UCSF

UC San Francisco Previously Published Works

Title
An NKG2A biased immune response confers protection for infection, autoimmune
disease, and cancer

Permalink
https://escholarship.org/uc/item/9k2j4fd

Journal
Res Sq, 4(10-26)

Authors

Heath, James
Chen, Daniel
Xie, Jingyi

Publication Date
2023-10-16

DOI
10.21203/rs.3.rs-3413673/v1

Peer reviewed

eScholarship.org Powered by the California Diqgital Library

University of California


https://escholarship.org/uc/item/9kj2j4fs
https://escholarship.org/uc/item/9kj2j4fs#author
https://escholarship.org
http://www.cdlib.org/

Cell Reports

Integrative systems biology reveals NKG2A-biased
immune responses correlate with protection in
infectious disease, autoimmune disease, and cancer

Graphical abstract

NKG2A* bias
correlates with
multi-disease
protection

——

Infection
SARS-CoV-2
Chikungunya

oo

Autoimmunity
Systemic lupus
erythematosus

.~ _Cancer
& st - Pan-cancer
cell related effect . =~ for33types

Highlights
e NKG2A* bias is associated with reduced acute and post-
acute COVID-19 risk

e NKG2A" bias negatively associates with inflammation from
viral infection

o NKG2A" bias negatively associates with lupus

o NKG2A* bias is associated with increased survival and
immune response in cancer

Chen et al., 2024, Cell Reports 43, 113872
March 26, 2024 © 2024 The Authors.
https://doi.org/10.1016/j.celrep.2024.113872

Authors

Daniel G. Chen, Jingyi Xie,
Jongchan Choi, ..., Jason D. Goldman,
Yapeng Su, James R. Heath

Correspondence
jim.heath@isbscience.org

In brief

Chen et al. show how an NKG2A*-biased
immune response associates with
biological and clinical correlates of
protection and reduced disease severity
across multiple cancers, an autoimmune
disease (lupus), and multiple viral
infections.

¢? CellPress


mailto:jim.heath@isbscience.org
https://doi.org/10.1016/j.celrep.2024.113872
http://crossmark.crossref.org/dialog/?doi=10.1016/j.celrep.2024.113872&domain=pdf

Cell Reports ¢ CellPress

OPEN ACCESS

Integrative systems biology reveals NKG2A-biased
Immune responses correlate with protection in
infectious disease, autoimmune disease, and cancer

Daniel G. Chen,-22 Jingyi Xie,"* Jongchan Choi," Rachel H. Ng,"-* Rongyu Zhang,-°> Sarah Li," Rick Edmark,’
Hong Zheng,®” Ben Solomon,? Katie M. Campbell,®:'2 Egmidio Medina,® Antoni Ribas,®1°'2 Purvesh Khatri,®”
Lewis L. Lanier,'"-12 Philip J. Mease,’®'4 Jason D. Goldman, 31415 Yapeng Su,2%'¢ and James R. Heath'5.12,16.17.*
Institute of Systems Biology, Seattle, WA, USA

2Vaccine and Infectious Disease Division, Fred Hutchinson Cancer Research Center, Seattle, WA, USA

3Clinical Research Division, Program in Immunology, Fred Hutchinson Cancer Research Center, Seattle, WA, USA

“Molecular Engineering & Sciences Institute, University of Washington, Seattle, WA, USA

5Department of Bioengineering, University of Washington, Seattle, WA, USA

SInstitute for Immunity, Transplantation and Infection, School of Medicine, Stanford University, Stanford, CA, USA

7Center for Biomedical Informatics Research, Department of Medicine, School of Medicine, Stanford University, Stanford, CA, USA
8Department of Pediatrics, Division of Allergy and Immunology, Stanford School of Medicine, Stanford, CA, USA

9Department of Medicine, Division of Hematology-Oncology, University of California, Los Angeles, Los Angeles, CA, USA
19Jonsson Comprehensive Cancer Center at the University of California, Los Angeles, CA, USA

Department of Microbiology and Immunology, University of California, San Francisco, San Francisco, CA, USA

12Parker Institute for Cancer Immunotherapy, San Francisco, CA, USA

13Swedish Center for Research and Innovation, Swedish Medical Center, Seattle, WA, USA

14Providence St. Joseph Health, Renton, WA, USA

15Djvision of Allergy and Infectious Diseases, University of Washington, Seattle, WA, USA

16Senior author

17Lead contact

*Correspondence: jim.heath@isbscience.org

https://doi.org/10.1016/j.celrep.2024.113872

SUMMARY

Infection, autoimmunity, and cancer are principal human health challenges of the 21t century. Often re-
garded as distinct ends of the immunological spectrum, recent studies hint at potential overlap between
these diseases. For example, inflammation can be pathogenic in infection and autoimmunity. T resident
memory (Trym) cells can be beneficial in infection and cancer. However, these findings are limited by size
and scope; exact immunological factors shared across diseases remain elusive. Here, we integrate large-
scale deeply clinically and biologically phenotyped human cohorts of 526 patients with infection, 162 with
lupus, and 11,180 with cancer. We identify an NKG2A* immune bias as associative with protection against
disease severity, mortality, and autoimmune/post-acute chronic disease. We reveal that NKG2A* CD8"*
T cells correlate with reduced inflammation and increased humoral immunity and that they resemble Tgym
cells. Our results suggest NKG2A* biases as a cross-disease factor of protection, supporting suggestions
of immunological overlap between infection, autoimmunity, and cancer.

INTRODUCTION disease treatments leverage systemic immunosuppressive
drugs that can leave patients more susceptible to infectious dis-
eases and cancer.”®

It has historically been challenging to execute studies de-

Infection, autoimmunity, and cancer are principal drivers of hu-
man mortality and disease; they are responsible for over 40%

of deaths worldwide.'™® There is an urgent need to understand
shared human immunology across disease contexts to identify
potential pan-disease therapeutic strategies. For example, cur-
rent immunotherapies may provide benefit to the patient for
one disease while exacerbating another condition. Specifically,
certain cancer immunotherapies, such as immune checkpoint
blockade, can promote strong CD8"* T cell anti-tumor immunity
but can also trigger autoimmunity.® Similarly, many autoimmune

uuuuu

signed to interrogate how immunological factors operate across
diverse disease settings, primarily because datasets that match
large human clinical cohorts with multi-omic biological data have
been limited. However, such studies, even when executed on
small patient cohorts representing only a few disease settings,
have yielded new insights into T cell biology. For example, one
recent study highlighted KIR* CD8"* T cells as shared across
infection and autoimmunity contexts.® Other studies have
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connected pathogenic inflammation from both infection and
autoimmune disease with antigen-induced cell death (AICD) in
cytotoxic T cells.'®'? Further, additional works have established
connections between T cell dysfunction in cancer and immune
exhaustion in chronic infections such as HIV and hepatitis C vi-
rus'®'* and have also revealed T resident memory (Tgw) cells
as essential to sustaining immune responses in both con-
texts.">"'® While these studies highlight the potential of pan-dis-
ease investigations, their limitations in cohort size, number of
diseases simultaneously studied, and depth of paired clinical
and biological data have made it difficult to identify specific im-
mune factors that can explain shared T cell phenomena across
diverse immunological disease settings.

To address this, we home in on NKG2A and NKG2C receptors
as putative factors underpinