% 
to 11% and 1% to 26%, respectively (Fig. 1c). At E03, the combined 
abundance of E01–E03 expanded TRB-PI represented 0.1% to 25% of 
each participant’s repertoire while TRB-PV represented 0.01% to 3%  
(Fig. 1c,d and Extended Data Fig. 3a). TRB-PI were numerically dominant  
(Fig. 1f); however, the proportion of unique TRB clonotypes was bal-
anced between TRB-PI and TRB-PV (Fig. 1e,g).

The repertoires of participants with E01–E03 expanded clones 
exceeding 5% of their total repertoire at E03 (P673, P582, P836, P761 
and P581) were characterized by a strong polyclonal expansion of 
clonotypes detected after infection (Fig. 1f). The breadth (that is, diver-
sity) of TRB-PV increased after dose 2 (E03) compared to dose 1 (E02)  
(Fig. 1g), indicating that successive doses increased the frequency and 
diversity of expanded clones. Most E01–E03 expanded TRB-PV per-
sisted in participant repertoires through to E05, but these clonotypes 
were not as likely to persist as expanded clonotypes detected after 
infection (Extended Data Fig. 3b).

Next, to evaluate the memory phenotype of clonotypes detected 
before the start of the vaccine series, we performed TCRβ-seq on 
sorted, pooled CCR7−CD45RA+, CCR7+CD45RA− and CCR7−CD45RA− 
(CD4+ and CD8+ combined) TM cells (Methods) from PBMCs isolated 
at E00 in seven participants (median age = 66.6, 2 female, 2 with 
severe COVID-19) (Supplementary Fig. 1 and Supplementary Table 5).  
Cross-referencing TRB sequences from E00 TM cells against E01–
E03 expanded TRB clonotypes indicated that at least 25–84% 
(median = 66%) of vaccine-expanded TRB-PI had a TM cell phenotype 
before vaccination (Supplementary Fig. 2a,b). Thus, serial bulk PBMC 
TRB sequencing identified clonotype expansions across each of two 
mRNA vaccine doses approximately 1 year after COVID-19, with a sub-
stantial contribution of confirmed TM cells.

Vaccination strongly expands CD8+ T cells in blood
To obtain paired TCRαβ sequences and determine the CD4+  
versus CD8+ T cell phenotype of E01–E03 expanded TRB clonotypes, 
we sorted T cells that coexpressed the activation-induced markers 
CD69 and CD137 after 18-h stimulation with peptides spanning the 
SARS-CoV-2 S protein (hereafter S peptides) from the E03 PBMCs of 17 
participants (median age = 60.6 years, range = 40.9–73.5, 4 with severe 
COVID-19, 6 female) with at least 50 E01–E03 expanded TRB clono-
types (Supplementary Table 4). Droplet single-cell TCR sequencing of 
CD69+CD137+ double-positive T cells (CD69+CD137+ AIM-scTCRɑβ-seq) 
was then used to define TS TCRs. TRB clonotypes from bulk TCRβ-seq 
were classified as TS if the frequency of the TRB rearrangement was 
enriched by CD69+CD137+ AIM-scTCRɑβ-seq compared to unsorted 
bulk TCRβ-seq at the same time point (Methods). The clonotype fre-
quency of TS cells in CD69+CD137+ AIM-scTCRɑβ-seq was correlated 
with the frequency in the bulk repertoires (Methods and Extended 

we collected 259 longitudinal peripheral blood mononuclear cell 
(PBMC) samples and 46 nasal swabs from 54 persons, from COVID-19 
convalescence through three mRNA vaccinations.

To investigate the diversity and kinetics of TS cells, we identified 
T cells that expressed the activation-induced markers (AIMs) CD69 
and CD137 on S peptide stimulation of PBMCs, defined their CD4+ and 
CD8+ T cell phenotypes with barcoded monoclonal antibodies (mAbs) 
and obtained paired-chain T cell receptor-αβ (TCRαβ) by single-cell 
sequencing (hereafter CD69+CD137+ AIM-scTCRαβ-seq). We also iden-
tified activated S-reactive CD4+ TRB clonotypes from PBMCs express-
ing either one of CD69 or CD137 plus at least one of the AIM CD134 or 
CD154 using single-chain TRB locus sequencing (CD4+AIM-TCRβ-seq). 
To track TS cells longitudinally, we matched the TCRβ sequences from 
CD69+CD137+ AIM-scTCRαβ-seq and CD4+ AIM-TCRβ-seq to the TRB 
locus sequences from bulk PBMCs (hereafter TCRβ-seq) obtained 
at six intervals between convalescence from SARS-CoV-2 infection 
and receipt of three mRNA vaccinations. By tracking the frequency 
of index CD69+CD137+ AIM-scTCRαβ-seq TS clones within bulk reper-
toires at all time points and matching to pre-vaccine memory subset 
repertoires, we were able to measure the recruitment and expansion 
of TS cell clonotypes as hybrid immunity developed. We observed 
divergent clonotype-level kinetics between S-reactive circulating CD8+ 
and CD4+ T cells. Sequence similarity clustering of paired-chain TCRs, 
identified by CD69+CD137+ AIM-scTCRαβ-seq, permitted inference 
of the restricting HLA alleles for many S-specific TCR motifs. Taken 
together, integration of bulk and single-cell TCR sequencing with HLA 
information provides a broadly applicable roadmap to ‘de-orphan’ 
pathogen-specific TCR sequences without a priori knowledge of 
epitope-level specificity.

Results
Vaccination provokes heterogeneous clonal expansions
To investigate heterogeneity in T cell response to vaccination after 
COVID-19, we performed bulk TCRβ-seq on PBMCs from 54 adults 
(28 females and 26 males, median age = 60.3 years, range = 31.4–73.5 
years) who were infected with SARS-CoV-2 between April and August 
2020, when the ancestral-like D614G strain prevailed16. The cohort 
contained 35 participants with mild or moderate (World Health 
Organization (WHO) severity scale 1–2)17 and 19 with severe (WHO 
severity scale 3–7) COVID-19 (Supplementary Table 1)18–21. Blood sam-
ples were obtained at six visits. Visit E00 (n = 54) occurred at day 78.5 
(median, interquartile range (IQR) = 56–105) after COVID-19 diag-
nosis. Visit E00.5 (n = 16, 12 with severe COVID-19) occurred at day 
146 (median, IQR 139–147) days after COVID-19 diagnosis. Visit E01 
(n = 34, 16 with severe COVID-19) occurred immediately before vaccine 
dose 1 (BNT162b2 or mRNA-1273), corresponding to day 369 (median, 
IQR = 333–390) after symptom onset. Visit E02 (n = 52) occurred at 
day 19.5 (median, IQR = 15–24) after dose 1 and before dose 2. Visit E03 
(n = 53) occurred at day 24 (median, IQR = 20–28) after dose 2. Visit 
E04 (n = 7, 2 with severe COVID-19) occurred before dose 3, at day 274 
(median, IQR = 251–308). Visit E05 (n = 44, 15 with severe COVID-19) 
occurred at day 41.5 (median, IQR = 26–69) after dose 3 (Fig. 1a and 
Extended Data Fig. 1).

Before evaluating T cell specificity directly, we examined the kinet-
ics of all unique TCRβ sequences (hereafter, TRB clonotypes) detectable 
in blood. To assess the impact of vaccination on the structure of the 
T cell repertoire, we compared the frequency of TRB clonotypes across 
the E01–E05 time points using pairwise differential relative abundance 
in the bulk TRB repertoire at each time point in 32 participants (Fig. 1a,  
Extended Data Fig. 2 and Supplementary Table 2). Among partici-
pants with the E01 and E03 repertoires, 21 of 32 had large expansions 
(1,000-fold or greater) of individual TRB clonotypes at E03 (after  
dose 2) compared to E01 (before vaccine) (Extended Data Fig. 2). To 
track the kinetics of potentially vaccine-expanded TRB clonotypes over 
the course of the study, we identified clones increasing by a log2 fold 
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Data Fig. 4). We identified 5,733 unique S-activated, paired TCRɑβ clo-
notypes (Methods and Supplementary Table 6), with roughly equal 
numbers of CD4+ and CD8+ TCRɑβ clonotypes (Supplementary Table 7). 
TCRβ-seq of nasal swabs at E05 (after dose 3) showed that TS identified 
by CD69+CD137+ AIM-scTCRɑβ-seq were detected in the nasal mucosa 

in 13 of 14 participants with CD69+CD137+ AIM-scTCRɑβ-seq data who 
performed nasal swabs (Extended Data Fig. 5).

There was substantial overlap between CD69+CD137+  
AIM-scTCRɑβ-seq clones and E01–E03 expanded TRB clonotypes 
(Fig. 2a and Extended Data Fig. 6). In 12 participants with both 
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Fig. 1 | Vaccines expand previously detected and low-abundance clonotypes. 
a, Timing of PBMC sampling and frequency (fraction of the bulk TRB repertoire) 
of individual clonotypes in E01 versus E03 in one representative participant 
(P673). Expanded (or contracted) clonotypes were defined as a log2 fold 
change > 2 (or <0.5) and Fisher’s exact test FDR-adjusted P < 0.05. b, Frequency 
of E01–E03 expanded clonotypes from E00 through E05 in two representative 
participants (P581 and P837). c, Sum of E01–E03 expanded TRB clonotype 
frequency (abundance) per participant detected at E00 and E01 (TRB-PI) or 
detected exclusively starting at E02 (TRB-PV, n = 28). d, Comparison of abundance 
of E01–E03 expanded TRB-PI and TRB-PV at E02 (n = 30), E03 (n = 30) and E05 

(n = 28) relative to E01. e, Number of unique E01–E03 expanded TRB-PI and 
TRB-PV clonotypes detected at E02 (after dose 1) and E03 (after dose 2), ranked 
according to the TRB-PI fraction of expanded clonotypes at E03. f, Breadth of 
E01–E03 expanded TRB-PI and TRB-PV clonotypes at E02 (n = 30), E03 (n = 30) 
and E05 (n = 28). g, Percentage of repertoire composed of E01–E03 expanded TRB 
clonotypes at E02 (n = 30), E03 (n = 30) and E05 (n = 28). In d, f and g, the level of 
statistical significance calculated using a Wilcoxon rank-sum test between groups 
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NS, not significant, *P < 0.05, **P < 0.01, ****P < 0.0001. The box plots represent the 
median, IQR and whiskers (1.5 times the IQR). All tests were two-sided.
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datasets (median age = 62.2 years, range = 47.7–73.5, 3 female, 2 with 
severe COVID-19), a median of 34% (IQR = 26–53%) of CD69+CD137+ 
AIM-scTCRɑβ-seq index TCRs matched E01–E03 expanded TRB 
sequences (Fig. 2b). Despite recovering similar numbers of CD4+ and 
CD8+ T cell clonotypes, 93% of the robustly E01–E03 expanded TRB 
matching CD69+CD137+ AIM-scTCRɑβ-seq TCRɑβ clonotypes were 

CD8+ T cells (Fig. 2b). Most CD69+CD137+ AIM-scTCRɑβ-seq-identified 
S-reactive CD4+ TCRɑβ clonotypes did not expand as markedly in 
response to vaccination as S-reactive CD8+ TCRɑβ clonotypes  
(Fig. 2c,e and Extended Data Fig. 6). Comparison of the mean trajecto-
ries (Fig. 2d) and median fold expansion (Fig. 2e) of the abundance of 
the CD69+CD137+ AIM-scTCRɑβ-seq-generated S-reactive clonotypes 
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Fig. 2 | Longitudinal kinetics of S-reactive clonotypes defined by  
AIM-scTCRαβ-seq from after infection to before vaccination. a, Overlay of 
TRB sequences from CD69+CD137+ AIM-scTCRαβ-seq of TS cells onto bulk TRB 
clonotype frequency at E01 and E03 in two representative participants. E01–E03 
expanded, non-expanded or contracted TRB clonotypes for TRB sequences 
matching CD69+CD137+ AIM-scTCRαβ-seq (TS) and unmatched TRB sequences 
(undetected) are shown. b, Numbers of expanded or non-expanded PBMC  
TRB-defined clonotypes matching CD8+ or CD4+ TS clonotypes in 12 participants 
also with E01–E03 samples. c, Longitudinal tracking of CD69+CD137+ AIM-
scTCRαβ-seq-identified CD4+ and CD8+ TS TRB clonotype abundance in the 
PBMCs of two representative participants. The number of unique CD69+CD137+ 

AIM-scTCRαβ-seq TRB clonotypes from E03 detected at each time point are 
shown. The percentages represent CD69+CD137+ AIM-scTCRαβ-seq TRB-PV 
clonotypes for the E02 and E03 time points. d, Mean abundances of S-reactive 
CD4+ and CD8+ T cell clonotypes identified by CD69+CD137+ AIM-scTCRαβ-seq  
in 17 participants at E00–E05. e, Distribution of fold changes (median,  
box (IQR) and whiskers (1.5 times the IQR)) observed for S-reactive CD4+ or  
CD8+ T cell clonotypes between E01 and E02 and E01 and E03. f, Intracellular 
cytokine staining after stimulation of PBMCs isolated at E01 (n = 7), E02 (n = 14) 
and E03 (n = 14) with S peptides. The level of statistical significance  
calculated using a paired, two-sided Wilcoxon signed-rank test is indicated. 
*P < 0.05, **P < 0.01.
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in all 17 samples indicated greater expansion of CD8+ than CD4+ T cells 
after vaccination.

Focusing on CD8+ TS cells, we analyzed the recruitment of rare 
versus abundant clonotypes by the first two vaccine doses. A median of 
50% (IQR = 33–61%) of the CD8+ CD69+CD137+ AIM-scTCRαβ sequences 
matching bulk TRB clonotypes at E03 were not detected at either E00 
or E01 (Extended Data Fig. 7). A median of 20% (IQR = 11–32%) of the 
S-reactive CD8+ TRB clonotypes found at E03 were not detected at E02 
(Extended Data Fig. 7), showing that the second dose of the vaccine 
entrained previously undetected CD8+ TS into the repertoire between 
E02 and E03 (Fig. 2c, Extended Data Fig. 7 and Supplementary Fig. 2). 
Thus, even in persons with an appreciable preexisting S-reactive CD8+ 
TM cell population due to SARS-CoV-2 infection, the second dose of 
mRNA vaccine expanded preexisting CD8+ TM and recruited previously 
naive or extremely rare CD8+ TM cell clonotypes, potentially broaden-
ing S recognition.

Vaccine kinetics of CD4+ and CD8+ TS cells diverge
To compare CD4+ and CD8+ TS trajectories using an independent 
method, we performed intracellular cytokine staining in PBMCs from 
E01 (n = 7), E02 (n = 14) and E03 (n = 14) visits from participants with E03 
CD69+CD137+ AIM-scTCRαβ-seq data using S peptides. We observed that 
the kinetics of interleukin-2 (IL-2)+CD4+ and interferon-γ (IFN-γ)+CD8+ 
T cell responses to S peptide stimulation at E03, relative to E02 and E01, 
were consistent to those tracked with CD69+CD137+ AIM-scTCRαβ-seq 
(Fig. 2d,f and Supplementary Table 8). Before vaccination, at E01, 
S-reactive IL-2+CD4+ T cells were detected at higher frequencies (median 

0.25%) than S-reactive IFN-γ+CD8+ T cells (median = 0.012%) (Fig. 2f). 
The frequency of S-reactive IL-2+CD4+ T cells in blood increased from E01 
to E02 (Fig. 2f). The frequency of IFN-γ+CD8+ T cells increased stepwise 
from the previous visit after each vaccine dose at E02 and E03 in 12 of 14 
participants (Fig. 2f). These data indicated a distinct pattern of expan-
sion in CD4+ and CD8+ T cells in response to the second vaccine dose.

To examine the kinetics of CD4+ and CD8+ CD69+CD137+ 
AIM-scTCRαβ-seq clonotypes in response to each vaccine dose, we 
performed unsupervised clustering of clonotype-level trajectories 
in 12 participants (as above) with matching bulk TCRβ-seq repertoire 
sequencing at E00, E01, E02, E03 and E05. Five classifications described 
the expansion or contraction trajectory of these T cell clonotypes: mini-
mal proliferation (group 1), proliferation at E02 followed by contraction 
(group 2), proliferation at E03 (group 3), proliferation at E02 without 
contraction (group 4) or proliferation at E02 and E03 (group 5) (Fig. 3a). 
In all 12 participants, many S-reactive CD8+ clonotypes proliferated at 
both E02 and E03 (group 5) (Fig. 3b). In contrast, most S-reactive CD4+ 
T cell clonotypes had minimal expansion (76% in group 1) or prolifer-
ated at E02 followed by contraction (21% in group 2), with few showing 
expansion in response to dose 2 (groups 3, 4 and 5) (Fig. 3a).

Activated CD4+ T cells can express diverse combinations of cell 
surface markers beyond CD69 and CD137 (ref. 22) (Supplementary 
Fig. 3). We therefore performed TCRβ-seq from sorted CD4+ T cells 
from PBMCs at E03 expressing either CD69 or CD137 and at least one 
of the activation markers CD134 or CD154 (CD69+(CD134/CD154)+ and 
CD137+(CD134/CD154)+) after incubation with S peptides (hereafter 
CD4+AIM-TCRβ-seq) in seven participants (median age = 66.6, 2 female, 
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Fig. 3 | Trajectories of S-reactive clonotypes defined by AIM-scTCRαβ-seq 
differentiate CD4+ and CD8+ T cells. a, Unsupervised hierarchical clustering of 
S-reactive clonotypes identified by CD69+CD137+ CD69+CD137+ AIM-scTCRαβ-
seq based on cosine similarity of their E00, E01, E02, E03 and E05 log productive 
frequency showing five major trajectory types: minimal proliferation (group 
1); proliferation at E02 followed by contraction (group 2); proliferation at E03 

(group 3); proliferation at E02 without contraction (group 4); or proliferation at 
E02 and E03 (group 5). The mean trajectory with each group is shown as a dashed 
line. b, The percentage of clonotypes per participant according to trajectory 
group for CD4+ and CD8+ TS cells in the 11 participants with CD69+CD137+ AIM-
scTCRαβ-seq phenotyping and PBMC sampling at all five visits (E00–E05).
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2 with severe COVID-19) (Supplementary Table 9). CD69+(CD134/
CD154)+ and CD137+(CD134/CD154)+CD8+ AIM identified very few 
CD8+ T cells (Supplementary Fig. 4 and Supplementary Table 10), but 
CD4+AIM-TCRβ-seq identified nearly twice as many S-reactive CD4+ TRB 
clonotypes as identified by CD69+CD137+CD4+AIM-TCRβ-seq (Extended 
Data Fig. 8). However, the expansion kinetics of the S-reactive CD4+ 
clonotypes identified by CD69+CD137+ AIM-scTCRαβ-seq and 
CD4+AIM-TCRβ-seq were similar (Supplementary Fig. 5). To further 
investigate the expansion of CD4 clonotypes from E01 to E03, we 
sorted bulk CD4+ T cells from both time points and compared clono-
type expansion in these cells to that observed in whole PBMCs. Few  
E01–E03 expanding clonotypes could be confirmed as CD4+ T cells 
(Fig. 2, Extended Data Figs. 6 and 8, and Supplementary Fig. 5). Overall, 
these experiments suggested that at the clonotype level, independent 
of method, CD4+ TS cells expanded only modestly in our cohort after 
mRNA vaccination.

Hybrid immunity elicits highly public TS TCR motifs
TCRs that recognize a common ligand often exhibit convergent 
sequence features23,24 in the CDR3 residues, which directly contact 
the peptide, and in CDR1 and CDR2, which can also contact peptide 
HLA. Using TCRdist—a multi-CDR position-weighted, biochemi-
cal distance metric—we computed pairwise sequence divergence 
among the 5,733 unique S-reactive TCRɑβ clonotypes recovered 
using CD69+CD137+AIM-scTCRαβ-seq from 17 participants (Methods) 
to define public TCR clusters24. A similarity graph was constructed 
from the 1,458 clonotypes that had at least one other similar TCR in 
the dataset, with edges joining sufficiently similar TCRs (a TCRdist 
metric ≤ 100 generally corresponds to similar TRBV and TRAV gene 
usage and 1–4 amino acid substitutions or deletions within CDR3ɑ and 
CDR3β). This identified 284 TCR clusters (Fig. 4a), often characterized 
by distinct CDR3 motifs, which were consistently expanded by mRNA 
vaccination from E01 to E03 across participants with a common HLA  
(Fig. 4b–h). The ten largest clusters (clusters 0–9) contained TCRs from 
3–11 participants and between 25 and 144 unique clonotypes (Fig. 4b–h 
and Supplementary Fig. 6). More than 97% of edges within TCR clus-
ters connected clonotypes with matching CD4+ or CD8+ assignments  
(Fig. 4a); many public TCR clusters were formed from groups of indi-
viduals expressing a shared HLA class I or class II allele (Supplementary 
Fig. 7 and Supplementary Table 11), suggesting common specificity for 
a peptide ligand restricted by this allele.

Cluster analyses identified many public TCRαβ paired motifs with 
matching TRB clonotypes expanded by vaccination, most notably in 
individuals expressing the HLA-A*02:01, A*03:01 or A*11:01 alleles (Fig. 4  
and Supplementary Figs. 6 and 7). Two large public clusters (clusters 0 
and 1) corresponded to previously identified NTGEL-TRBJ2-2 (Fig. 4b) 
and PDIE (Fig. 4c) motifs, which recognize the HLA-A*02:01-restricted 
epitope YLQPRTFLL (amino acid 269–277 in S, S269–277)9,14,25–29. While 
TCRs from clusters 0 and 1 were ubiquitous among HLA-A*02:01 par-
ticipants after infection (E00) and after dose 1 (E02 and later), a related 
HLA-A*02:01-assigned motif (cluster 8) was only commonly observed 
after dose 1 (E02 and later) (Fig. 4d). Cluster 8 TCRs were distinguished 
by longer CDR3α (14 amino acids) and CDR3β (16 amino acids) and 
strict TRAV12-1/TRBV29-1 usage compared to cluster 0 TCRs (Fig. 4b,d). 

Cluster 8 TCRs had a much lower probability of being generated30,31 
(median Pgen CDR3α = 5.1 × 10−9, CDR3β = 9.7 × 10−11) compared to 
cluster 0 TCRs (median Pgen CDR3α = 2.2 × 10−8, CDR3β = 1.5 × 10−8) 
(Fig. 4b,d), yet cluster 8 TCRs were expanded from E01 compared to 
E03 in 8 of 11 HLA-A*02:01 participants (Fig. 4d). This suggests that 
vaccination may diversify the set of circulating TCRs targeting immu-
nodominant epitopes.

We observed highly public HLA-A*03:01-associated TCR 
clusters, with sequence motifs found in at least six of the seven 
HLA-A*03:01-expressing participants (Fig. 4e–g). Two large 
HLA-A*03:01-associated clusters (clusters 4 and 5) shared CDR3α 
junctions with central NNNAG residues paired with distinct and V 
gene-biased CDR3β receptor motifs in cluster 4 (TRBV19-dominated) 
and cluster 5 (TRBV9-dominated) (Fig. 4e,f). The cluster 4 and 5 CDR3β 
motifs shared similar central junctional residues, such as SIKGG  
(Fig. 4e) and SPWGG (Fig. 4f), with a hydrophobic residue preceding 
diglycine residues (Fig. 4e,f). This pattern also appeared within the 
CDR3β motif of public HLA-A*03:01-associated cluster 6 (Fig. 4g). A 
prevalent HLA-A*11:01-associated receptor motif was found in 4 of 6 
HLA-A*11:01 participants (Fig. 4h). CD69+CD137+ AIM-scTCRαβ-seq 
groupings also included two large clusters (clusters 2 and 3) using the 
TRAV1-2 and TRAJ33 genes (Supplementary Fig. 6), characteristic of 
mucosal-associated invariant T (MAIT) cells32–34. Clonotypes in these 
MAIT clusters did not expand after vaccination in most participants 
(Supplementary Fig. 6). Together, this analysis linked clusters of similar 
TCRs with likely shared peptide reactivity to a potentially restricting 
HLA allele for experimental investigation.

AIM-scTCRαβ public cluster members are S-specific
To confirm the ligands of representative TCRs assigned to HLA-A*03:01, 
we expressed six TCRαβ identified with CD69+CD137+ AIM-scTCRαβ-seq 
from participant P673 in Jurkat cells that expressed mNeonGreen after 
TCR engagement (hereafter Jurkat reporter cells) (Fig. 5a). The TCRs 
selected were strongly expanded after vaccination (Fig. 5b) and rep-
resentative of the AIM-scTCRαβ clonotypes found in the TCR clusters 
(Fig. 4a). All six TCRs showed reactivity with peptide S378–387 (KCYG-
VSPTKL), an HLA-A*03:01-restricted epitope (Fig. 5c). Strong activation 
of Jurkat reporter cells was observed for each TCR in the presence of 
artificial antigen presenting cells (APCs) coexpressing HLA-A*03:01 
and full-length S from the ancestral strain Wuhan-1 (Wu-1) (Fig. 5d). 
Control artificial APCs expressing other HLA-A or HLA-B from par-
ticipant P673 with S, or HLA-A*03:01 alone, did not activate the Jurkat 
reporter cells (Fig. 5d). While this core epitope is invariant in Omicron 
variants of SARS-CoV-2, flanking amino acid residues can influence 
antigen processing35. Near full-length S and relevant peptides from 
Omicron BA.1, BA.2 or BA.4 SARS-CoV-2 also activated each TCR (Fig. 5d  
and Supplementary Fig. 8). We observed potential differences in the 
ligand requirements of the TCRs (Fig. 5c,e), indicating that TCRdist 
may cluster TCRs into functionally meaningful groups. TCR1 and TCR4, 
from clusters 269 and 6, respectively, recognized the 10-mer peptide 
S378–387 (KCYGVSPTKL), but not the internal 9-mers (KCYGVSPTK 
or CYGVSPTKL) (Fig. 5c). In contrast, TCR3 was versatile and equally 
recognized the parent 10-mer and each 9-mer (Fig. 5c). TCR2 optimally 
recognized S378–387 and partially recognized the internal 9-mers (Fig. 5c). 

Fig. 4 | TCRαβ sequence similarity network shows public CD8+ T cell 
responses among sequences recovered by AIM-scTCRαβ-seq. a, Sequence 
similarity graph with 1,448 paired TCRαβ clonotypes and 248 convergent CD8+ 
and CD4+ T cell clusters of two or more S-reactive clonotypes recovered from 17 
individuals at E03. Edges are formed between similar receptors (TCRdist ≤ 100). 
Edges indicate connections between TCRs observed in multiple or single 
participants. The circle size represents the relative frequency of each TCRαβ 
clonotype. Equivalent TCRαβ amino acid sequences may be included more than 
once if found in multiple participants. b–h, Logo plots for representative clusters 
(cluster 0 (b); cluster 1 (c); cluster 8 (d); cluster 4 (e); cluster 5 (f);  

cluster 6 (g); cluster 17 (h)) indicated by integers in a with inferred restricting HLA 
class I alleles (Methods), the number of participants contributing to each cluster 
with the matching HLA allele and graphs showing the sum of clonal frequency of 
the TRB sequences in each cluster in the longitudinal PBMC repertoires for each 
participant. For each CDR3 motif, the lower sequence logo shows the probability 
of each amino acid residue at each CDR3 position, while the upper sequence 
logo depicts the information content in bits comparing residue usage to a set of 
randomly selected CDR3 with the same V and J gene usage as the sequence  
cluster (Methods).
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Peptide titration confirmed differences in peptide length requirements 
between TCRs (Fig. 5e and Supplementary Table 12).

To confirm that CD69+CD137+ AIM-scTCRαβ-seq can identify 
antigen-specific CD4+ T cells, we expressed representative CD4+ TCRs in 

autologous polyclonal CD4+ T cells (Methods) and tested activation by S 
protein and peptides (Supplementary Fig. 9 and Supplementary Tables 13  
and 14). We further queried the clusters of CD4+ TS cells recov-
ered using CD69+CD137+ AIM-scTCRαβ-seq against previously 
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identified TS motifs. The CD69+CD137+ AIM-scTCRαβ-seq clusters of CD4+  
TS clonotypes overlapped with published CD69+CD154+CD4+TCR-seq 
single-chain TRA and TRB of CD4+ T cells responsive to mRNA vac-
cines in SARS-CoV-2-naive individuals36 (Supplementary Fig. 10a). 
In addition, CD69+CD137+ AIM-scTCRαβ-seq cluster 49 matched the 
TRAV35-NYGGSQ motif found enriched in the draining lymph nodes of 
DPA1*01:03/DPB1*04:02 individuals in response to an immunodomi-
nant S167–180 class II epitope37 (Supplementary Fig. 10b). The CDR3β of 
cluster 49 TCRs contained the S*RG**GY-TRBJ1-2 motif proposed to 
commonly pair with the TRAV35-NYGGSQ motif to form S167–180-reactive 
receptors38. Thus, the publicity of TS TCR motifs, the experimental con-
firmation of selected CD4+ and CD8+ T cell-origin TCRs and the recovery 
of TCRs similar to those previously identified as SARS-CoV-2-specific 
validated the use of AIM to discover antigen-specific receptors without 
previous epitope knowledge.

Severe disease imprints CD4+ TS cells
To further assess the participant-level heterogeneity and longitudi-
nal dynamics of SARS-CoV-2-reactive CD4+ T cells, we computed the 
breadth of clones in the E00–E05 samples that matched a diagnostic 
set of CD4+ T cell-associated TRB sequences reported to be enriched in 

SARS-CoV-2 convalescent compared to healthy control repertoires39 
as a measure of antigen-specific TCR diversity (hereafter diagnostic 
clonal breadth). These TRB sequences40–43 were previously assigned 
to S (n = 917) or non-S (n = 1,564) SARS-CoV-2 antigens42 (Methods). 
To examine if COVID-19 severity resulted in differential imprinting of 
the T cell repertoire, we compared the diagnostic breadth of patients 
with mild or moderate and severe COVID-19 (Fig. 6a and Supplemen-
tary Table 15). Severe infection was associated with greater overall 
SARS-CoV-2-specific TRB repertoire diversity after infection18,44. We 
observed greater diagnostic breadth of S-reactive CD4+ T cells in 
patients with severe COVID-19 compared to patients with only mild or 
moderate infection at E00 (0.014 versus 0.006%; Fig. 6a), but this dif-
ference was not detected at E01 or E02 (Fig. 6a). Diagnostic S-reactive 
CD4+ T cell breadth was elevated in participants with severe COVID-19 
compared to those with mild or moderate disease at E03 (0.012 versus 
0.008%) and E05 (0.009% versus 0.005%) (Fig. 6a). In contrast, the 
breadth of E01–E03 expanded TRB clonotypes at E03 did not corre-
late with the severity of previous infection (Fig. 6b). The diagnostic 
breadth of S and non-S CD4+ T cells weakly correlated (rank correlation 
ρ = 0.38, P = 0.019) at E00 (Fig. 6c). The diagnostic breadth of S-reactive 
CD4+ T cells increased promptly at E02 and slowly declined at E03 
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Fig. 5 | Transgenic CD8+ T cell-origin TCRs from five public clusters are 
activated in the context of HLA-A*03:01 and the KCY epitope. a, TRA and TRB 
gene usage and CDR3 sequences of transgenic TCRs from five public sequence 
similarity clusters expressed in Jurkat reporter cells (Methods). b, Frequency in 
the PBMCs of selected clonotypes in the bulk TCRβ-seq datasets from E00 to E03. 
c, Heatmap showing the percentage of maximal response for each TCR expressed 
in the Jurkat reporter cells cultured with HLA-A*03:01-expressing APC exposed 
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(1 µg ml−1) within a single experiment. d, Heatmap showing the percentage of 
maximal response for each TCR expressed in Jurkat reporter cells stimulated 
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shows the percentage of reporter cells with mNeonGreen fluorescence.
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and E05, in contrast to the non-S-reactive CD4+ T cell breadth, which 
remained stable from E01 to E05 after the initial decline from E00 to E01  
(Fig. 6d). Cytomegalovirus (CMV) infection has been reported to 
impact immune parameters related to SARS-CoV-2 infection or vac-
cine45,46. We did not observe any associations between imputed CMV 
infection status47 and the parameters of SARS-CoV-2-specific TRB 
repertoires at E00 (Fig. 6c).

To examine a potential correlation between T cell and humoral 
responses in this cohort, we measured nAb titers (NT50) in all  
participants. NT50 declined after SARS-CoV-2 infection (median = 80, 
IQR = 50–160 at E00; median = 60, IQR = 40–80 at E01), but was boosted 
in 51 of 52 participants at E02 (median = 2,560, IQR = 2,250–5,120;  
Fig. 6e). In contrast to dose-dependent serial boosting of CD8+ T cells 
from E02 to E03, little to no further increase in NT50 was observed from 
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E00 (n = 35), E01 (n = 18), E02 (n = 35), E03 (n = 35) and E05 (n = 29) and severe 
COVID-19 at E00 (n = 19), E01 (n = 16), E02 (n = 17), E03 (n = 18) and E05 (n = 15). 
b, Breadth of E01–E02, E01–E03 and E01–E05 expanded clonotypes in mild 
or moderate COVID-19 at E02 (n = 17), E03 (n = 18) and E05 (n = 16), and severe 
COVID-19 at E02 (n = 12), E03 (n = 15) and E05 (n = 12). c, Rank correlation of 
diagnostic sequence-defined metrics (S, non-S) with severity and neutralization 
titers (NT50) at E00 (n = 51). CMV exposure was imputed from the TRB repertoire 
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coefficient); the asterisks represent the level of statistical significance. d, Breadth 

of inferred CD4+ TS and TNS TRB sequences from PBMCs at E00 (n = 54), E01 
(n = 34), E02 (n = 52), E03 (n = 53) and E05 (n = 44). e, NT50 of serum antibodies 
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E02 to E03 (Fig. 6e). The after infection diagnostic breadth of CD4+ T cells 
at E00 was correlated with both NT50 at E00 (ρ = 0.49, P = 0.00004; 
Fig. 6f) and after vaccination at E02 (ρ = 0.46, P < 0.001; Fig. 6f), and 
NT50 at E00 was correlated with NT50 at E02 (ρ = 0.38, P = 0.007;  
Fig. 6g). These data were consistent with CD4+ T cell help to B cells and 
possible detection of S-specific circulating follicular helper-like T cells, 
which have been positively associated with nAb titers48. These results 
suggested that in hybrid immunity severe disease imprints a more 
diverse and persistent CD4+ TS cell population, which was maintained 
after repeated antigen exposure.

Discussion
In this study, we longitudinally profiled the cellular and humoral immu-
nity in a cohort of adults from after SARS-CoV-2 infection through to 
three doses of mRNA vaccine. We used CD69+CD137+ AIM-scTCRαβ-seq 
and CD4+ AIM-TCRβ-seq to obtain index TS clonotypes to track in serial 
bulk TRB repertoires. This revealed divergent vaccine response kinetics 
between CD4+ and CD8+ TS cells. In persons with previous SARS-CoV-2 
infection, mRNA vaccines induced profound, albeit variable, expansion 
of preexisting circulating TM cell clones. We observed that the first 
two doses of the vaccine augmented S-reactive clonotypic diversity 
in the blood, which is consistent with observations in peptide–HLA 
oligomer-sorted T cells after repeated antigen exposure9. These doses 
lead to strong expansion in CD8+ TS clonotypes measured using both 
CD69+CD137+ AIM-scTCRαβ-seq and intracellular cytokine staining. 
Rapid expansion of CD8+ T cells after the first mRNA vaccination has 
also been described in SARS-CoV-2-naive individuals25.

In contrast to our results, a study that measured the percentage of 
AIM+CD4+ TS or AIM+CD8+ TS cells (AIM+ defined as four of the five acti-
vation markers CD200, CD154, CD137, CD107a and IFN-γ) in the blood 
of 11 individuals with previous SARS-CoV-2 infection found prominent 
CD4+ TS cell expansion, but little increase in CD8+ TS cells49. Differences 
in study design (the cohort was younger, median age = 34.7 compared 
to 60.7 years in our study; shorter intervals between infection, vac-
cination and PBMC sampling49; and an emphasis on specificity over 
sensitivity) may account for these divergent conclusions. The CD8+ 
TS cell selection49 was more restrictive than ours and included CD154, 
which is seldom expressed on activated CD8+ T cells50,51. The different 
results could also stem from an incomplete coverage of S protein when 
measuring CD8+ T cell responses49,52. To increase sensitivity, we used 
CD69+CD137+CD8+ to identify vaccine-responsive CD8+ TS cells and two 
methods to identify vaccine-responsive CD4+ TS cells (CD69+CD137+ 
and (CD69/CD137)+(CD134/CD154)+). We further used intracellular 
cytokine staining to compare CD4+ and CD8+ TS cells after the first 
and second vaccine doses. With all approaches, we found robust CD8+ 
T cell expansion and a more modest CD4+ T cell expansion after the 
second vaccination.

This report builds on previous work describing longitudinal 
dynamics in TCR repertoires in general, and the response to SARS-CoV-2 
infection and vaccination in particular. A foundational study identified 
vaccine-expanded TRB sequences after yellow fever vaccination in 
naive individuals to link yellow fever-associated TRB sequences and 
shared HLA alleles to T cell clones of unknown specificity53,54. Previous 
work defined many individual TCRs and TCR clusters in the context of 
TM cell contraction after COVID-19 (ref. 55) or SARS-CoV-2 vaccination 
in naive individuals56 by peptide–HLA oligomer-sorted T cells or sta-
tistical enrichment versus a control (often historical) population. Our 
work used AIM with statistical filters to assign S specificity to individual 
TCRs. We recovered thousands of paired-chain TCRαβ sequences with 
S reactivity to augment public databases57 for characterizing T cell 
responses to vaccines58,59 and reveal both α-chain and β-chain sequence 
features contributing to epitope specificity. We report a large set of 
experimentally validated public CDR3 sequence motifs for an immuno-
dominant A*03:01-restricted S epitope. Through experimental valida-
tion of proposed S-specific TCRs within sequence-similar clusters, we 

successfully de-orphaned TCR–peptide–HLA ligand pairings without 
previous knowledge of epitopes or restricting HLA.

Our study has several limitations. We studied heterologous expo-
sure only in the context of infection before vaccination. The order of 
serial antigen exposure may differentially shape the TCR repertoire. 
Our study was not structured to detect associations of TCR clono-
types with functional profiles or with COVID-19 severity. Because our  
participants were infected early in the pandemic and were generally 
older (median age = 60.6 years), our findings may not directly trans-
late to younger individuals. Another limitation is the inability to infer 
directly whether E01–E03 expanded clonotypes that were below the 
limit of detection at all time points before vaccination came from 
either very rare TM or naive T cell populations. However, we showed 
that both doses of mRNA vaccination can expand low-abundance CD8+ 
T cell clonotypes that were undetectable after SARS-CoV-2 infection. 
Synthesis of serial bulk TCRβ with single-cell TCRαβ sequencing pro-
vides insights into the spectrum of mRNA vaccine potency across doses 
and a tool to efficiently focus research attention on antigen-specific 
TCRs for detailed assignment of epitope specificity. Further research 
is required to determine how the phenotype, durability and distribu-
tion of CD4+ and CD8+ T cells elicited by hybrid exposure compare to 
responses elicited by infection or vaccination alone.
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Methods
Participants and specimens
Persons with a self-reported history of PCR-confirmed COVID-19 were 
recruited through local advertising from April through to August 
2020 in the Seattle area for convalescent plasma donation (Clinical-
Trials.gov registration: NCT04338360, NCT04344977). Participants 
provided written informed consent to the University of Washington 
institutional review board-approved protocol STUDY00004312 
‘Protocol for the Collection of Laboratory Research Specimens’.  
Participant data were collected and managed in RedCap, a protected 
health information-secure data collection and management resource 
(hosted at the University of Washington Institute of Translational 
Health Sciences)60. PBMCs were cryopreserved at 5–10 × 106 cells 
per vial in 10% dimethylsulfoxide (DMSO), 50% human serum, 40% 
Roswell Park Memorial Institute (RPMI) 1640 in LN2. Plasma from 
heparin-anticoagulated blood or serum was frozen at −20 °C.

Study cohort
Fifty-seven individuals agreed to observational PBMC samples from 
disease convalescence through to vaccination. No statistical methods 
were used to determine sample sizes. Two individuals without an E00 
or E03 sample were excluded, as was one individual who did not receive 
an mRNA vaccine. Of the remaining 54 participants, 35 had mild or 
moderate and 19 severe COVID-19 requiring hospitalization and oxygen 
support. Eight had critical illness requiring intensive care unit admis-
sion. All individuals attested to a diagnostic PCR sample confirming 
SARS-CoV-2 infection; 50 were confirmed. Twenty-eight were female. 
The median age was 60.3 years, range 31.4–73.5 years. Comorbidities 
that did not preclude blood or plasma donation included a history of 
cancer (n = 8), heart disease (n = 9), renal disease (n = 4), hypertension 
(n = 9), hyperlipidemia (n = 10), lung disease (n = 9) and diabetes (n = 9). 
One participant (P845) was serologically naive before vaccination and 
was excluded from the statistical analyses (Supplementary Fig. 11). 
Three participants (P545, P664 and P669) had breakthrough infec-
tions between the second and third mRNA vaccine doses and the E05 
samples were excluded from the statistical analyses (Extended Data 
Fig. 1 and Supplementary Table 16). Data collection and analysis were 
not performed blinded to the conditions of the experiments.

SARS-CoV-2 and CMV infection status
Plasma nAbs to the SARS-CoV-2 strain WA1 were measured using 
microfluorescence61 and resulted as the reciprocal dilution inhibiting 
infection by 50% (NT50). The antibodies used in the neutralization 
assay were an anti-SARS rabbit monoclonal nucleocapsid antibody 
(1:8,000 dilution, catalog no. 40143-R001, Sino Biological), Alexa 
Fluor 594-conjugated goat anti-rabbit IgG secondary antibody (1:2,500 
dilution, catalog no. A11037, Thermo Fisher Scientific) and Hoechst 
33342 nuclear stain (catalog no. H3570; Thermo Fisher Scientific). 
Plasma SARS-CoV-2 anti-strain Wu-1 S and anti-N IgG were measured 
using a microbead-based binding assay62 and are reported as µg ml−1. 
CMV infection status was imputed from the analysis of whole PBMC 
TRB repertoires from the first available sample from each individual 
using the CMV classifier tool (Adaptive Biotechnologies), an update 
of published methods47 (Supplementary Table 1).

Isolation of memory and naive T cell subsets
From the earliest available time point (E00), for selected indi-
viduals, cryopreserved PBMCs (2 × 107) were thawed and stained  
with anti-human CCR7-PE (1.25:100 dilution, clone G043H7, BioLe-
gend), anti-human CD95 Pacific Blue (2.5:100 dilution, clone DX2, 
BioLegend), anti-human CD45RA-APC (1.25:100 dilution, clone HI100, 
BioLegend), anti-human CD4 Brilliant Violet 510 (2.5:100 dilution, clone 
A161A1, BioLegend), anti-human CD8-FITC (5:100 dilution, clone 3B5, 
Thermo Fisher Scientific), anti-human CD3-ECD (2:100 dilution, clone 
UCHT1, BD Biosciences) and 7-AAD (1:10 dilution, BD Biosciences). 

Among gated, live CD3+ single cells, single-positive CD4+CD8− and 
CD4−CD8+ cells were identified and double-negative or double-positive 
cells were excluded. CD4+CD8− and CD4−CD8+ cells were analyzed 
separately for CCR7 and CD45RA. CCR7+/CD45RA+ cells were separated 
from cells expressing one or neither marker. CD45RA-intermediate 
and CCR7-intermediate cells (<5% of total CD3+ T cells) were excluded. 
Among pooled CCR7+/CD45RA+ central memory, CCR7−CD45RA− effec-
tor memory cells re-expressing CD45RA and CCR7−/CD45RA+ effector 
memory cells, most (>99%) were CD95+. Among CCR7+CD45+ cells 
preliminarily assigned as naive, cells with CD95 expression below the 
lower limit of CD95 expression among memory cells were defined as 
naive. Thus, specificity for memory or naive subsets was emphasized 
over cell inclusion in the gating scheme. CD4+ and CD8+ cells were 
pooled for memory and naive TRB repertoire analyses. A representative 
gating scheme is shown in Supplementary Fig. 1; participant and raw 
sequencing results are shown in Supplementary Table 5.

AIM detection and sorting of SARS-CoV-2-reactive T cells
PBMCs were thawed and cultured at 4 × 106 cells per well in 2 ml per 
well T cell medium (TCM)63 in 2–3 wells of a 24-well plate with 1 µg ml−1 
of each peptide covering SARS-CoV-2 strain Wu-1 S (PM-WCPV-S-1, JPT 
Peptide Technologies) at a final concentration of 0.2% DMSO or DMSO 
negative control. Peptides were 15-amino-acid-long with an 11 amino 
acid overlap. After 18 h, cells were recovered by centrifugation into 
50 µl PBS with 1% BSA and incubated with 5 µl TruStain FcX blocking 
reagent (BioLegend) for 10 min on ice, followed by the addition of 50 µl 
of a cocktail (Supplementary Table 17) of oligonucleotide-labeled mAbs 
(TotalSeq-C, BioLegend) for 5 min on ice. Cells were then stained with 
anti-CD3-FITC (3:200 dilution, clone SK7, BioLegend), anti-CD69 Bril-
liant Violet 421 (3:100 dilution, clone FN50, BioLegend), anti-CD137-APC 
(2:10 dilution, clone 4B4-1, BD Biosciences) and 7-AAD (1:10 dilution, 
BD Biosciences), washed and resuspended in 1 ml TCM. Live, single, 
CD3+ cells expressing CD69 and CD137 were sorted (FACSAria II, BD 
Biosciences) from S-stimulated PBMCs for subsequent CD69+CD137+ 
AIM-scTCRɑβ-seq (for a representative gating tree, see Supplementary 
Fig. 12a).

To study the AIM combinations, we investigated both the abun-
dance and TRB repertoire of CD4 T cells staining for various mark-
ers. PBMCs were stimulated and stained with anti-CD3-PE (1:200 
dilution, clone UCHT1, BioLegend), anti-CD4-APC-H7 (1:40 dilution, 
clone RPA-T4, BD Biosciences), anti-CD8-FITC (1:20 dilution, clone 
3B5, Thermo Fisher Scientific), anti-CD25-PE-Cy7 (1:50 dilution, clone 
BC96, BioLegend), anti-CD134 Brilliant Violet 480 (1:50 dilution, clone 
L106, BD Biosciences), anti-CD69 Brilliant Violet 421 (3:100 dilution, 
clone FN50, BioLegend), anti-CD137-APC (1:5 dilution, clone 4B4-1, BD 
Biosciences), anti-CD154 Brilliant Violet 711 (1:50 dilution, clone 24-31, 
BioLegend) and 7-AAD. After washing, data were acquired on a FACSAria 
III in analytical mode. Gating and Boolean analyses used FlowJo v.10.7.1 
(FlowJo LLC). Gating schemes are shown in Supplementary Fig. 12. We 
investigated the activation of CD4+ T cells by measuring the tumor 
necrosis factor (TNF) receptor (TNFR) family members CD134 (OX40L), 
CD137 (4-1BB) and CD154 (CD40L), CD25 (IL-2 receptor subunit) and 
CD69. We considered five pairs of activation markers, that is, CD69/
CD137, CD25/CD134, CD134/CD137, CD134/CD154 and CD137/CD154, 
and set the sum of cells expressing at least two markers to 100%. For 
CD8+ T cells, CD69/CD137 detected a median of 85.7% of all activated 
cells, with CD134 and CD154 showing very little activation (Supplemen-
tary Figs. 2 and 12). For CD4+ T cells, the sensitivity to detect peptide 
activation using CD69/CD137 was more limited (median = 21.1%). How-
ever, no AIM molecule pair was consistently the most sensitive. CD69/
CD137 showed better sensitivity than combinations of two TNFRs and 
was used for AIM-scTCRαβ-seq to identify both CD4+ and CD8+ T cell 
activation using peptide stimulation. To study the relationship between 
selection markers and TCR repertoires, we selected seven individuals 
with PBMC availability at the E03 time point (Supplementary Table 10). 
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We sequentially sorted live, single, CD3+ and CD8− T cells stimulated for 
18 h with S peptides, first selecting all CD69+/CD137+ cells (fraction 1,  
black gates), and then selecting any residual CD69+ cells expressing 
CD134 or CD154 (fraction 2, blue gates). Finally any residual CD137+ 
cells expressing CD134 or CD154 (fraction 3, red gates) (representative 
gating scheme, Supplementary Fig. 4) were sorted live. Fraction 1 and 
pooled fractions 2 and 3 were submitted (separately) for bulk TCRβ-seq.

Intracellular cytokine staining
Cryopreserved PBMCs were thawed and rested overnight. PBMCs 
(1 × 106 per well) were stimulated with a SARS-CoV-2 S overlapping 
peptide pool (1 µg ml−1 each peptide, JPT Peptide Technologies; 
0.4% final DMSO concentration), 0.4% DMSO as a negative control 
or PHA-P (1.6 µg ml−1 final concentration, Remel) as a positive con-
trol, in the presence of anti-CD28 (1:1,000 dilution, clone L293, BD 
Biosciences) and anti-CD49d (1:1,000 dilution, L25, BD Biosciences) 
antibodies at 37 °C for 6 h. Brefeldin A (Sigma-Aldrich) was added 
after 2 h. Cells were stained with LIVE/DEAD Fixable Near-IR dye (1:250 
dilution, Invitrogen), treated with FACS lyse (BD Biosciences) and 
frozen at −80 °C. For staining, cells were thawed, washed and per-
meabilized with Permeabilizing Solution 2 (BD Biosciences), then 
stained with fluorochrome-labeled mAbs to anti-human CD3-PE-Texas 
Red (1:40 dilution, clone UCHT1, Beckman Coulter), anti-human CD4 
Brilliant Violet 510 (1:83 dilution, clone SK3, BioLegend), anti-human 
CD8-PerCP-Cy5.5 (1:33 dilution, clone SK1, BD Biosciences) and the acti-
vation markers anti-human CD40L Brilliant Violet 421 (1:167 dilution, 
clone TRAP1, BD Biosciences), anti-human IFN-γ-PE (1:500 dilution, 
4S.B3, BD Biosciences), anti-human IL-2-APC (1:250 dilution, clone 
MQ1-17H12, BD Biosciences) and anti-human TNFα-FITC (1:400 dilu-
tion, clone Mab11, BD Biosciences). Events were recorded with a BD 
Fortessa and analyzed with FlowJo (v.10 for Mac).

Bulk TCR sequencing
Genomic DNA was extracted from frozen PBMC samples using 
the QIAGEN DNeasy Blood Extraction Kit. Immunosequencing of  
the CDR3 regions of the TCRβ chains used the immunoSEQ Assay (Adap-
tive Biotechnologies). Input DNA was amplified in a bias-controlled 
multiplex PCR, followed by high-throughput sequencing. Sequences 
were collapsed and filtered to identify and quantitate the absolute 
abundance of each unique TCRβ CDR3 region for further analysis, as 
described elsewhere40,41,43. Blood TRB sequencing recovered a median 
of 429,661 productive TRB templates and 242,861 unique productive 
TRB rearrangements (clonotypes) per sample (Supplementary Table 2).  
For the analyses of bulk repertoires, the term clonotype was used 
for a unique TRB sequence: a CDR3 nucleotide sequence and associ-
ated TRBV and TRBJ genes. These generally distinguish a unique T cell 
clonotype; occasionally, a single TRB may pair with more than 1 TRA 
in distinct T cell clonotypes. To assist the assessment of expanded or 
AIM-selected T cell clonotypes as CD4+ T cells, we stained cells with 
anti-human CD3-PE-Texas Red (1:40 dilution, clone UCHT1, Beckman 
Coulter), anti-human CD4 Brilliant Violet 510 (1:83 dilution, clone 
SK3, BioLegend) and anti-human CD8-PerCP-Cy5.5 (1:33 dilution, 
clone SK1, BD Biosciences). We then sorted unstimulated live single 
CD3+CD4+CD8− cells from the E03 after vaccine time point for bulk TCR 
sequencing (for a representative gating scheme, see Supplementary 
Fig. 4a), selecting the same individuals used to study CD4+ T cell AIM 
selection conditions, and memory and naive cells (cells sorted per 
individual; Supplementary Table 10).

Single-cell TCR sequencing
Sorted single cells were segregated into nanoliter droplets (Chro-
mium Next GEM Single Cell 5′ Kit v2, PN-1000263; Chromium Next 
GEM Chip K Single Cell Kit, PN-1000286; and Chromium Controller; 
10X Genomics). The VDJ and antibody feature barcode libraries were 
made according to the user guide (CG000330 Rev C, 10X Genomics). 

Library quality was measured using a TapeStation (Agilent Technolo-
gies). Library DNA quantification was measured using a Qubit 3.0 
Fluorometer (Thermo Fisher Scientific). Sequencing depth was 5,000 
paired reads per cell with 26, 10, 10 and 150 configurations, assuming 
10,000 cells per library. Sequencing used the NovaSeq 6000 System 
(Illumina) and SP200 Kit (Illumina).

Single-cell VDJ sequencing and feature barcode data analysis 
and alignment
Raw sequencing data were processed with the Cell Ranger v.6.1.0 (10X 
Genomics) pipeline. Demultiplexing from raw BCL data and conversion 
to FASTQ data used Cell Ranger mkfasq. The surface feature barcode 
antibody binding analyses used Cell Ranger counts with the reference 
feature barcode library (Supplementary Table 17). Initial TCR VDJ analy-
ses used the Cell Ranger VDJ module and GRCh-Alts-ensembl-5.0.0.

CD4+ and CD8+ assignments
For the analyses of single-cell data, we computed the percentage of 
unique molecular identifier (UMI) counts corresponding to the DNA 
barcodes for CD8 and CD4 assigned to each marker. To assign a phe-
notype per cell, we computed a score based on the natural logarithm 
of total CD8 divided by the total CD4 counts. A score greater than 1 was 
classified as CD8 and a score less than −1 was classified as CD4. Cells 
with fewer than ten UMIs or values between 1 and −1 were considered 
ambiguous and were not assigned a T cell phenotype. When a TCR 
clonotype (cells with identical TRA and TRB nucleotide sequences) 
was present in multiple droplets, the median score was used to clas-
sify that clonotype. For bulk TRB analyses of AIM-selected total CD4+ 
T cells, we considered TRB sequences that were present and enriched in 
the flow-sorted (bulk) CD4+ T cell population compared to unselected 
PBMCs to be CD4+. For the bulk CD4+ TRB analyses, TRB sequences 
that were enriched in the bulk CD4+ T cell population compared to 
unselected PBMCs were assigned to be CD4+.

Longitudinal analysis of S-reactive clones
We tested for enrichment of S-reactive (TS) clones in the AIM assay 
using a statistical test. The observed frequency of each AIM+ clonotype 
among the total AIM+ cells was compared with an expectation from a 
null model based on each clonotype’s frequency in the bulk-sequenced 
repertoire from the same visit. The P value of the observed counts of 
each AIM+ clonotype under the null model was computed from the 
complement of the binomial cumulative distribution function:

1 − Pr(X < k − 1) = 1 −

k−1

∑

i=0

(

n

i

)p

i

(1 − p)

n−i

From the binomial cumulative distribution function, we computed 
the chance of observing k single cells of a given clonotype in a pool of 
n total AIM+ single cells, with the null success probability p equal to 
the fraction of the matching TRB in the unsorted bulk repertoire. We 
then applied a multiple hypothesis correction using the Benjamini–
Hochberg procedure to compute an FDR-adjusted q for each AIM+ 
clonotype. We designated clonotypes with a q < 0.05 as stringently 
enriched by the AIM sort and thus high-confidence S-reactive clones. 
These highest-confidence S-reactive clonotypes were used for trajec-
tory analysis and estimation of the total fraction of the repertoire 
consisting of S-reactive CD4+ and CD8+ T cells, respectively.

TCR sequence clustering
To compare and cluster paired TRA/TRB sequences between cells, 
we first filtered sequences from CD69+CD137+ AIM-scTCRɑβ-seq to 
those with a matching TRB from the deeply sequenced bulk blood 
repertoire from the same individual and time point. Next, we filtered 
out sequences with TRB occurring at a lower frequency in the set of 
clonotypes expressing AIM markers than in the bulk repertoire, that 
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is, clonotypes that had not been enriched by AIM. Non-enriched clono-
types were assumed to have been sorted after bystander activation and 
were not considered further. Next we computed pairwise dissimilar-
ity between 5,569 participant-unique TRA/TRB clonotypes using the 
TCRdist distance metric24 as implemented using default parameters 
in tcrdist3 v.0.2.2 (ref. 64). By pruning the pairwise distance matrix to 
include connections between sequences within 100 TCRdist units, we 
formed a sequence graph.

When selecting samples to analyze using TCRdist, we restricted 
analyses to samples to include two or more individuals with preva-
lent HLA alleles, such that the subcohort studied included persons 
with HLA-A*02:01 (n = 11), HLA-A*03:01 (n = 7), HLA-A*11:01 (n = 6), 
HLA-B*07:02 (n = 6), HLA-B*15:01 (n = 4), HLA-B*35:01 (n = 4), 
HLA-C*07:02 (n = 8), HLA-C*03:04 (n = 3) and HLA-A*24:02 (n = 2) 
(Supplementary Tables 1, 2 and 11). To examine whether connected 
components within the graph (that is, any subgraph where a pair of 
nodes was connected with each other via an edge path) might recog-
nize an HLA-restricted epitope, we used a graph walking approach to 
discover minimal sets of feasible HLA alleles that participants shared 
within closely connected nodes. Briefly, for each node, we sorted nodes 
in ascending order using TCRdist to all other nodes with its largest 
connected component. Starting at the closest public node found in 
another HLA genotyped participant, we took the intersection of the 
set of all class I (CD8+ nodes) or class II (CD4+ nodes) before moving 
on to the next-nearest connected node and taking the next stepwise 
intersection. If possible, the algorithm continues to narrow the set of 
feasible presenting HLA alleles to a minimal possible set. We inferred 
feasible HLA alleles; in many cases only one allele was shared among 
closely connected S-reactive TCR sequences. This allele was assigned 
to the corresponding TCR cluster. The code used to assign feasible 
HLA restriction from TCR sequence similarity analyses and graphs is 
provided in the ‘Code availability’ statement using custom scripts run 
in Python v.3.8. Sequence similarity networks were visualized with the 
Networkx v.2.8.6 package65.

TCR motif visualization
From the weighted sequence similarity graphs formed from all 
CD69+CD137+ AIM-scTCRɑβ-seq S-reactive clones, we identified clus-
ters of similar sequences using the Louvain community detection 
algorithm with the communities v.3.0.0 package in Python. For each 
public sequence cluster with sequences donated from three or more 
participants, we depicted selected TCR clusters using six graphical 
elements, with the CDR3α and CDR3β junctions on the left and right, 
respectively (Fig. 3b–h). The lower sequence logo shows the observed 
position-specific frequency of each amino acid within the TCR cluster; 
the upper logo plots represent the position-specific information con-
tent in bits (that is, a signal of selection) compared to the CDR3α and 
CDR3β receptors, with the same V and J gene use, randomly sampled 
from naive repertoires64,66. The Sankey flow diagrams to the left of the 
CDR3 motifs show the frequencies of TRAV/TRAJ and TRBV/TRJV gene 
use within each cluster. Motifs were aligned and computed in palmotif 
v.0.4 and the graphics were rendered using ggplot2 and ggseqlogo67 
in R v.4.1.2.

TRB repertoire analyses
The breadth of TRB sequences significantly expanding (or contracting) 
between serially collected blood specimens was calculated as the frac-
tion of unique clonotypes meeting the significance criteria. Briefly, to 
determine longitudinal persistence and previous detection, TRB were 
filtered for productive sequences and analyzed at the nucleotide level 
(CDR3, TRBV, TRBJ). TRB from bulk sequencing data were defined as 
expanded if their log2 fold change was greater than 2 relative to the E01 
time point and met a second criteria for a statistically significant change 
in counts between samples using Fisher’s exact test with correction for 
multiple hypotheses (FDR-adjusted q < 0.05). The analysis used custom 

R and Python scripts detailed in the ‘Code availability’ statement. The 
CDR3 amino acid sequence with V and J gene use and HLA restriction (if 
published) was used to determine whether a clonotype was previously 
associated with a known antigen.

Separately, TRB CDR3 assigned to SARS-CoV-2 were generated by 
statistically comparing TRB CDR3 sequences from whole-blood immu-
nosequenced TRB repertoires between persons with documented 
SARS-CoV-2 infection and healthy controls. Sequences were assigned as 
likely to represent CD4+ T cells based on publicity between individuals 
sharing HLA class II alleles, or as likely to represent CD8+ T cells based 
on publicity between individuals sharing HLA class I alleles. Assignment 
to SARS-CoV-2 S or non-S specificity was performed using the output 
of multiplexed antigen restimulation assays68–70. Briefly, the defined 
SARS-CoV-2 antigens were used to stimulate expanded PBMCs from 
SARS-CoV-2-infected individuals; sorted CD4+ or CD8+ T cells express-
ing activation markers were bulk-sequenced at the TRB locus. Further 
refinements were performed to exclude non-SARS-CoV-2-specific 
TRB sequences associated with ubiquitous antigens such as CMV or 
Epstein–Barr virus, or with TRB sequences nonspecifically associated 
with HLA alleles in a cohort of healthy controls18. Multiplexed antigen 
restimulation assay-enriched and statistically SARS-CoV-2-associated 
TRB sequences were coanalyzed to create sets of TRB sequences 
spanning CDR3 and assigned, when possible, as CD4+ or CD8+, or as 
S-specific or non-S-specific. The diagnostic breadth of the blood TRB 
repertoires was calculated as described18,71 and represent the propor-
tion of productive TRB clonotypes present in a repertoire that were 
assigned as SARS-CoV-2-specific.

CD8+ T cell-origin TCR reporter cell lines
TCR CDR3 sequences from CD69+CD137+ AIM-scTCRɑβ-seq were inte-
grated into assigned TRA and TRB genomic variable genes using ImMu-
noGeneTics72. Codon-optimized TCR lentiviral expression constructs 
(GenScript) were cloned into pRRLSIN.cPPT.MSCV/GFP.WPRE73. TRB 
is an N-terminal polypeptide within a fusion protein separated from 
TRA by a porcine echovirus P2A sequence, with both TCR-constant 
regions of murine origin and extra cysteine residues to promote pair-
ing74. Lentiviral particles were expressed in HEK 293 cells (CRL-1573, 
ATCC) by cotransfection with packaging plasmids75. Lentivirus was 
concentrated (Lenti-X, Takara Bio). The NR4A1 mNeonGreen TCR 
reporter cell line has been described elsewhere76. Briefly, mNeonGreen 
was integrated in-frame into the NR4A1 locus using CRISPR-induced 
homology-directed repair into Jurkat clone E6-1 cells (ATCC). Cells 
were additionally modified to knock out endogenous TCR expression. 
CD8αβ were also inserted using CRISPR to create NR4A1_mNeon-
Green_035 ( Jurkat_035) cells. Jurkat_035 were maintained in TCM. 
A total of 1 × 106 Jurkat_035 cells were transduced with 200–300 µl 
of lentiviral stock based on analysis for p24 antigen protein (Lenti-X 
GoStix, Takara Bio) for an estimated five infectious units per cell. Five 
days or longer after transduction, flow cytometry routinely showed 
more than 80% TCR expression as measured with anti-murine TRB 
clone H57–597-APC (eBioscience).

CD8+ T cell-origin TCR specificity, HLA restriction and dose 
responsiveness
To evaluate specificity, Cos-7 cells were transfected as described else-
where77 in 96-well flat-bottom plates with HLA class I complementary 
DNA (cDNA), SARS-CoV-2 full-length S from strain Wu-1 cloned into 
pDEST103, HLA and S, or neither. Details of HLA cDNA and S cloning 
were published elsewhere19,77–79. HLA and S were sequence-confirmed. 
At 48 h, TCR-expressing Jurkat_035 cells were stained with CellTrace 
Violet (CTV) (Invitrogen), washed and added to Cos-7 cells at 3 × 105 per 
well. To determine the peptide epitopes, TCR-expressing Jurkat_035 
cells were cocultured with B-lymphoblastoid cell lines (B-LCLs) (1 × 105 
each) and pools of 1 µg ml−1 each 15-amino-acid peptide covering 
either the N or C terminal halves of SARS-CoV-2 Wu-1 S (PM-WCPV-S-1, 
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JPT Peptide Technologies) in 200 µl TCM in round-bottom plates. 
Next, HLA-transfected Cos-7 artificial APC and 2 × 105 per well Cell 
Trace Violet-labeled Jurkat_035 cells were incubated with S peptides, 
13-amino-acid-long with a 9-amino-acid overlap covering the full-length 
SARS-CoV-2 strain Wu-1, arrayed in rectangular matrices with row or 
column pool complexities of 8–12 peptides as reported elsewhere19. 
Peptides at the intersection of positive rows and columns, or internal 
shorter peptides, were repeated in the follow-up experiments. Subse-
quent experiments used fresh synthesis of selected single peptides 
and truncated internal peptides in the vicinity of the active peptide, at 
1 µg ml−1 (70% purity, GenScript). For some peptide experiments, the 
APCs used were autologous Epstein–Barr virus-transformed B-LCLs. 
These were cultured as described by Tigges et al.80 and CTV-labeled; 
Jurkat_035 responder cells were not CTV-labeled. To determine the 
dose responsiveness of confirmed KCY epitope-specific CD8 TCRs, 
SARS-CoV-2 S 10-mer (KCYGVSPTKL) and internal 9-mers (KCYGVSPTK 
and CYGVSPTKL) were tested independently against six Jurkat-based 
reporter lines with TCRs recognizing SARS-CoV-2 S in the context 
of HLA-A*03:01. B-LCLs known to express HLA-A*03:01 were used 
as APCs with the supplied peptide concentration ranging from 10−5 
to 1 µg ml−1. To study S variants, Cos-7 artificial APCs were cotrans-
fected with HLA-A*03:01 and S plasmid constructs representing the 
Wu-1 or SARS-CoV-2 Omicron BA.1, BA.2 and BA.4 variants, each with 
21-amino-acid C-terminal deletions. Regardless of APC and antigen, 
after 24 h cells were analyzed using flow cytometry (LSR II, BD Bio-
sciences); the percentage of gated Jurkat cells, either CTVhi or CTVlo, 
expressing mNeonGreen was analyzed.

CD4+ T cell-origin TCR reporter cells
To test the CD4+ T cell-origin candidate TCRs, engineered reporter 
T cells were generated by transduction of autologous CD4+ T cells 
using lentiviruses with candidate-paired TCR expression cassettes. 
Autologous CD4+ T cells were immunomagnetically enriched (catalog 
no. 19662, STEMCELL Technologies) according to the manufacturer, 
seeded at 5 × 105 per well in 48-well plates in 1 ml TCM, and activated 
with anti-CD3/anti-CD28 Dynabeads (catalog no. 11131D, Invitrogen) 
at a bead:cell ratio of 3:1. Recombinant human IL-2 (50 U ml−1, Miltenyi 
Biotec) was added. After a 24-h incubation, T cells were transduced with 
200–300 µl of concentrated lentiviral stock. On day 4, the beads were 
removed. Cells were further expanded for 10 days in TCM containing 
recombinant IL-2, washed and counted. To evaluate the specificity 
of CD4+ T cell-origin TCRs, 105 TCR-transduced reporter cells were 
cultured in 96-well round-bottom plates in 200 µl TCM containing 105 
autologous, irradiated PBMCs as APC and SARS-CoV-2 S protein (D614G 
mutation, catalog no. 10587-CV-100, R&D Systems) at 0.1 µg ml−1. Other 
stimuli included pooled SARS-CoV-2 S1 or S2 peptide pools from the 
N-terminal or C-terminal regions of S, respectively (PM-WCPV-S-1, JPT 
Peptide Technologies) at a final concentration of 1 µg ml−1 for each 
peptide, TCM or 0.1% DMSO as negative controls, or 1.6 µg ml−1 PHA-P 
as a positive control. On day 3, supernatants were evaluated for IFN-γ 
secretion by ELISA.

HLA typing
HLA class I and II allotypes were determined using next-generation 
sequencing at Scisco21.

Statistics
Statistical comparison between paired samples was tested using Wil-
coxon signed-rank tests; comparisons between groups were tested 
using Wilcoxon rank-sum tests. Tests used a two-sided alternative 
hypothesis. Associations among immunological parameters were 
measured with Spearman rank correlation. Statistical significance is 
represented by *P < 0.05, **P < 0.01, ***P < 0.001 and ****P < 0.0001. 
TRB from bulk sequencing data were defined as expanded if their 
log2 fold change was greater than 2 relative to the E01 time point and 

met a second criteria for a statistically significant change in counts 
between samples using Fisher’s exact test with correction for multiple 
hypotheses (FDR-adjusted q < 0.05). Statistical testing was performed 
in R v.4.1.2. and Python v3.8. Repertoires were generated from distinct 
samples collected longitudinally.

Biological material availability
Please contact the corresponding author. Biological materials may be 
available after institutional review board or technology transfer office 
approval from sending and receiving institutions and execution of a 
material transfer agreement.

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

Data availability
The whole PBMC and nasal TRB repertoires are available at https:// 
doi.org/10.5281/zenodo.7698787. Sorted naive and memory PBMC 
T cell subset TRB repertoires from the time point E00, sorted total 
CD4+ T cells and AIM-sorted CD4+ T cell subsets from the time point 
E03 are available at https://doi.org/10.5281/zenodo.7686500. Pro-
cessed single-cell CD69+CD137+ AIM-scTCRɑβ-seq and feature barcode 
oligonucleotide-labeled mAb data are available at https://zenodo.org/ 
record/6909380. The flow cytometry results from the intracellular 
cytokine staining of CD4+ and CD8+ S-reactive T cells are available 
at https://doi.org/10.5281/zenodo.8088178. The sequences of CD8+ 
and CD4+ T cell-origin TCRs expressed in reporter cells are availa-
ble from GenBank (OP245920-OP245935 and OR239787-OR239798, 
respectively). The reference dataset for Cell Ranger used was 
GRCh-Alts-ensembl-5.0.0 and is available at 10xgenomics.com/sup-
port/software/cell-ranger/downloads. Source data are provided with 
this paper.

Code availability
The code used to analyze and present the data is based on Python v.3.8 
or R v.4.1.2 and is available at https://github.com/kmayerb/NIA34780B. 
The availability of the tool used to classify PBMC TRB repertoires for 
evidence of CMV infection is discussed at https://www.immunoseq. 
com/cmv-classifier/.
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Extended Data Fig. 1 | Schedule of infection, vaccination, and sample 
collection. Fifty-three study participants with prior SARS-CoV-2 infection as 
documented by seropositivity to S and N proteins and participant P845 who was 
seronegative prior to vaccination received either BNT162 or mRNA-1273 1st dose 
(closed circle), 2nd dose (closed triangle), and booster (3rd) dose (closed square) 
on the days after symptom onset as shown. Persons with mild or moderate 
COVID-19 are shown in magenta, persons with severe COVID-19 in black. Duration 
of hospitalization in persons with severe COVID-19 is shown in purple. PBMC 

were obtained at exam visits convalescence (E00, n = 54), late convalescence 
(E00.5, n = 16), pre-dose 1 (E01, n = 34), post-dose 1 (E02, n = 52), post-dose 2 
(E03, n = 53), pre-boost (E04, n = 7), and post-boost (E05, n = 44). 33 persons 
had samples at E00, E01 and E03, 31 had samples at E00, E01, E02, and E03, and 
26 had samples at all of E00, E01, E02, E03, and E05. Three participants were 
observed to have breakthrough COVID-19 infection based on boosting of anti-
nucleocapsid antibody levels at visit E05 (P545, P664, P669), indicated in orange. 
All participants received primary vaccination but not all received a booster dose.
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Extended Data Fig. 2 | Primary vaccination led to expansion in specific TCR 
clonotypes in vaccinated persons. Frequency (% of bulk TRB repertoire) of 
individual clonotypes in E01 vs. E03 in 32 persons with both samples. Expanded 
(red) (or contracted, purple) clonotypes were defined as log2(fold change) > 2  

(or < 0.5) and Fisher’s exact test FDR-adjusted p value < 0.05. Dotted line indicates 
y = x. Participant ID at top of each graph. ND = not detected. Serologically-naive 
Participant P845 is not shown.
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Extended Data Fig. 3 | See next page for caption.
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Extended Data Fig. 3 | Frequency of E01-E03 expanded clonotypes from E00 
through E05. (a) E01-E03 expanded clonotype frequency (abundance) over 
the course of the study. Each line is an individual clonotype. TRB-PI are shown 
in black, TRB-PV are in orange (n = 30). ND = not detected. (b) Boxplot at lower 
right shows the percent of TRB-PI and TRB-PV for each participant that were 
detectable after a 3rd vaccine dose (E05) (n = 26). Median, IQR and whiskers 
(1.5*IQR) are noted. Comparison between groups is by two-sided Wilcoxon rank 

sum test, p = 0.0023. Participants P742 and P758 were not sampled at E02 and 
trajectories are not shown. Participant P665 had no expanded clonotypes and 
is not shown. Participant P845 was serologically naive at E00. Participants P545 
and P669 experienced breakthrough infection between the E03 and the E05 
timepoints and so repertoires at E05 represent both repeat natural infection as 
well as mRNA booster vaccine dose.

http://www.nature.com/natureimmunology


Nature Immunology

Resource https://doi.org/10.1038/s41590-023-01692-x

Extended Data Fig. 4 | AIM-scTCRαβ-seq enriches a complex set of clonotypes 
from PBMC after mRNA vaccination of previously SARS-CoV-2 infected 
persons. (a) Frequency of clonotypes detected by CD69+CD137+ AIM-scTCRαβ-seq 
plotted against the productive frequency of TRB-matched templates in bulk TRB 
sequencing at E03. Cell types defined by oligonucleotide-labeled mAbs are shown 
as CD4+ (green), CD8+ (blue), or phenotype not defined (purple) T cells. Clonotype 
enrichment in CD69+CD137+ AIM-scTCRαβ-seq was determined by cumulative 
distribution function (CDF) with false discovery rate (FDR) correction (Methods). 
Clonotypes that were detected, but not enriched, in CD69+CD137+ AIM-scTCRɑβ-seq 
are shown in red (n = 180) and were omitted from CDR3 motif discovery analysis.  
ND indicates clonotypes that could not be assigned a TRB unambiguously.  

(b,c) Productive frequency of CD69+CD137+ AIM-scTCRɑβ-seq detected clonotypes 
in relation to change in productive frequency from E01 to E03 in bulk TCR-β-seq is 
shown for 2 representative participants, including one with a lower proportion of 
representation in CD69+CD137+ AIM-scTCRαβ-seq of their significantly expanded 
clonotypes (P525, b) and another with a higher proportion of significantly expanded 
clonotypes also seen by CD69+CD137+ AIM-scTCRαβ-seq (P581, c). (d, e) Density 
plots show proportion of unique, expanded clonotypes by frequency at E03 (d) or 
fold change from E01 to E03 (primary vaccination) (e) by detection in CD69+CD137+ 
AIM-scTCRαβ-seq at E03 amongst 12 participants with both paired E01/E03 bulk 
TCR-β-seq and CD69+CD137+ AIM-scTCRαβ-seq.
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Extended Data Fig. 5 | TS from CD69+CD137+ AIM-scTCRαβ-seq matching TRB 
clonotypes from nasal swabs in 14 participants at E05. (a) Rank abundance 
plots of TRB clonotypes in nasal samples in 14 participants, where blue (CD8+) and 
green (CD4+) dashes indicate rank of clones identified in the same participant’s 
blood by CD69+CD137+ AIM-scTCRαβ-seq at E03. (b) In participant P673,  

rank abundance plot of TRB clonotypes in nasal samples collected at E05. Clones 
labeled TCR1, TCR2, TCR3, TCR4, TCR8.1 and TCR8.2 indicate TRB clonotypes 
with exact sequence match to experimentally-confirmed receptors shown to 
recognize HLA-A*03:01 S epitopes.
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Extended Data Fig. 6 | TS and vaccine-expanded clonotypes. Overlay of 
TRB sequences from CD69+CD137+ AIM-scTCRɑβ-seq of TS cells onto bulk TRB 
clonotype frequency at E01 and E03 in two representative participants. E01-to-E03 
expanded (Ex) or contracted (Con), TRB clonotypes are shown, with TRB matching 
a CD69+CD137+ AIM-scTCRɑβ-seq (TS) shown in color and unmatched TRB are 

shown in gray (Und). Among clonotypes that neither expanded nor contracted 
(Non-Ex), only CD69+CD137+ AIM-scTCRɑβ-seq TRB-matched clonotypes are 
shown between red dashed lines. Frequencies of TRB clonotypes pre- and  
post-vaccine are as resolved by bulk TCR-β-seq. ND = not detected.
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Extended Data Fig. 7 | See next page for caption.
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Extended Data Fig. 7 | Abundance of TS clonotypes by TCRβ-seq over 
time. Longitudinal tracking of abundance of CD69+CD137+ AIM-scTCRαβ-
seq-identified CD4+ and CD8+ TS TRB clonotypes in PBMC by TCRβ-seq in all 
participants with AIM-scTCRαβ-seq. Numbers in top rows indicate the number 
of unique CD69+CD137+ AIM-scTCRαβ-seq TRB clonotypes from E03 detected at 
each time point. Percentages refer to the fraction of CD69+CD137+ AIM-scTCRαβ-
seq clonotypes detected at the E02 and E03 timepoints, respectively, detected 

only post-vaccination. Percentages in gray are the fraction of unique clones 
detected at E03 that are below the level of detection at E02. Not all participants 
had samples at each time point, indicated by absence of dot symbols at those 
samples. Participant P669 had SARS-CoV-2 infection between E03 and E05 
timepoints and so this E05 repertoire reflects repeat SARS-Co-2 infection and 
mRNA booster vaccine.
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Extended Data Fig. 8 | Selection of AIM-scTCRαβ-seq T cells using CD69, 
CD137, and CD134/ CD154 marker sets compared to bulk TCRβ-seq and sorted 
CD4 TCRβ-seq from PBMCs over primary vaccination. Frequency (% of bulk 
TRB repertoire) of individual clonotypes in E01 vs. E03 in 7 persons studied by 
CD69+CD137+ AIM-scTCRαβ-seq and (CD69/CD137)+(CD134/CD154)+ CD4+ AIM-
TCRβ-seq. Dotted line indicates y = x. Participant ID at top of each pair of graphs. 
ND = not detected. All PBMC are shown. Clonotypes found in the total CD4+ 
sorted fraction are shown in black. Clonotypes present in the total CD4+ sorted 

fraction and also enriched in sequential sorting of CD4+CD69+CD137+ (green) 
cells are overlaid with CD4+CD69+(CD134/CD154)+ and CD4+CD137+ 
(CD134/CD154)+ (pink) cells in the left and right panels, respectively, for seven 
participants. Clonotypes in all three fractions (total CD4+, CD4+CD69+CD137+, 
and CD4+CD69+(CD134/CD154)+ and CD4+CD137+(CD134/CD154)+) are shown 
in orange. Gray shaded clonotypes were not identified as CD4+ by any of these 
methods.
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Supplementary Data Fig. 1. (a) Representative gating for evaluation of memory/naive phenotype at pre-vaccine 
timepoint E00. In the top row, PBMC were gated for single live CD4+CD8- or CD4-CD8+ T cells. (b) Gated CD4+ T 
cells were stained for CD45RA vs. CCR7 to preliminarily identify memory vs. naïve cells. The third dot plot 
illustrates CD95 expression for memory CD4+ T cells. The same indicated gate for CD95- cells was applied to the 
second dot plot containing preliminarily identified naïve CD4+ T cells. Cells within the square gate were retained as 
final naïve CD4+ T cells. (c) A similar process was applied to CD8+ T cells in the third row. The right two dot plots 
in (b) and (c) represent post-sort quality control checks of sorted CD4+ and CD8+ final naïve and memory cells. 
Numbers in boxed areas are percent of total cells in indicated gates.
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Supplementary Data Fig. 2. (a) Trajectories of clonotypes with confirmed pre-vaccine memory or unknown 
phenotypes among vaccine-expanded and AIM+ S-reactive clonotypes. Deep TRB sequencing was performed after 
sorting PBMCs into memory and naïve subsets at time point E00 shortly after infection. Clonotypes with a 
confirmed memory phenotype prior to vaccination that were vaccine-expanded (log2(fold change) > 2 and Fisher’s 
Exact Test q-value < 0.05 between pre-vaccine and post-vaccine repertoires). Black clonotypes were also detected in 
bulk PBMC repertoires prior to vaccination. Many clones decreased in the year after infection (E00 to E01). A few 
clonotypes (orange) were not detected prior to initiation of vaccination, but were detected in sorted phenotypic 
memory cells from E00. (b) Vaccine-expanded clones that were not detected amongst memory cells from E00. A few 
clonotypes were detectable during convalescence (black), but could not be confirmed as memory in (a). In general, 
there are far fewer of such clonotypes per subject than those confirmed as memory in (a). Orange clonotypes were 
not seen in pre-vaccine bulk PBMC, not detected as memory cells at E00, and were only noted after vaccination. (c) 
Spike-activated clonotypes (CD69+CD137+) with a documented memory phenotype at E00 shortly after infection. 
(d) Spike-activated clonotypes that were not detected amongst memory cells at E00. Comparing (c) and (d),
confirmed CD8+ T cell S-reactive clonotypes exhibited stronger vaccine-related expansion than did CD4+ T cell
clonotypes, regardless of evidence of memory status.
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Supplementary Data Fig. 3. Sensitivity of different combinations of activation markers for detection of 
SARS-CoV-2 S peptide-reactive CD4 and CD8 T cells. E03 PBMC from 4 participants (P525, P581, P673, 
P836) were gated for (a) live, single CD3+CD4+CD8- T cells or (b) live, single CD3+CD4-CD8+ lymphocytes. 
Bars are colored by participant. Net percentages of cells expressing each combination of activation induced 
markers (AIM) were calculated by subtracting values of DMSO-exposed samples from values of S peptides-ex-
posed samples. Total AIM+ CD4+ and total AIM+ CD8+, calculated from net percentages, represents the sum of 
the cells expressing any combination of 2 or more AIM (except for CD25+CD69+) and is set to 100%. The 
y-axis shows the proportion of total CD4+ or CD8+ AIM+ cells detected per AIM pair indicated on the x-axis.
The number of CD4+ T cells analyzed per condition ranged from 10,190 to 95,833 for DMSO and from 27,368
to 112,383 for S peptide pool. Bars represent results from single flow cytometry experiments.
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Supplementary Data Fig. 4. Representative gating scheme for sorting of CD69+ CD137+ and 
CD69+ or CD137+ plus CD134+ and/or CD154+ activation induced marker (AIM) cell fractions to 
investigate $,0 LdHnWLILFaWLRn RI 6-UHaFWLYH FORnRW\SHV YLa EXON 7C5ȕ-VHT� 3%0C IURP (�� ZHUH 
VWLPXOaWHd ZLWK 6 SHSWLdHV RU D062 IRU �� KRXUV and VWaLnHd IRU H[SUHVVLRn RI WKH LndLFaWHd 
PaUNHUV� �a) 3UHOLPLnaU\ JaWLnJ IRU OLYH CD4+ and CD�+ 7 FHOOV� �b, c� VKRZ WKH VaPH VFKHPH Ln 
CD4+ (b) and CD�+ (c� 7 FHOOV� UHVSHFWLYHO\� /HIW dRW SORWV VKRZ H[SUHVVLRn RI CD��+ and CD137+ 
CD4+ and CD�+ T cells in the CD69+ CD137+ dRXEOH SRVLWLYH �EOaFN� JaWH� ZHUH FROOHFWHd IRU CD4+ 
7C5ȕ-VHT aV µFOaVVLF¶ $,0 �EOaFN JaWH�� 7KH ULJKW WKUHH FROXPnV RI dRW SORWV VKRZ H[SUHVVLRn RI 
addLWLRnaO aFWLYaWLRn PaUNHUV IRU FHOOV Ln WKH LndLFaWHd TXadUanWV Ln WKH CD��/CD��� SORWV� CD4+ 7 
FHOOV H[SUHVVLnJ HLWKHU CD134 and/or CD154 from the CD69+ CD137- (blue) and CD69- CD���+ 
�UHd� JaWHV ZHUH SRROHd IRU CD4+ 7C5ȕ-VHT aV µaXJPHnWHd¶ $,0+ FHOOV� ,n WKLV UHSUHVHnWaWLYH 
SHUVRn� ���4� RI CD��+ CD137+ CD4+ 7 FHOOV ZHUH SRVLWLYH IRU CD��4 and/RU CD��4� +RZHYHU� 
���4� RI CD��+ CD137- CD4+ T FHOOV and ���� RI CD��- CD���+ CD4 7 FHOOV ZHUH SRVLWLYH IRU 
WKHVH addLWLRnaO PaUNHUV� )HZ CD�+ T cells from the CD69+ CD137- and CD69- CD137+ JaWHV 
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Supplementary Data Fig. 5. /RnJLWXdLnaO NLnHWLFV and IROd FKanJH dLVWULEXWLRn RI $,0-VF7C5ܤȕ-VHT VHOHFWHd 7 FHOOV 
comparing CD69, CD137, and CD134/ CD154 marker sets in 7 persons. (a� 7KH IUHTXHnF\ RI HaFK H[SandLnJ �ORJ2(FC) > 
�� 75% FORnRW\SH LV WUaFNHd IURP (�� WR (��� CORnRW\SHV VKRZn ZHUH WKRVH HnULFKHd Ln WKH WRWaO CD4+ VRUW and HnULFKHd 
Ln VXEVHTXHnW VSOLW VaPSOH VRUWV IRU CD��+CD137+ (green) or augmented CD69/137 single positive CD134+ and/or 
CD154+ (pink, ‘augmented’), or both (orange). Among all TS cells identified using either marker set, 12-49% (median 
���� 75% FORnRW\SHV ZHUH CD��+CD137+ dRXEOH SRVLWLYH and 4�-��� �PHdLan ���� ZHUH CD��/CD��� VLnJOH SRVLWLYH 
plus CD134+ and/or CD154+� $ VPaOO IUaFWLRn RI 75% VHTXHnFHV� �-��� �PHdLan 4�� ZHUH LdHnWLILHd Ln ERWK $,0+ 
populations. (b, c) Distribution of fold change of all AIM+ CD4+ 75% FORnRW\SHV EHWZHHn SUH-YaFFLnH (�� and (�� �E� 
and (�� and (�� �F�� 0HdLan� ER[ �,45�� and ZKLVNHUV ���� 
 ,45� LndLFaWH dLVWULEXWLRn RI IROd FKanJHV� CORnRW\SHV 
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Supplementary Data Fig. 7.  Feasible cognate HLA alleles (Feasible indicating clusters formed from groups of 
persons expressing a shared HLA class I or class II allele, suggesting common specificity for a peptide ligand 
restricted by this allele.) T cells co-expressing CD69 and CD137 after 18 hour stimulation with S peptides we e 
sorted and  TRA/TRB sequences recovered by $,0-VF7C5ܤȕ-VHT (see Methods). Sequence similarity graph of 
paired TRA/TRB sequences with 1,448clones and 248 convergent clusters of two or more S-reactive clones 
recovered from 17 individuals following second immunization. HLA feasibility analysis (see Methods) was used 
to assess feasible shared HLA allele among participants contributing TCRs to convergent sequence clusters. U 
indicates the feasible allele could not be narrowed down to two or fewer candidates (see Methods).



Supplementary Data Fig. 8. Evaluation of specificity of cluster-identified TCR for SARS-CoV-2 S. 
Representa-tive example shows evaluation of Spike-specificity of TCR3 from subject P673. (a) 
Representative gating strategy shows selection of CTV- labeled TCR3-transduced reporter cells after 
incubation with artificial antigen presenting cells expressing SARS-CoV-2 spike and each subject-specific 
HLA-A or HLA-B. (b) T cell activation was determined by measuring the percentage of mNeonGreen 
expression on TCR3-transduced reporter cells for each of the indicated HLA allelic variants. (c) Gating 
scheme for peptide specificity workup with EBV-LCL used as antigen presenting cells. (d) Cell tracker 
violet stained EBV-LCL were de-gated, and percent mNeonGreen expression determined on TCR3-
transduced reporter cells. Amino acids lateral to the core 9 amino acid antigenic peptide recognized by 
TCR3 are shown in red. Numbers are percent of cells in indicated gates.
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Supplementary Data Fig. 9. Confirmation of S-specificity of CD4+ TCRs identified by AIM-scTCRɑ
β-seq. IFNɣ response of reporter T cells with engineered TCRs selected from public clusters after stimula-
tion with 0.1μg/ml whole S protein (red) or overlapping 15-mer peptides (1μg/ml each) spanning S 
protein amino terminal domain S1 (light blue) and carboxy terminal domain S2 (orange). The height of 
each bar represents the mean of three replicates (individual dots are shown). The negative control level of 
activation of CD4+ T cells lentivirus-transduced with the control GFP gene is also shown.
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Supplementary Data Fig. 10. 
Selected S-reactive CD4+ 
TRA/TRB clonotype clusters. 
(a) Sequence similarity graph 
of CD4+ TS from
CD69+CD137+ AIM-scTCRɑ 
β-seq. Each circle is a unique 
clonotype and the size is 
proportional to the number of 
cells with that clonotype at the 
post-vaccine (E03) time point. 
Colors indicate exact V-gene 
and CDR3 amino acid-level 
match to S- reactive
CD69+CD154+ single-chain 
receptor sequences identified 
previously (see text). (b) 
Corresponding cluster-associ-
ated CDR3ɑ and CDR3β 
sequence motifs, TRAV/J and 
TRBV/J gene usage plots, and 
(c) clonotype trajectories 
demonstrating the observed 
stable kinetics over the course 
of vaccination in persons with 
hybrid immunity.
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Supplemental Data Fig. 11. Serial anti-SARS-CoV-2 plasma IgG levels over time from convalescence to 
vaccine booster. (a) Anti-spike and (b) anti-nucleocapsid antibodies. Day 0 on X axis is date of first 
mRNA vaccination. Participant P845, who was seronegative for both anti-nucleocapsid and anti-S at study 
entry and seroconverted (anti-S only) with vaccination, is shown. Participants with breakthrough infec-
tions (P545, P664, P669) are indicated by increase in anti-nucleocapsid antibodies between E03 and E05. 
Participant numbers and color codes for both graphs are provided.
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Supplementary Data Fig. 12 | Gating scheme for comparison of AIM candidates. (a) Representa-
tive results for person with hybrid immunity after stimulation with DMSO negative control or 
SARS-CoV-2 spike peptide pool for CD3+ T cells expressing activation markers CD69 and CD137. 
(b) Gating on single live CD4+ or CD8+ cells. (c, d) Representative results of gated CD4+ T cells (c)
or CD8+ T cells (d) after stimulation with DMSO negative control (top) or S peptides (bottom) for
five indicated candidate activation markers. Numbers are percent of CD4+ or CD8+ T cells in
indicated gates.
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Chapter 8: A STING agonist-mediated durable clinical response in an anti-PD-L1 
refractory patient: Mechanisms revealed by single cell analyses including tumor antigen-
specific T cells  
 
Thomas H. Pulliam, Peter H. Goff, Saumya Jani, Rashmi Bhakuni, Shira Tabachnick-Cherny, 
Kimberly S. Smythe, Brandon Seaton, Lisa Tachiki, Rima Kulikauskas, Candice Church, David 
M. Koelle, Paul Nghiem, Shailender Bhatia 
 
 
 
CHAPTER SUMMARY: In this chapter, we investigate a case of secondary resistance (initial 

response followed by disease relapse) to anti-PD-(L)1 treatment that experienced a partial, 

abscopal response to Stimulator of Interferon Genes (STING) agonism. This was puzzling 

because MCC tumor cells do not express STING. Through multiplexed immunohistochemistry, 

Western blots, and single-cell RNA sequencing, we demonstrate that infiltrating stromal and 

immune cells express STING, can release interferon into the tumor microenvironment, and 

upregulate HLA-I expression on tumor cells. This increased antigen presentation allows existing 

tumor-specific T cells to recognize the tumor and exert anti-tumor effects.  
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Abstract 
 
Background: Antibodies blocking programmed death (PD)-1 or its ligand (PD-L1) have revolutionized cancer 
care, but many patients do not experience durable benefit. Novel treatments to stimulate anti-cancer immunity 
are needed in PD-(L)1 refractory setting. The Stimulator of Interferon Genes (STING) protein, an innate sensor 
of cytoplasmic DNA, is a promising target with several agonists in development. However, response rates in 
most recent clinical trials have been low and mechanisms of response and failure remain unclear. We report 
detailed biomarker analyses in a patient with anti-PD-(L)1 refractory, Merkel cell polyomavirus (MCPyV)-
positive, metastatic Merkel cell carcinoma (MCC) who was treated with intralesional STING agonist (ADU-
S100) plus intravenous anti-PD-1 antibody (spartalizumab) and experienced a durable objective response with 
regression of both injected and non-injected lesions.  
  
Methods: We analyzed pre- and post-treatment tumor biopsies and peripheral blood with single cell RNA 
sequencing, 27-color flow cytometry, T cell receptor sequencing and multiplexed immunohistochemistry 
(mIHC; post treatment tumor specimen only). We used MHC-I tetramers containing MCPyV peptides to identify 
cancer-specific CD8 T cells. We also analyzed STING expression and signaling in MCC cell lines and tumor 
specimens from 88 additional MCC tumors. 
  
Results: We observed high levels of cancer-specific T cells (12% of T cells recognized an MCPyV epitope) in 
our patient’s tumor at baseline. These MCPyV-specific CD8 T cells exhibited characteristics of exhaustion 
including high TOX and low TCF1. Following treatment with STING-agonist plus anti-PD-1, MCPyV-specific 
CD8 T cells expanded 3-fold. We also observed increased antigen presentation on MCC cancer cells (>4-fold 
increase of MHC-I-positive cancer cells). This was likely not a result of STING-agonist acting directly on cancer 
cells, as mIHC analysis confirmed little or no STING expression in cancer cells in the treated tumor or 88 other 
MCC tumors. However, high STING expression on infiltrating immune and stromal cells was observed. Further 
in vitro studies showed MCPyV-positive MCC cell lines are STING deficient, and exposure to STING-agonist 
did not induce interferon. 

  
Conclusions: Our results suggest that STING agonists upregulate cancer cell antigen presentation and also 
reinvigorate the anti-cancer response from pre-existing cancer-specific T cells. Thus, patients with anti-PD-
(L)1-refractory disease showing downregulation of antigen-presentation may benefit from intralesional STING 
agonists.  
 
 
 
 
 
 
 
 
 
 
 
 
  



Introduction 
 
     MCC is a rare neuroendocrine cancer associated with Merkel cell polyomavirus (MCPyV) and/or ultraviolet 
(UV) radiation exposure, and usually occurs in elderly and/or immunosuppressed patients1. Both MCPyV-
positive (VP) and MCPyV-negative (VN) MCC tumors are considered immunogenic with excellent prognosis in 
patients with brisk IT infiltration of CD8 T cells into MCC tumors2, and a particularly high response rate to PD-
1/PD-L1 pathway blockade with around half of patients experiencing durable responses3-6. There is a strong 
unmet need for effective therapies in PD-(L)1 refractory MCC tumors. Unlike most other cancers, VP-MCC 
allows unique opportunities to study cancer-specific immune responses through MCPyV-specific CD8 T cells, 
which can be helpful to uncover mechanisms of response and failure of novel immunotherapies.  
 
     Innate immune sensors of pathogen associated molecular patterns (PAMPs) represent an important host 
defense mechanism against infectious agents and have been employed as targets in several oncology clinical 
trials to stimulate anti-cancer immunity7.  Stimulator of interferon genes (STING) is one such promising PAMP 
sensor that has shown promise in pre-clinical mouse models8-11. The STING pathway senses cytoplasmic DNA 
through cyclic GMP-AMP synthase (cGAS), which then produces cyclic GMP-AMP as second messenger. This 
in turn acts on STING to induce transcription of type I interferons and inflammatory cytokines via nuclear factor 
kB (NF-kB) and interferon regulatory factor 3 (IRF3). The STING pathway is thought to have evolved to protect 
against DNA viruses that replicate in the cytoplasm of cells; however, it can also be engaged by DNA 
damaging chemotherapies and radiation that cause DNA release into the cytoplasm. Murine models have 
shown that these DNA damaging therapies lead to adaptive anti-cancer immune responses, primarily through 
activation of STING in dendritic cells in the tumor microenvironment (TME)12,13. Based on these findings, 
several novel agents designed to directly engage STING have been developed. These STING agonists, when 
delivered intratumorally, appear to increase intratumoral (IT) NK cells, activate CD8 T cells14,15 and facilitate 
both local and systemic anti-cancer responses.  
 
     While IT administration of STING agonists has been successful in murine models, recent clinical trials have 
yielded disappointing results. In a clinical trial (NCT02675439) of IT ADU-S100 in 47 patients with metastatic 
cancers, only one patient had a confirmed response16. Of note, the only responding patient had a diagnosis of 
Merkel cell carcinoma (MCC). In a separate trial (NCT03172936) of IT ADU-S100 in combination with 
intravenous (IV) anti-PD-1 (spartalizumab) in 106 patients, only 11 patients responded (objective response rate 
of 10%) with 10 patients achieving a partial response (PR) and 1 patient receiving a complete response (CR)17. 
One of those 11 responders also had a diagnosis of MCC and is the subject of this report.  
 
     Herein, we describe the clinical course along with detailed biomarker analyses of this patient with metastatic 
VP-MCC, refractory to avelumab (anti-PD-L1 antibody) treatment, who experienced durable clinical response 
in both injected and non-injected lesions with combination treatment with IT STING-agonist (ADU-S100) plus 
IV anti-PD-1 (spartalizumab). To further assess the relevance of our findings to MCC patients in general, we 
also queried STING expression and activity in other MCC tumor samples and cell lines.    
 
  



Results 
 
Clinical MCC History and Response to STING agonist and anti-PD-1 
 
     A 63-year-old man presented with a MCPyV-positive primary MCC on the left knee with inguinal lymph 
node metastasis, which were initially treated with surgery and adjuvant radiotherapy (54 Gy to the primary and 
50 Gy to inguinal nodes) (Figure 1a). One month later, he developed distant metastatic disease in the left 
elbow region, which prompted systemic treatment with IV avelumab. This was associated with a complete 
response (CR), and avelumab was electively discontinued after 1 year of therapy. Nine months later, the 
patient developed recurrence with multi-focal MCC metastases in the left lower extremity, which were 
refractory to rechallenge with avelumab. 
 
    The patient was subsequently enrolled on the above-mentioned clinical trial (NCT03172936) and received 
intratumoral injections of the STING agonist (ADU-S100) with IV spartalizumab, both administered every 4 
weeks. Both injected and non-injected lesions regressed leading to an overall partial response (43% reduction 
in tumor burden in index lesions; Figure 1b). Two months after initiating trial therapy, no injectable lesions 
were clinically apparent. After experiencing disease control for ~1 year, the patient experienced MCC 
progression again with new metastases in the left lower extremity (Figure 1b).  
 
     During the course of his treatment, we collected serial tumor biopsies and peripheral blood specimens to 
characterize this patient’s anti-cancer response via detailed immunophenotyping of the tumor and immune 
cells, including cancer-specific CD8 T cells, both in the TME and systemically.  
 

 
Figure 1. Clinical course of a 63-year-old man with metastatic, PD-1 refractory MCC who experienced 
an objective response with intralesional STING agonist +intravenous anti-PD-1 therapy. 

A. Clinical course over time (in years) after MCC diagnosis  
B. Changes in size of MCC tumors on the left lower extremity (LLE), including both injected and non-

injected lesions, during the trial treatment. The patient experienced a partial response per RECIST with 
43% decrease in target lesions.  

C. Representative schematic of MCC tumors on the lesions, including both injected and biopsied lesions, 
at baseline, post-treatment, and at the time of disease progression. 

 



Intralesional STING treatment increases intratumoral T cell infiltration 
 
     We first performed single cell RNAseq with feature barcoding (CITEseq) on pre- and post-treatment tumor 
and blood specimens in an unbiased approach to study cell populations and gene expression profile at various 
timepoints. DNA barcoded MHC-I tetramers containing MCPyV or CMV and EBV peptides were used to 
identify antigen-specific T cells (Figure 2). These data were then used to create a 27-color flow cytometry 
panel to study major cell populations observed in the scRNAseq data and rare cell populations that could have 
been missed due to the low-throughput nature of CITEseq (Figure 2a).  
 
     Unbiased clustering and dimensionality reduction in the pre-treatment (baseline) tumor biopsy revealed the 
TME composition of 70% cancer cells and 28% immune cells, with the remaining 2% of cells bearing markers 
of stromal/endothelial cells including CD34. 95% of immune cells were in the T cell, NK cell or dendritic cell 
clusters with B cells, tumor associated macrophages and neutrophils being rare. Meanwhile, cancer cells 
primarily grouped into two distinct clusters which were differentiated by Ki67 expression indicating proliferating 
and non-proliferating cells. Following intralesional STING agonist injection, cancer cells decreased to 49% of 
the TME, which was accompanied by a 2-fold increase in T cells from 18% to 36% (Figure 2b, 2c). Further 
sub-clustering of cancer, T cell and myeloid populations (Figure 2, Supplemental Figures S1,S5) revealed 
that while all cancer cell populations decreased over the course of immunotherapy, the most dramatic change 
was in the proliferating tumor cells, which decreased from 17% of all cells in the TME before treatment to 5% 
following treatment (Figure 2d). Sub-clustering of T cells revealed that Memory CD4 T cells, TREG, CLA+ CD8 
T cells, progenitor exhausted, and terminally exhausted CD8 T cells all comprised more than 2% of the cells in 
the TME prior to STING treatment. All T cell populations increased proportionally following treatment (Figure 
2e). No significant changes were observed in myeloid cells. However, a high portion of myeloid cells were 
plasmacytoid dendritic cells (2.7% of pre-treatment cells, marked by CD123 expression), which are specialized 
for sensing PAMPs. An additional 2% of cells in the TME were classical dendritic cells (marked by high CD11c 
expression). Both dendritic cell populations expressed high levels of STING protein (Supplemental Figure 
S5).  



 
Figure 2. Intratumoral T cells increase following intralesional STING agonism. 

a. Experimental overview. CITEseq was performed on pre- and post-treatment tumor and blood 
specimens for unbiased analyses. Key markers and cell populations were identified and used to design 
a 27-color flow cytometry panel to validate samples in high throughput fashion to capture rare cell 
populations.  

b. UMAP plot of 27 color flow cytometry data from pre- and post-STING agonist treatment. Each point 
represents one cell colored by cell lineage. Samples were subsetted to 10,000 cells per time point for 
visualization purposes. 

c. Alluvium plot of tumor composition before and after STING agonism showing expansion of T cells and 
contraction of cancer cells following treatment with STING agonist.  

d. Alluvium plot of cancer cells sub clustered into proliferating MCC and non-proliferating cells showing 
contraction of both populations. 

e. Alluvium plot of T cells showing an expansion of T cells following STING agonism. All T cells expanded 
similarly regardless of phenotype. 

f. Alluvium plot of myeloid cells before and after STING agonist treatment. A predominance of 
plasmacytoid dendritic cells was noted but minimal changes occurred over the course of therapy. 

Abbreviations: FACS: fluorescent activated cells sorting; UMAP: uniform manifold approximation projection; 
Myelo: Myeloid cells; NK: Natural killer cells; MCC: Merkel cell carcinoma; prolif: proliferating;  CLA: 
cutaneous leukocyte antigen; DNT: double negative T cells; Mem: memory; pExh: progenitor exhausted; 
tExh: Terminally exhausted; cDC: classical dendritic cells; Neut: Neutrophil; pDC: plasmacytoid dendritic 
cells; TAM: tumor associated macrophage 

 



Cancer-specific CD8 T cells expand in tumors following intralesional STING agonism 
 
     Given the overall increase in T cells observed following STING agonism, we sought to characterize the 
dynamics of antigen-specific T clones in the tumor and blood utilizing a dual approach schematized in Figure 
3a. T cell specificity was identified using DNA barcoded MHC-I tetramers (with MCPyV or CMV and EBV 
peptides) with paired CITEseq and V(D)J sequencing (Figure 3b). Gating of multimer positivity was confirmed 
by visualizing PD-1 positivity in these cells, known to be elevated in MCPyV18.This resulted in 12 T cell 
clonotypes specific for MCPyV in a B*37:01 allele. CD8 T cells specific for other MCPyV or other viral epitopes 
were detected at low levels, and antigen-specific TCRs could not confidently be identified. 
 
     T cell frequency was quantified using bulk beta TCRseq and MCPyV-specific T cells were annotated 
(Figure 3c). Only 0.03% of peripheral blood mononuclear cells (PBMC) were MCPyV-specific CD8 T cells prior 
to STING agonism. The proportion of these cells was ~10 fold higher in the tumor where 0.39% of cells in the 
TME were MCPyV-specific CD8 T cells before STING agonism. This proportion in the TME increased to 0.93% 
following STING agonism. Expansion of T cell clones of any specificity in the TME was predominately 
proportionate with only 8 of 5128 intratumoral clones significantly increasing following treatment and 20 of 
5128 clones decreasing as a portion of all T cell (p<0.01; beta binomial test; Supplementary Figure 7). The 
results were similar for cancer-specific CD8 T cells where 1 of 12 MCPyV-specific clones expanded following 
STING treatment and 2 of 12 contracted as a portion of all T cells. Cancer-specific T cells were long-lived in 
the blood and were detected 1 year after treatment (at the time of recurrence) at frequencies similar to pre-
treatment (0.04% of all PBMC). 
 
Cancer-specific CD8 T cells exhibit characteristics of exhaustion  
 
     We next sought to phenotype cancer-specific T cells in the tumor and blood. Unbiased clustering of 
scRNAseq of CD8 T cells yielded clusters of memory, naïve, progenitor exhausted, terminal exhausted, two 
effector, and two gamma delta populations (Figure 4a, 4b). Expression of stem-like and memory genes was 
higher in CD8 T cells in blood, while genes associated with exhaustion were higher in tumor tissues and 
highest in MCPyV-specific T cells (Figure 4c). MCPyV-specific CD8 T cells in tumors were largely confined to 
the terminally exhausted population defined by high expression of PDCD1 (PD-1) and CD39 (Figure 4b, 4d). 
The proportion of MCPyV-specific CD8 T cells in the terminally exhausted population decreased slightly 
following STING agonism but low numbers of MCPyV-specific CD8 T cells in the pre-treatment timepoint 
limited analyses (Figure 4d). To circumvent the low capture efficiency of single cell RNAseq, flow cytometry 
was subsequently used as a higher throughput technique. These data show high expression of TOX, TCF7 
and PD-1 proteins in MCPyV-specific CD8 T cells (99% PD-1+, 99% TOX+, 14% TCF1+, in pre-treatment 
samples, Figure 5e). This was unchanged following STING agonism suggesting that treatment did not induce 
lasting phenotypic changes in cancer-specific CD8 T cells.  
 
MCC cancer cells are STING deficient 
     To study the effects of IT ADU-S100 on cancer, immune and stromal cells in the TME, we first analyzed 
STING expression in the TME by performing multiplexed immunohistochemistry (mIHC) on the studied 
patient’s tumor specimen. Previous studies of STING in MCC have suggested that this pathway is deficient in 
VP-MCC19. We confirmed that the STING protein was indeed absent in the MCC cancer cells, with mIHC 
staining showed STING expression in immune and stromal cells, but an absence of STING protein in areas of 
cancer tissue (Figure 5a). This pattern of STING expression was then confirmed broadly in further staining of 
88 MCC tumors from 68 unique patients (55 VP, 13 VN), which similarly showed an absence of STING staining 
in cancer cells (Figure 5b).  
 
     The absence of STING protein on cancer cells suggests that the downstream effects of STING-agonism 
using ADUS100 are likely mediated by effects on the non-cancer cells rather than the MCC cancer cells in the 
TME. To independently confirm that MCC cells do not respond to ADU-S100 treatment, 4 VP-MCC cell lines 
were treated with increasing doses of ADU-S100 (Figure 5c). Treatment did not induce production of 
interferon beta (a downstream target of STING activation) in MCC cell lines, but led to production of interferon 
beta in control monocytic THP-1 cells (Figure 5c). Moreover, none of the virally driven MCC cell lines that 
were tested produced detectable amounts of STING protein (Figure 5c).  
 



 
Figure 3. Intralesional STING treatment increases intratumoral T cell infiltration. 

a. Schematic of approach to quantifying frequency of MCPyV-specific CD8 T cells in tumor and blood 
specimens. Tumor or blood specimen were stained with DNA oligo and fluorophore labeled MHC 
tetramers and CITEseq with V(D)J seq was performed to identify specificity of TCRs. In parallel, beta-
TCRseq was performed on tumor and blood specimen to quantify frequency of TCR clonotypes.  

b. Gating of MCPyV-specific CD8 T cells via CITEseq. All cells with a single productive alpha and single 
productive beta TCR are shown. Cells with identical TCR sequences were grouped as clonotypes. X 
axis represents the median counts of CD8 antibody for each clonotype and y axis represents the 
median counts of an HLA-B*37:01 multimer containing a T antigen peptide. Cells identified as MCPyV-
specific shown in upper right hand quadrant. 

c. Frequency of T cell clonotypes in tumor and blood before and after intralesional STING agonism. 
Alluvium plot where each alluvium represents and individual T cell clonotype. Clonotypes known to be 
MCPyV-specific are green. MCPyV-specific CD8 T cells were present in tumor and blood of patient. 



 
Figure 4. Cancer-specific CD8 T cells exhibit characteristics of exhaustion. 

a. TSNE plot of CD8 T cells isolated in silico from single cell RNAseq of patient tumor and blood 
specimen. Cells are colored by cluster.  

b. Violin plots of expression of key genes in each cluster.  
c. Heatmap of single cell RNAseq data of CD8 T cells from tumor or blood specimen. Each column 

represents an individual T cell. T cell specificity, id (cluster) and tissue of origin are indicated on top of 
heatmap with legend on far right.  

d. Portion of MCPyV-specific CD8 T cells in tumors in each of 8 clusters. MCPyV-specific CD8 T cells in 
top pie charts and CD8 T cells of unknown specificity in bottom charts. Pre-treatment specimen on left 
hand side and post-treatment on right.  

e. FACS plots of CD8 T cells from tumors showing expression of proteins associated with exhaustion or 
stem like phenotypes in MCPyV-specific T cells. 

Abbreviations: GD: Gamma delta T cells, PBMC: peripheral blood mononuclear cells, TD: tumor digest, 
MCPyV: Merkel cell polyomavirus 

 



 
Figure 5. Merkel cell carcinoma are deficient in STING signaling. 

a. Multiplexed immunohistochemistry of post-ADU-S100 treated tumor. Areas of CD56 positivity 
(representing MCC cells) are non-overlapping with STING which is primarily expressed in stromal and 
immune tissues.  

b. Quantification of STING expression. Each point represents 1 of 88 unique tumor specimens on a tissue 
microarray. STING is universally absent in MCC tumor cells. Cancer cells defined as CD56+, CD45-, 
CD8 T cells defined as CD8+, Treg cells defined as CD4+, FoxP3+, Macrophages defined as CD68+ or 
CD163+, Other immune cells defined as CD45+ cells which did not fall into prior categories, stromal 
cells defined as CD45-, CD56- cells. Statistical comparison with one-way ANOVA compared to tumor 
expression. *p<0.05, **p<0.01, ****p<0.0001, NS (not significant). 

c.  MCC cell lines do not produce interferon-beta in response to ADU-S100 treatment. WaGa, MKL-2, 
MKL-1, MS1 MCC cells and THP1 cells (control human monocytic cells) were all treated with 
decreasing doses of ADU-S100. None of the MCC cell lines produced detectable interferon-beta at any 
tested ADU-S100 concentration. These cells were all also deficient in STING protein (western blot, 
below).  

 



Cancer cells upregulate MHC following STING agonism 
 
     To investigate the mechanisms of anti-tumor immune responses following STING agonism, we investigated 
the expression of genes associated with antigen processing and presentation (Figure 6a). cancer and non-
cancer cells were isolated in silico (supplemental Figure S2) and a gene set of 18 genes associated with 
antigen presentation were used to measure this pathway in aggregate. A 49% increase in this gene signature 
was observed in cancer cells following STING agonism (p<10-16). A more modest 4% increase was observed in 
non-tumor cells in the TME (p=0.016) with higher expression of antigen presentation genes in non-cancer cells 
than in cancer cells.  
 
     Further analyses of these genes showed that most of this increase was driven by beta 2 microglobin 
(Supplemental Figure S2), which was significantly upregulated in cancer cells following STING treatment 
(p<10-16; Figure 6b). However, no remarkable change was observed in other cells in the TME. Upregulation of 
MHC-I was validated at a protein level via FACS, which showed 1.8% of cancer cells positive for MHC-I prior to 
STING treatment compared to 8.2% following STING treatment. Consistent with these findings, we observed 
increases in genes associated with interferon gamma or interferon alpha receptor signaling in most cell types 
in the TME following STING agonism (Supplemental Figure S3a & S3b) suggesting that these cytokines were 
more active in the TME after STING agonism.  
 

 
Figure 6. Cancer cells upregulate MHC following STING agonism.  

a. scRNAseq data showing upregulation of antigen presentation genes following STING agonism on 
cancer cells. Cancer or non-cancer cells identified in silico. Antigen presentation score calculated using 
16 genes involved in the MHC-I antigen presentation pathway. 

b. B2M upregulation in cancer cells but not non-cancer cells following STING agonism.  
c. Quantification of MHC-I and PD-L1 expression on cancer cells via flow cytometry. Each data point 

represents one of two technical replicates.  
T tests with bonferoni multiple comparison testing used for statistical significance. p value key: ns = p>0.05, * = 
p<0.05, ** = p<0.05, * = p<0.01, *** = p<0.001, **** = p<0.0001,  
Abbreviations: MHC-I: major histocompatibility complex-I; FMO: Fluorescence minus one 
 



Discussion  
 
     STING agonists have shown great promise in pre-clinical models. However, clinical trials have shown 
limited early efficacy with objective response rates reported between 2% and 10%16,17. It is of note that 2 of 4 
(50%) MCC patients treated on two large trials of ADU-S100 experienced objective responses compared to 10 
of 139 (7%) non-MCC patients. Intrigued by the seemingly higher response rate in MCC, we performed 
exhaustive biomarker studies on a patient with metastatic MCC tumors that were refractory to anti-PD-L1 
therapy. This patient with numerous (>10) metastatic tumors received intratumoral STING-agonist (ADU-S100) 
in 2 lesions on his lower extremity plus systemic anti-PD-1 therapy and experienced a durable objective 
response in both injected and distant, non-injected lesions.  
 
     Abscopal tumor regression in non-injected lesions in our patient suggested that STING-agonism in the 
injected tumor may be facilitating an adaptive immune response to lead to systemic immunity. To further 
interrogate this, we used a panel of MHC-I multimers and the viral etiology of this patient’s tumor to study 
MCPyV-specific (cancer-specific T cells). Indeed, we observed a 2.4 fold increase in cancer-specific T cells in 
the TME following STING agonism.  Using scRNAseq and FACS to further determine the characteristics of this 
expansion, we found that 93% of MCPyV-specific CD8 T cell clonotypes in the tumor following STING agonism 
had at least one clonotype present in the pre-treatment tumor. This suggests that novel CD8 T cell priming 
may not be a major driving factor in the STING driven anti-tumor immune response. Furthermore, minimal 
changes were detected in MCPyV-specific phenotype or exhaustion status suggesting that a reversal of CD8 T 
cell exhaustion also does not explain the response seen in this patient. We did however note an increase in 
MHC-I tumor cells from 1.8% before treatment to 8.2% after treatment consistent with ADU-S100 upregulating 
antigen-presentation in tumor cells. Since disruption of the antigen-presentation pathway is a well-known 
immune evasion mechanism in MCC, this may be particularly relevant to the successful clinical response in our 
patient20-23.  
 
     We then asked if ADU-S100 may be acting directly on the STING pathway in the MCC tumor cells. Since a 
recent in vitro study had suggested that MCC tumors are likely STING deficient19, we examined STING 
expression by mIHC in the patient treated with ADU-S100 and found STING expression to be absent in the 
MCC cancer cells, but intact in the non-cancer (immune) cells. We then verified the lack of STING expression 
in MCC cancer cells in a large independent patient cohort (88 MCC tumors in 68 patients, including both VP 
and VN MCC). It has been proposed that inactivation of STING is an important part of immune evasion by 
MCPyV, a DNA virus. Indeed, the LxCxE motif that inactivates STING in adenovirus and human 
papillomavirus24 is also present in the MCPyV large T antigen25. Murine studies of STING’s role in anti-cancer 
immunity have shown that STING activity is vital in dendritic cells, but largely dispensable in cancer cells12,13. 
These dendritic cells would release interferons following STING signaling, which in turn leads to MHC-I 
upregulation on cancer cells, recruits immune cells into the tumors, stimulates adaptive immunity and mediates 
tumor regression. We observed a high portion of plasmacytoid dendritic cells in the treated patient’s tumor (5% 
of all cells in the TME prior to treatment). This is compared to only 0.1% (median) of cells expressing pDC 
markers in a prior study of 22 MCC tumors26. We also observed an increase in expression of genes 
downstream of interferon-alpha and interferon-gamma signaling following STING agonism further suggesting 
STING treatment induced an inflammatory TME, likely through cytokine production by non-cancer (immune) 
cells in response to STING-agonism.  
 
     Although initial trials of STING agonists have yielded relatively low response rates; herein, we show that 
these agents can lead to durable immune responses in the PD-(L)1 refractory setting. We show successful 
anti-cancer immune response via STING-agonism does not need STING-expression in the targeted cancer 
cells. Our results suggest that STING-agonism is potentially less effective at priming novel anti-cancer CD8 T 
cell responses and may be particularly effective in tumors that already are infiltrated by inflammatory cells in 
the TME but are evading immune detection via MHC-I downregulation.  
 
  



Methods 
 
Study design and participants 
 
     Samples were collected with informed consent for research use and were approved by the Fred Hutch 
Cancer Center institutional review board, in accordance with the Declaration of Helsinki (2013) as part of 
observational registry studies focusing on Merkel cell carcinoma (Fred Hutch Cancer Center IRB#6585). This 
patient presented to our institution as part of standard of care. Upon progression on anti-PD-L1, he was 
evaluated and enrolled in clinical trial with ADU-S100 and spartalizumab antibody (NCT03179236; PMID: 
36282874). ADU-S100 was administered at 3200 mcg/injection every four weeks. One lesion was injected the 
first cycle, and a separate lesion was injected the second cycle. Tumor biopsy was taken 6 weeks after the first 
lesion was injected. Blood was collected before and 1 year after treatment. Every four weeks, the patient 
received spartalizumab administered at a dose of 400 mg until progression.  
 
Blood collection and processing 
 
     Heparinized whole blood from MCC patients was processed at the Specimen Processing Lab (Fred 
Hutchinson Cancer Center). Peripheral blood mononuclear cells (PBMC) were isolated by routine Ficoll density 
gradient centrifugation and cryopreserved in liquid nitrogen. 
 
Tumor digestion processing 
 
     Fresh MCC tumor specimens from needle cores, punch biopsies, or surgical excisions were enzymatically 
digested as described27. All single-cell suspensions were cryopreserved in Freezing Medium [50% human 
serum (Valley Biomedical), 40% RPMI (Corning), and 10% DMSO (Sigma-Aldrich)] in liquid nitrogen. 
 
Flow cytometry 
 
     Frozen pre- and post-treatment PBMC and tumor digest samples were analyzed using flow cytometry. 
Tubes were thawed at 37°C and mixed with complete media (consisting of RPMI, 10% fetal bovine serum, 1x 
penicillin/streptomycin, and 1x l-glutamine). DNAse I was added at a concentration of 10 units/ml and the tubes 
were left to rest for an hour. The cells were counted using a hemacytometer and divided into tubes containing 
1-3 million cells each. After two washes with PBS, dasatinib (100 nM) and live dead staining buffer (Live dead 
Blue; ThermoFisher) were added and the cells were incubated at 37°C for 10 minutes. The MHC-I multimers 
were then added, followed by the addition of antibodies against cell surface receptors (BV605 conjugated anti-
E selectin (clone 68-5H11; BD), BUV395 conjugated anti-CD56 (clone NCAM16.2; BD), BUV615 conjugated 
anti-PD1 (clone EH12.1; BD), BV650 conjugated anti-PDL1 (clone 29E.2A3; Biolegend), PE-Cy7 conjugated 
anti-CLA (clone HECA-452; Biolegend), BV785 conjugated anti-CD163 (clone GHI/61; Biolegend), BUV805 
conjugated anti-CD4 (clone SK3; BD), BV570 conjugated anti-CD8 (clone RPA-T8; Biolegend), BV711 
conjugated anti-HLA-DR (clone L243; Biolegend), APC-Fire750 conjugated anti-CD123 (clone S18016F; 
Biolegend), BUV563 conjugated anti-CD14 (clone MφP9; BD), BB700 conjugated anti-CD19 (clone SJ25C1; 
BD), BUV496 conjugated anti-HLA-ABC (clone W6/32; BD), V450 conjugated anti-CD66b (clone G10F5; BD), 
BUV737 conjugated anti-CD86 (clone 2331 (FUN-1); BD), BV510 conjugated anti-CD33 (clone WM53; 
Biolegend), BV480 conjugated anti-CD45 (clone HI30; BD), BV750 conjugated anti-CD34 (clone 563; BD), 
APC conjugated anti-CD11c (clone Bu15; Biolegend))were then added and incubated for 30 minutes at room 
temperature. The cells were washed twice with autoMACS running buffer (Miltenyi) and permeabilized using 
the Foxp3/Transcription factor staining buffer set (eBioscience), followed by two more washes with the 
permeabilization buffer. The intracellular antibodies (PE conjugated anti-TOX (clone Invitrogen; Invitrogen), 
AF488 conjugated anti-TCF7 (clone S33-966; BD), PE-CF594 conjugated anti-STING (clone T3-680; BD), 
AF532 conjugated anti-CD3 (clone UCHT1; Invitrogen), PE-Cy5 conjugated anti-FoxP3 (clone PCH101; 
Invitrogen), AF700 conjugated anti-Ki67 (clone Ki-67; Biolegend)) were then added and incubated for 1 hour at 
room temperature, followed by two washes with permeabilization buffer and fixation in 1% paraformaldehyde. 
Antibody capture beads or amine reactive beads (ThermoFisher) were used to balance each fluorophore in the 
experiment. The stained cells were then analyzed using the Cytek Aurora spectral analyzer at the University of 
Washington's Department of Immunology Cell Analysis Facility. Spectral unmixing was performed using 



SpectroFlo software and the initial gating, selecting for single cells, lymphocytes, and live cells, was performed 
in FlowJo v.10 (FlowJo LLC; Supplementary Figure 4). Further analysis was carried out in R. 
 
Single cell RNAseq sample preparation  
 
     Frozen pre- and post-treatment PBMC and tumor digest samples were analyzed by cellular indexing of 
transcripts and epitopes by sequencing (CITEseq). Frozen tubes were thawed at 37 C, followed by dropwise 
addition of 1 ml complete media (RPMI, 10% Fetal bovine serum, 1x penicillin/streptomycin, 1x l-glutamine). 
Complete RPMI media was continuously added dropwise with gentle mixing in between up to a total volume of 
32 ml. Cells were then washed twice with PBS, counted using a hemacytometer and transferred to FACS 
tubes (Fisher Scientific). Live dead stain was then added (FVS780; BD Biosciences), followed by a blocking 
buffer to bring samples to 0.5% BSA, 5% TruStain FcX buffer (Biolegend), 100 nM dasatinib, and 50 μg 
salmon sperm. Samples were then incubated on ice for 10 minutes. DNA oligo labeled MHC multimers were 
then added to patients with matched HLA types. Hashtag antibodies were added to identify sample origin in 
subsequent pooling steps. Fluorophore labeled antibodies were then added followed by DNA oligo labeled 
antibodies. Cells were then incubated on ice for 30 minutes and washed three times. Cells were sorted on an 
Aria II Cell sorter (BD Biosciences). Dead cells and debris were excluded and all live cell were sorted into cold 
complete media, pooled, and immediately prepared for CITEseq (see below).  
 
scRNA-seq and scV(D)J-seq library preparation and sequencing 
 
     Single cell suspensions were collected from either tumor or blood samples as above and counted using a 
hemacytometer. Single cell suspensions were then loaded into the appropriate microfluidic chip (chip G; 10x 
Genomics) in a chromium controller (10x Genomics). Resulting cell suspensions then went through a library 
preparation process for single-cell RNA sequencing (scRNA-seq) along with paired scV(D)J-seq for T-cell 
receptor (TCR) using the 5′ transcriptome kit with feature barcoding (V1.1; 10x Genomics) following the 
manufacturer's guidelines. The complementary DNA libraries were then sequenced using a NovaSeq 
instrument (Illumina) with 2 × 92 base pair paired-end reads aiming for an average of 20,000 reads per cell. 
 
Beta TCR receptor profiling 
 
     Frozen peripheral blood mononuclear cells or formalin-fixed paraffin-embedded (FFPE) tumor biopsy 
material (20 μm thick molecular curls) were used for DNA extraction using QIAamp DNA Blood Mini Kit or 
QIAamp DNA FFPE tissue kit respectively (Qiagen). Resulting samples were submitted to Adaptive 
Biotechnologies for TCRβ sequencing and normalization as previously described (PMID: 19706884)  
 
Immunohistochemistry 
 
     Formalin-fixed paraffin-embedded tissues were stained on a Leica BOND Rx autostainer using the Akoya 
Opal Multiplex IHC assay (Akoya Biosciences, Menlo Park, CA) with the following changes: Additional high 
stringency washes were performed after the secondary antibody and Opal fluor applications using high-salt 
TBST (0.05M Tris, 0.3M NaCl, and 0.1% Tween-20, pH 7.2-7.6). TCT was used as the blocking buffer (0.05M 
Tris, 0.15M NaCl, 0.25% Casein, 0.1% Tween 20, pH 7.6 +/- 0.1).  All primary antibodies were incubated for 1 
hour at room temperature. Antibodies against the following targets were used for staining: CD56 (clone 
cl123C3.D5; BioSB), CD8 (clone 144Bl; DAKO) STING (clone SP338; Abcam) CD45 LCA clone 
2B11+PD7/26; DAKO) FoxP3 (clone 236A/E7; eBioscience), CD163 (clone ERP324; BioSB) CD68 (clone PG-
M1; DAKO).  
 
     Slides were mounted with ProLong Gold and cured for 24 hours at room temperature in the dark before 
image acquisition at 20x magnification on the Akoya PhenoImager HT Automated Imaging System. Images 
were spectrally unmixed using Akoya inForm software.  
 
  



MHC multimer preparation 
 
     MHC tetramers used for scRNAseq were created using MHC-I easYmers (Immunaware. BV421-labeled 
streptavidin (Biolegend) was used to prepare tetramers for flow cytometry experiments. PE or APC and DNA 
oligo streptavidins (Biolegend) were used for scRNAseq experiments. Tetramers were titered using samples of 
known positivity.  Tetramers for six epitopes were created matching this patients HLA typing: Influenza A (HLA 
A*02:01 containing GILGFVFTL peptide),Epstein-Barr virus  (HLA A*02:01 containing GLCTLVAML peptide), 
cytomegalovirus  (HLA A*02:01 containing NLVPMVATV peptide), and three MCPyV epitopes (HLA A*02:01 
containing KLLEIANPC peptide; HLA A*11:01 containing RSGGFSFGK peptide and HLA A*37:01 containing 
KEWWRSGGF peptide).  
 
Flow cytometry data analysis 
 
     Fcs files of live cells were loaded into a gating set object in R using flowWorkspace (v.4.6.0). Data from 
fluorescent markers was transform using the biexponential function. Fluorescent-minus-one (FMO) samples 
were used to draw minimum gates at the 99th percentile Gates were adjusted upward as appropriate based on 
visual inspection. UMAP dimensionality reduction was performed using uwot (v.0.1.14). clustering was 
performed using phenograph (v.0.99.1). Visualization was performed using ggplot2 (v.3.4.0) or FlowJo 
(v.10.8.1). 
 
Single cell RNAseq data analysis 
 
     The raw sequencing reads were aligned to the hg38 genome using Cell Ranger v.3.1. The filtered count 
matrices of transcripts and feature barcoding counts were then loaded into an R (v.4.1.2) SingleCellExperiment 
object for further analysis. The sample hash deconvolution was carried out using DropletUtils (v.1.14.2) and 
doublet detection and removal was done through scds (v.1.10.0) in conjunction with the doublets detected 
during hash deconvolution. 
Low-quality cells with fewer than 800 transcript reads, fewer than 250 genes detected, or more than 10% of 
mitochondrial DNA were excluded from the analysis. A comparison of genes expressed in the removed low-
quality cells and kept cells was done to ensure that no cell populations were removed disproportionately. The 
result showed that only mitochondrial genes, MALAT1 (a transcript associated with dying cells), and 
hemoglobin genes were disproportionately represented in the removed cells. The cells were size-normalized 
and log-transformed using scuttle (v.1.4.0). 
 
     The cells from different runs were then integrated using the mutual nearest neighbor method through the 
batchelor package (v1.10.0). UMAP dimensionality reduction was performed with the integrated values. 
Clustering was done using the integrated transcript values and feature barcoding reads through the walktrap 
algorithm on a nearest neighbor graph (scran v.1.22.1). The number of clusters was varied by adjusting the 
number of nearest neighbors (k) during graph construction, followed by analysis using clustree (v.0.5.0). 
 
     Clusters were then labeled as the major cell lineages of CD4 T cells, CD8 T cells, B cells, myeloid cells, 
erythrocytes, NK cells, and cancer cells through the expression of key genes, including MS4A1, CD19, CD4, 
CD8A, CD3E, CD3D, GZMB, NCAM1, HLA-DRA, PTPRC, NKG7, and the MCPyV oncoproteins. The cluster 
labels were validated by investigating the portion of the cluster with productive TCR rearrangements. The cell 
lineages were isolated in silico and split into major lineages, and dimensionality reduction and clustering were 
re-performed as described above. 
 
     The cells were scored for the expression of MHC and Interferon gene sets using the UCell (v.1.99.1) 
package. Plotting was performed using scater (v.1.22.0), Seurat (v.4.3.0), or ggplot2 (3.4.0). 
 
Gene sets  
 
     Genes associated with antigen-presentation were taken from the antigen-presentation and processing 
dataset from Biocarta28. HLA genes B, C, E and F not originally included in the set were added for 
completeness. Genes associated with Interferon alpha or gamma signatures were taken from the respective 
hallmark gene sets29. 



ADU-S100 stimulation 
 
     To assess MCC cell lines response to STING agonism, the virus positive cell lines WaGa, MKL1, MKL2 and 
MS-1 as well as a human monocytic cell line (THP1; positive control) were treated with ADU-S100. 100,000 
cells were plated in 0.25 ml of media. ADU-S100 (Medchemexpress) was added to bring final concentrations to 
100, 20 or 4 micromolar. The concentration of interferon beta was measured in media 48 hours later via ELISA 
(R&D Systems). All samples run in triplicate.  
 
Western blot 
 
     WaGa, MKL1, MKL2, MS-1 and THP-1 cells were seeded in T75 flasks and maintained at 37 °C in a 
humidified incubator with 5% CO2. Cells were pelleted and lysed in ice-cold buffer containing 150 mM NaCl, 
1.0% IGEPAL CA-630, 0.5% sodium deoxycholate, 0.1% SDS, 50 mM Tris (pH 8.0) and protease/phosphatase 
inhibitor cocktail (1:100; Cell Signaling Technology, USA). Soluble fractions from prepared cell lysates were 
collected after centrifugation at 13,000 rpm for 10 minutes at 4 oC. Next, normalized cell lysates (quantified 
using Bradford assay) were separated by 10% SDS-PAGE electrophoresis, transferred onto PVDF 
membranes, and immunoblotted with STING (1:1000; Cell Signaling Technology, USA) / β-actin (1:10,000; 
Sigma Aldrich, USA) primary antibody and anti-rabbit (1:2500; Cell Signaling Technology, USA) / anti-mouse 
(1:2500; Cell Signaling Technology, USA) horseradish peroxidase-conjugated secondary antibody 
respectively. Blotted proteins were visualized on X-ray films incubated with a high sensitivity ECL reagent 
(Sigma Aldrich, USA) inside a dark room. 
 
Statistics 
 
     The statistical tests applied were two-sided unless specified otherwise. T tests were used to compare 
differences between two groups unless otherwise noted. When comparing more than two groups, the 
nonparametric Kruskal–Wallis test or one-way ANOVA was used as indicated. Multiple hypothesis testing was 
done with the Bonferroni method unless noted differently. Fisher's exact test was used to evaluate differences 
between two categorical variables. All statistical analysis was carried out using R v.4.1+ or GraphPad Prism 
v9.5 
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Supplemental Figures 
 

 
Supplemental Figure 1. Clustering justification of single cell RNAseq. Rows represent proteins measured 
via CITEseq. Rows represent clusters. Cell color average protein expression for a given protein in each cluster 
normalized to a Z statistic for each protein.  
 



 
Supplemental Figure 2. Antigen presentation genes increase following STING agonism. Each row 
represents an individual cancer cell grouped by pre- or post-STING agonism (color on top of heatmap). Genes 
selected from Biocarta antigen presentation gene set.  
 



 
Supplemental Figure 3. Interferon gene signatures are upregulated in cell in the tumor 
microenvironment following STING agonist treatment. Graphs broken down to show expression for 
individual cell lineages before (blue) or after (red) STING agonism. Interferon alpha response signature shown 
in a (top), and interferon gamma signature shown in b (bottom). Hallmark gene sets for interferon alpha or 
interferon gamma responses used.   
 



 
Supplemental Figure 4. Flow cytometry gating strategy. Data shown for one tumor sample. Fluorscence-
minus-one (FMO) controls shown in grey histograms with samples in red for relevant markers (bottom panels). 



 
Supplemental Figure 5. Clustering and sub-clustering justification for flow cytometry data. Cells from 
pre or post-STING agonism were grouped into clusters using phenograph (see methods). Cluster identify was 
established by calculating mean proportion of cells positive for each protein.  

A. Clustering of all live cells from flow cytometry data. 
B. Cancer cells isolated in silico and reclustered for finer tuned identification. 
C. T cells isolated in silico and reclustered for finer tuned identification. 

 



 
Supplemental Figure 6. T cells increase in tumor following STING agonism as measured via single cell 
RNAseq. 
a. UMAP plot of single cell RNAseq of pre and post-treatment tumor samples. 
b. Alluvium plot showing changes in cell populations after treatment. 
c. FACS plot confirming trends seen in panel b. Cells gated on live singlets.  
 



 
Supplemental Figure 7. MCPyV-specific T cells in tumor increase proportionately after STING agonism. 
Each point represents an individual T cell clonotype. Clonotypes significantly expanded shown with large 
points. Clonotypes colored by specificity. Statistical significance assessed using betabinomial test and a p 
value of less than 0.01. 
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Chapter 9: Conclusions and Future Directions 
 
Summary of research findings 
     While immunotherapy has revolutionized cancer treatment, only a small subset of patients 
experience durable responses1. Thus, a major effort in immune-oncology is predicting which 
patients are likely to respond and identifying targetable mechanisms of resistance. While 
significant advances have been made (as described in Chapter 1), current efforts are impeded 
by our inability to routinely distinguish the immune cells directly fighting cancer from the rest of 
the immune milieu. This is because most cancers are driven by private, patient-specific mutations. 
Identification of the tumor-driving mutations and subsequent identification of T cells targeting 
these mutations requires large amounts of patient samples and is laborious, making routine use 
of this approach infeasible. Merkel cell carcinoma (MCC), on the other hand, is driven largely by 
Merkel cell polyomavirus (MCPyV)2. Importantly, the MCPyV oncoproteins are small in size, 
relatively invariant, and shared across patients2. This has allowed us to develop multimer reagents 
that can identify MCPyV oncoprotein-specific CD8 T cells across many patients (described in 
Chapter 1)3. 

 
     Use of these multimers allowed us to identify two ways to predict response to immunotherapy, 
as described in Chapters 2 and 3. Studies in Chapter 2 found that detection of circulating 
MCPyV-specific CD8 T cells at baseline associated with response to neoadjuvant nivolumab. 
However, no similar trend was observed for intratumoral tumor-specific CD8 T cells. We observed 
that tumor-specific CD8 T cells in blood were more functional than their intratumoral counterparts, 
which may account for this discrepancy. In Chapter 3, we confirmed our finding that the baseline 
frequency of MCPyV-specific CD8 T cells in blood corresponds to response in an independent 
cohort of patients with virus-driven MCC. Additionally, we observed that patients with a higher 
number of CD39 and CLA co-expressing CD8 T cells had more favorable responses to 
immunotherapy, while patients with a lower number of CD39 and CD103 co-expressing CD8 T 
cells had more favorable responses to immunotherapy. Thus, frequency of MCPyV-specific CD8 
T cells as identified by multimer reagents and frequency of CD39 and CLA co-expressing CD8 T 
cells are two ways to predict response to immunotherapy. 

 
     To translate these findings to patients with more common, mutationally-driven cancers, we 
sought to identify an antigen-independent way to identify circulating tumor-specific CD8 T cells.  
In Chapter 4, we use MCPyV oncoprotein multimer-binding cells and single-cell CITE (cellular 
indexing of transcriptomes and epitopes) sequencing to identify a 98-gene signature that can 
identify tumor-specific CD8 T cells. We apply this gene signature to CD8 T cells from mutationally-
driven cancers and observe that it can identify neoantigen-specific CD8 T cells with comparable 
accuracy. Additionally, this signature is not enriched in CD8 T cells that target CMV, EBV, flu, or 
those of unknown specificity. Integration of this signature in single-cell gene expression analyses 
being routinely performed by cancer immunology labs may allow us to focus on characterizing 
tumor-specific CD8 T cells without currently available, laborious methods. This may allow 
identification of additional mechanisms of response and resistance that are currently being 
masked by non-tumor-specific CD8 T cells in bulk analyses. Although further refinement is likely 
needed in order to quantify tumor-specific CD8 T cells with enough accuracy to predict response 
to immunotherapy, especially in tissues where they are not very prevalent.  

 
     In Chapter 5, we explore a clinically-feasible approach to identify MCPyV oncoprotein-specific 
CD8 T cells. Previous studies have demonstrated that TCRs that recognize the same HLA-
restricted epitope have sequence similarity. We hypothesized that we could use existing 
computational algorithms to recognize these similarities and identify tumor-specific CD8 T cells 
from bulk TCR sequence data. To test this, we trained a tcrdist3-based algorithm with TCR 
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sequences of MCPyV multimer-binding CD8 T cells specific to three HLA types. We were able to 
find similar TCRs in patients with the appropriate HLA types in an independent set of patients. 
However, we were limited in the number of tumor-specific CD8 T cells we were able to find. SARS-
CoV-2-specific CD8 T cells have been identified by numerous groups and available on public 
databases. Thus, we further tested the algorithm’s ability to identify COVID-specific CD8 T cells 
in Chapters 6 and 7.  

 
     Much of this thesis has focused on the role of tumor-specific CD8 T cells in immunotherapy 
response and resistance. Finally, in Chapter 8, we investigate a case in which abundant anti-
tumor CD8 T cells were present, but the patient’s disease relapsed after initial response to 
immunotherapy. Through single-cell RNA sequencing and multiplexed immunohistochemistry, we 
demonstrate that this patient had downregulated expression of HLA-I molecules, preventing the 
present tumor-specific CD8 T cells from recognizing and fighting the tumor. Excitingly, 
intralesional injection of a STING agonist partially upregulated HLA-I expression and resulted in 
a partial response. Interestingly, MCC tumor cells do not express STING, implying that the STING 
agonist was not acting directly on these cells. We provide evidence of STING expression on 
infiltrating immune and stromal cells, suggest that the drug acted via these cells to induce an 
inflamed tumor microenvironment. The cytokines from the inflamed cells then acted on the tumor 
cells to upregulate HLA-I.  
 
Future directions  
 
Identify novel mechanisms of response and resistance to immunotherapy 
 

The studies described in Chapters 2 and 3 identified absence of tumor-specific CD8 T cells 
in blood and HLA-I downregulation as mechanisms of resistance to anti-PD-1 treatment. 
Subsequently, the studies in Chapter 4 comprehensively characterized tumor-specific CD8 T cells 
in blood and developed a gene signature for tumor-specific CD8 T cells. Importantly, this gene 
signature appears to identify neoantigen-reactive CD8 T cells as well. Thus, inclusion of this gene 
signature in current data analysis pipelines can overcome current challenges in identifying 
neoantigen-specific T cells in mutationally-driven cancers and allow focus on this more relevant, 
but less prevalent cell population. It is possible that different in the tumor-specific T cell population 
are masked by the dominant, non-tumor-specific CD8 T cell population. Thus, this ability to home 
in on tumor-specific T cells across cancers may allow us to uncover novel mechanisms of 
response and resistance.  

 
Additionally, the studies in Chapters 2, 4, and 5 have generated a library of T cell receptors 

that recognize Merkel cell polyomavirus oncoproteins. Use of this antigen-specific TCR library 
can allow identification of tumor-specific CD8 T cells in spatial transcriptomic studies. This would 
allow us to observe proximity of tumor-specific CD8 T cells to other aspects of the tumor 
microenvironment (e.g., tumor cells, immune cells, stroma, neurons, etc.), as well as interrogate 
their phenotype. For example, one study has demonstrated that exhausted CD8 T cells are 
present near adrenergic neurons, which drive their functional state and lead to an impaired 
response to immunotherapy4. Distinguishing tumor-specific CD8 T cells from bystander cells in 
humans would strengthen and increase confidence in these findings.  
 
Develop clinically useful assays for stratifying patients for immunotherapy 
 

The studies described in Chapters 2 and 3 suggest that blood is an important reservoir of 
functional, tumor-specific CD8 T cells that respond to immunotherapy and facilitate tumor 
regression. This suggests that patients with tumor-specific CD8 T cells in blood should be 
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stratified for immunotherapy, while patients that lack these T cells should receive interventions to 
increase the frequency of these cells (e.g., therapeutic vaccines, transgenic TCR therapy, TIL 
therapy, etc.). However, we currently do not have a method of routinely estimating frequency of 
tumor-specific CD8 T cells. Studies in Chapters 3 and 4 provide important groundwork for 
development of clinically implementable assays to quantify tumor-specific CD8 T cells. Studies in 
Chapter 3 suggest that the co-expression of CD39 and CLA correlate to the frequency of tumor-
specific CD8 T cells. However, the frequency of CD39+CLA+ CD8 T cells is still 10-100-fold higher 
than the frequency of tumor-specific CD8 T cells as determined by multimer reagents. While 
existing methods are also prone to errors, the unbiased single-cell RNA sequencing studies 
described in Chapter 4 could be used to identify corresponding protein markers that are 
differentially expressed in tumor-specific CD8 T cells. For example, one study has reported that 
PD-1 positivity enriches tumor-specific CD8 T cells by 33-fold, while co-expression of CD45RO, 
HLA-DR, CD39, and CD103 enriched for tumor-specific CD8 T cells by >2,100-fold5. This provides 
proof-of-concept that it is possible to further enrich for tumor-specific CD8 T cells. Single-cell gene 
expression could also be used to identify T cells with similar functional states as tetramer-binding 
T cells, and identify previously unknown tumor-specific T cell epitopes. Both approaches could 
potentially decrease the discrepancy between multimer-determined and existing cell surface 
marker-determined tumor-specific CD8 T cells. 

 
Additionally, the studies described in Chapters 5, 6, and 7 provide important groundwork for 

the development of T cell receptor-based predictors for antigen-specific CD8 T cells. Further 
development of these tools could allow identification of tumor-specific CD8 T cells from bulk TCR 
sequencing data, which is commercially available using a small volume of blood and for a 
reasonable cost. The tools described in this thesis are likely limited to HLA-restricted epitopes for 
which we can gather a large amount of training data. Excitingly, new artificial intelligence and 
machine learning-based models (e.g., TAPIR6 and pMTnet7) that do not require antigen-specific 
training data have also recently been made available for public use. These models can take in 
bulk or paired-chain TCR sequencing data, along with tumor-specific HLA-restricted epitopes, and 
predict which TCRs are likely to recognize the queried epitopes. Thus, performance of whole 
exome sequencing on tumor tissue and utilization of peptide prediction tools8 (e.g., NetMHC9) to 
identify HLA-restricted epitopes, in conjunction with bulk TCR sequencing, is all that would be 
needed to utilize these models for quantification of tumor-specific CD8 T cells in the near future.  
 
     In conclusion, the studies described here move us closer to efficient identification of tumor-
specific CD8 T cells. This would allow us to rationally stratify patients for immunotherapy, prioritize 
patients unlikely to respond to immunotherapy for alternate or synergistic treatments, and identify 
T cell receptors for transgenic T cell therapies and TCR-based drugs. 
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Appendix A: Blog post to communicate new research findings to a lay audience 
 
Published on Engage blog on April 4, 2022 
 
https://www.engage-science.space/blog 
 
 



 
 
Do we need a psychiatrist for our immune system?  
 
Imagine if you lost the ability to see in one eye or were unable to feel a part of your arm. Either of these things, 
among others, could happen to you at any time if you had multiple sclerosis (MS). MS is an autoimmune 
disorder that sporadically damages myelin, the part of brain cells that allows them to respond quickly. When the 
myelin is gone, signals between your brain and the rest of your body are sent much, much slower. The damaged 
brain cells are fixed by the body over time and the symptoms disappear over time. But more damage eventually 
occurs and the symptoms come back, each time different than the last.  
 
But what causes MS in the first place?  
 
A group of scientists from Boston recently found that infection with Epstein-Barr virus (EBV) increases one’s 
chance of developing MS. Our bodies are filled with and surrounded by approximately 380 trillion viruses – 12 
times the number of cells that make up a person. Parts of these viruses could be similar to our cells. And when 
our immune system learns to fight the viruses, it may inadvertently attack our own cells too. This is presumably 
what is happening in MS – the virus and the myelin are similar in some way and our immune system is tricked 
into attacking the myelin on brain cells, believing it is actually EBV.  
 
If we could know who has been infected with EBV, could we monitor them more closely and prevent even the 
first attack of MS? More broadly, if we could know what viruses are living in us, could we determine which 
currently unexplained illnesses are caused by viruses? Researchers in Seattle think they can do just this by 
looking at immune cells.   
 
Our immune system is our first line of defense against infections. While some immune cells act like fences, 
preventing germs from getting into cells, others act like snipers – eliminating the enemy once it has already 
made it past the fence. “T cells” are the snipers. When they see harmful viruses in our cells, they react – they 
make more copies of themselves and then attack the virus-infected cells. Once the threat has been neutralized, 
the some of the responding T cells become “memory” cells, lying in wait until the same virus comes in again. Just 



like a psychiatrist tries to identify the root of a person’s problem, we may soon be able to know what viruses we 
have been infected with by finding out which of our T cells have reacted to a threat.  
 
T cells see viruses that are present in our cells with molecules on their surface called “receptors.” T cell 
receptors that recognize the same virus are like each other. And we are now increasingly able to detect similar 
patterns in T cell receptors and predict which virus a T cell is poised to fight. Researchers at the University of 
Washington and the Fred Hutchinson Cancer Research Center are perfecting a tool that can predict whether a T 
cell is seeing the virus that causes a deadly skin cancer, Merkel cell carcinoma.  
 
Once refined, similar tools can be developed for other viruses until we can metaphorically ask a T cell what virus 
triggers it. And if we see many copies of the same T cell, we know that it was once activated and that we have 
previously come across the virus that it recognizes. With this knowledge, the possibilities for scientific progress 
are vast, and include identifying viral causes of currently unexplained illnesses and determining how well our 
immune system is fighting an infection or a virus-driven cancer.  
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Appendix B: Slides to communicate research in progress to a lay audience 
 
Presented at Town Hall Seattle on April 11, 2022 
 
https://townhallseattle.org/event/caitlin-cruz-saumya-jani-and-miranda-mudge/ 
 
https://www.youtube.com/watch?v=C-xi2cJB7KI 
 



First time’s the charm: 
Predicting the best treatment 

for advanced cancers
Saumya Jani

University of Washington

1

Merkel cell carcinoma: A pimple that never stops growing

2

2



Who gets MCC?

3

3

Viruses just want to make more copies of themselves, but they need us to do it

Proteins

Genes

80% of MCC cases are caused by Merkel cell polyomavirus

4

4



Merkel virus causes cancer by entering our genes

We don’t have a way of preventing this progression, but we may be able 
to determine the best treatment for each patient

The virus enters our cells Virus genes go to the same 
place as our genes

Small part of virus gets 
into our genes

5

5

How is MCC treated? 

Surgery ChemotherapyRadiation Immunotherapy

6

6



Our immune system is our first line of defense

Your skin can 
prevent germs from 

getting into your 
body

“Guard” cells patrol 
the blood and 

prevent germs from 
getting into your 

cells

“Sniper” cells see 
what is in your cells 
and kill the infected 

ones

A weak immune system increases your chances for MCC
7

7

How do “snipers” see virus-infected and cancerous cells? 

8

8



Different types of immunotherapy

Vaccinate
Give cancer-specific 

T cells directly
Activate the 

existing cancer-
specific T cells

If we have enough T cells If we don’t have enough T cells
9

9

How can we detect cancer-specific T cells? 

We use a “fake cell” with a fluorescent tag 10

10



We can separate T cells that are bound to the “fake cell”

11

11

This is really hard to do, so how can we make this 
specialized treatment decision available to all patients? 

VaccinateGive cancer-specific 
T cells directly

Activate the existing 
cancer-specific T 

cells

If we have enough T cells If we don’t have enough T cells
12

12



T cell receptor (TCR) are diverse, but not infinitely so

One lock can have multiple keys, but not an infinite amount

Viruses and cancersT cell receptors

13

13

Can we read the cell’s instruction manual?

English: 26 letters Cell’s language: 4 letters

14

14



Computers can find patterns that the human eye cannot

15

15

Computer task: find patterns in a group of TCRs

Group 1 Group 2

16

16



We can find patterns in the sequences!

One part of the virus Second part of the virus

The patterns can be used to quantify virus-specific cells in MCC patients
17

17

Ultimate clinical use

Get blood or 
tumor tissue 
from patients

Obtain instructions 
that make T cell 

receptors

Count how many T cell receptors overlap with 
those known to be cancer-specific

18

18



How many “overlapping” T cells are there?

Vaccinate Give cancer-
specific T cells 

directly

Activate the existing 
cancer-specific T 

cells

Enough Too few

Conventional 
treatments

19

19

What else can this technology help with?

Give cancer-specific 
T cells directly

Estimate clinical 
efficacy of therapeutic 

vaccines

20

20



Acknowledgements

Thank you for your attention!
21

21
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Appendix C: Slides to teach trainees how to engage with audiences skeptical of science  
 
Presented at Science Talk on April 6, 2023 
 
 



Communicating Science to Science 
Skeptics

Science Talk 2023

1

Miranda Mudge
Natalie Mastick

Kevin Bishop
Saumya Jani

2



Communicating Science to 
Science Skeptics

Goal: Building confidence when communicating to 
science skeptics
Everything but the content
• Making your science more understandable
• Improv strategies

Connecting with your audience
• Listening
• Responding with empathy and understanding

3

Fundamental Skills and Strategies

4



Communicating Science 
Effectively 

1. Know Your Goal(s)

1. Know Your Audience

5

Communicating Science 
Effectively 

● Lose the Jargon
○ Avoid it
○ Define it

6



Communicating Science 
Effectively 

“nutrients”    =

● Lose the Jargon

● Practice Distillation

7

Communicating Science 
Effectively 

Set-up/Hook 

Development

Climax

Resolution

Time

Te
ns

io
n

Complicating
Action

Act I Act II Act III

● Lose the Jargon

● Practice Distillation

● Utilize Storytelling

8



Communicating Science 
Effectively 

● Lose the Jargon

● Practice Distillation

● Utilize Storytelling

● Be Prepared

9

Warmth
(Friendliness, 

Trustworthiness)

Competence
(Capability, Assertiveness)

Where do scientists fall?

Communicating Science 
Effectively 

11



“Groups stereotyped as cold but competent… 
including rich people, businesspeople, and 
technical experts. People reported that they 
elicit envy….they admire such people but also 
resent them.”

Fiske, 2018. Curr Dir Psychol Sci.

Communicating Science 
Effectively 

12

Communicating Science 
Effectively 

● Lose the Jargon

● Practice Distillation

● Utilize Storytelling

● Be Prepared

● Convey Warmth

13



Activity: 
Convey tone through gibberish

14

1) Pair up with someone in your group

2)  Choose an emotion to convey from the cards available

3)  Using only gibberish, have a conversation with your partner 
focusing on tone   

Activity: 
Convey tone through gibberish

Can you guess the emotion your partner is trying to convey?

Would you want to continue this conversation?

15



Distillation

16

“this content is 
too hard for 

you to 
understand”

Leaving out 
difficult content

Distilling vs. Dumbing Down

17



“this content is 
too hard for 

you to 
understand”

Leaving out 
difficult content

Making concepts 
accessible to general 

audience

“Distilling” ideas 
into relevant, 

digestible chunks

Distilling vs. Dumbing Down

18

The Process of Distillation
What information is absolutely necessary to communicate 
this concept to my audience?
Which details are important to my whole story? Which can 
be left out?
How complex is this topic?  Can I present it with a few 
words?

Would an analogy benefit my audience?

19



Elevator pitches

20

Why is this useful?

• Communicate your research to non-
scientists

• Communicate your research to other 
scientists

21



Example: Elevator Pitch
I am a marine parasite ecologist who 
focuses on the temporal shifts in risk of 
parasitism in marine mammal populations. 
Intestinal nematodes of the family 
Anisakidae have complex life cycles and 
are trophically transferred to piscivorous 
marine mammals. With increasing marine 
mammal populations, the number of 
definitive hosts available for Anisakidae 
parasites to exploit increases, increasing 
reproductive output of the nematodes and 
potentially increasing the risk to other 
marine mammal hosts.

22

Example: Elevator Pitch
Commercial whaling, seal hunting, and 
other forms of exploitation decimated 
many marine mammal populations. Since 
these exploits have ended, many marine 
mammal species have increased, while 
others still teeter on the brink of 
extinction. We wanted to know if the 
parasites that infect the healthy marine 
mammals could be increasing with their 
populations, and infecting other, at-risk 
marine mammals through the fish they 
eat. We studied the change in parasite 
infections in fish prey species to see if 
there’s been a change in risk over time. 

I am a marine parasite ecologist who 
focuses on the temporal shifts in risk of 
parasitism in marine mammal populations. 
Intestinal nematodes of the family 
Anisakidae have complex life cycles and 
are trophically transferred to piscivorous 
marine mammals. With increasing marine 
mammal populations, the number of 
definitive hosts available for Anisakidae 
parasites to exploit increases, increasing 
reproductive output of the nematodes and 
potentially increasing the risk to other 
marine mammal hosts.

23



But…

… you can only hold 
someone’s attention 
for so long. 

24

Activity: Speed Pitches

25



Speed Pitches

• Partner with someone in your group
• You’ll each get 90 seconds to deliver an elevator pitch about your 

science or a scientific topic you know a lot about
• After the first iteration, you’ll deliver your pitch again, but this 

time with 60 seconds.
• Then 30 seconds 
• Then 15 seconds
• Then 8 seconds
• After the 8 second pitches, talk to your partner! Ask them for 

feedback, whether you captured their attention, and what they 
would do differently

26

Example

From NBC 
News

27



Speed Pitches

• Partner with someone in your group
• You’ll each get 90 seconds to deliver an elevator pitch about your 

science or a scientific topic you know a lot about
• After the first iteration, you’ll deliver your pitch again, but this 

time with 60 seconds. 
• Then 30 seconds
• Then 15 seconds
• Then 8 seconds
• After the 8 second pitches, talk to your partner! Ask them for 

feedback, whether you captured their attention, and what they 
would do differently

28

Skeptical audiences

29



About 40% of Americans believe a divinity created humanity 
in its current form less than 10,000 years ago.1

In 2010, over 25% of surveyed parents reported concerns 
that vaccine ingredients might be unsafe or cause learning 
disabilities.2

1Pobiner. 2016. American Journal of 
Physical Anthropology.
2 Kennedy et al. 2010. Health Affairs.

Some audiences may be hostile to your ideas

30

Myths are side effects of evolution

“One of the reasons why [myths] spring up with such 
regularity is due to our desire to impose structure on the 
world and incredible ability to recognise patterns.”

“[...] we are social animals and our status in that society 
is much more important (from an evolutionary 
standpoint) than being right.”

Lorch. 2017. The Conversation. 

31



Basic science education is lacking

Image credit: normaals Image credit: Adam Hoglund/Shutterstock

32

How to correct misinformation

• Find common ground

• Focus on your message and replace the myth

• Offer explanations that fit with their world view

• Engage the audience in brainstorming counterarguments

Lorch. 2017. The Conversation.
Cook. 2015. The Conversation.
Donnelly. 2017. Shelter.
Shermer. 2017. Scientific American. 
Association for Psychological Science. 2017. 

33

https://www.123rf.com/profile_normaals


Myth busting via “technique rebuttal”

• Science deniers draw on flawed reasoning techniques

• Identifying flawed techniques can mitigate 
misinformation

• Need to build trust first

From McIntyre, L. “Talking to science deniers and sceptics is not hopeless,” Nature, 5 Aug 2021
34

Avoid the B’s: ‘backfiring’ and ‘boomerangs’

Backfiring: Myth becomes more memorable than 
the correction

Boomerang: Correction causes people to 
develop a stronger dislike for the opposing 
argument

Lorch. 2017. The Conversation. 

35



What does it look like?

“I let them speak, then followed up with questions once the 
dialogue was rolling. Instead of refuting arguments, I asked, 
“What evidence might change your mind?” If they said they 
needed ‘proof’, I asked why existing evidence was insufficient. 
If they shared a conspiracy theory, I asked why they trusted 
the evidence for it. By doing that — and not monologuing the 
facts — I was able to let them wonder why they couldn’t 
answer my questions.” 

- Lee McIntyre, on talking with flat-earthers at a flat-earth 
conference

From “Talking to science deniers and sceptics is not hopeless,” Nature, 5 Aug 2021
36

Difficult conversations

37



Improv game: Yes and…
1) In your groups, build a story one sentence at a time
2) One person starts

“Once there was an angry potato named Hank”

1) The next person continues with Yes and…

“Yes, and one day Hank started yelling at Charlie the broccoli for 
no reason”

1) Embrace whatever was said before
2) After finishing the circle, someone new starts

38

Productive conversations...

…find common ground by listening.

…are not held to “win”.

…focus on why the information matters to someone.

39



First rule of communication: Know your Audience!

- Why might this person have this perspective? 
Apathy, skepticism, animosity

- How have this person’s experiences influenced their thinking?

- How can I connect with this person - what common goals do 
we share?

41

What doesn’t work:

I don’t want to get my child vaccinated.

But according to the CDC, the number 
of vaccine-related complications in the 
US is miniscule. (Evidence)

Why should I believe the government? 
They just want to push vaccines on us 
that aren’t safe. (Disqualifies evidence)

But there is no evidence that vaccines 
aren’t safe. The study linking autism to 
vaccines was debunked.

My friend’s child got sick after getting 
vaccinated. There’s no way I’m going 
to endanger my child.

42



A Framework for Productive Conversations

Step 1: Get more information - ask questions!

I don’t want to get my 
child vaccinated.

What concerns do you have 
about vaccines?

43

I’m afraid that vaccines will hurt my 
child. They are full of chemicals I can’t 
pronounce and they can have horrible 
side-effects. My friend’s child got really 
sick after getting a vaccine. So you don’t want to vaccinate your child 

because you want to protect them from 
harmful side effects. I also want to 
ensure we give children every resource 
we can to grow up healthy.

Step 2: Accurately restate the other person’s viewpoint & try to find 
common ground.

A Framework for Productive Conversations

44



Right, and I’ve heard terrible 
stories about how vaccines have 
hurt children. Vaccines, like any medical 

intervention, can have side effects -
even though they are very rare. 
Unfortunately not getting vaccinated 
can have side effects too. I recently 
worked with a patient who…  

Step 3: Share your perspective (stories are great!) and consider 
reframing the problem.

A Framework for Productive Conversations

45

Activity
1) Your will be given envelopes of prompts sorted by field of expertise -

grab one prompt from your field but do not look!

2) Pair up with someone in your group, and switch prompts with them

3) One person is an expert, the other person has a specific take on 
something related to your field (range of silly vs. legitimate)

4) Have productive conversation following the framework (remember, 
your goal is not to “win”!)

5) Discuss what worked well and what did not

47



Activity
1) Grab a prompt from 

your field 
2) Pair up with someone 

and switch prompts 
3) One person is the 

expert, one person has 
a take (on the prompt)

4) Have a productive 
conversation

5) Discuss

Framework:

Step 1: Get more information - ask 
questions!

Step 2: Accurately restate the other 
person’s viewpoint & try to find 
common ground.

Step 3: Share your perspective 
(STORIES STORIES STORIES) 
and consider reframing the problem.

48

In summary
● Preparation & improv techniques can build confidence for 

public speaking and responding to unexpected situations
● When trying to correct a myth, don’t challenge their world 

view and replace the myth with something stickier 
● Approach difficult conversations by learning about the 

person you’re speaking to and trying to find common 
ground

49



Thank you SciTalk 2023!
Help us improve our workshop! 
Follow the QR code below to fill 

out a survey. 

50
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Appendix D: Slides to communicate new research findings to patients 
 
Presented at Merkel CELLebration dinner on September 11, 2023 
 
https://www.youtube.com/watch?v=GqavZBPqHbk&t=2184s 



Merkel CELLebration 
Dinner 2023

1

Welcome...
in-person and online

September 11, 2023
5-6 PM PDT / 8-9 PM EDT

Online attendees- 
please put questions in chat

1

Topics for Today: Future of MCC 

Diagnosis Initial Treatment Surveillance Recurrence Recurrence 
Treatment

Science updates:

Surveillance Recurrence Refractory

Killer T cells

2

Lisa Zaba
(Stanford Professor)

MCC Blood Tests

Austin Jabbour & 
Ariel Finberg 

(Clinical Fellows)

Exciting Trials

Saumya Jani
(MD/PhD student)

Insights on Killer T cells

Paul Nghiem
(Herder of Cats)
Overview

Patient 

Story #1 Patient 

Story #2 Patient 

Story #3

Kelsey Cahill
(Research Coordinator)

Newsletter & 
Website

2



‘Killer T cells’ kill cancer cells

Killer T cell

Cancer cell

(Dying cell)

Cellular 
‘grenades’

3

3

Killer T cells mission: via T cell receptor

MCC

Killer T cell

James Bond Villain

T cell receptor

4

4



Killer T cells travel to tumors through the blood

T cells travel through the blood to find tumors

5

5

Does a T cell target MCC? 

T cell receptor 
recognizing MCPyV

Fluorescent tag
6

6



“Secret agent” present = cancer is killed

75% 75%

0%
10%
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90%

100%

Opdivo Keytruda
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Cancer-free 4 years after anti-PD-1? 

Yes
No

Tumor-
fighting 
T cells in 
blood? 

What did it take to find this? 

• Work in the lab started ~2011 

• Clinical trials started 2014-2015

• Involved:
• 100+ people
• >11 person years of effort
• $1 million+ 

• Could not have been done in any 
other cancer

(17 patients) (17 patients) 7

7

What’s next? 
• Not currently, routinely 

possible in the clinic

• Need to do this in a different
way… faster, easier, cheaper

• Extend it to other cancers 
(including VN-MCC)

Cost of an international phone call / minute

1950s: $4 Now: Free - pennies

8
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We are starting to learn how to find killer T cells that see tumor

T cells that cannot kill MCC

VS

T cells that can kill MCC
9

9

If patient has these T cells… If patient lacks these T cells…

Give immunotherapy Needs additional 
intervention

So what?

10
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Take-home 
messages

• Cancer-fighting ‘killer T cells’ = 
good

• IMPOSSIBLE to measure in clinic 
(routinely)

• Developing better ways to find 
them

11
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Thank you all!

12

Thank 
you!
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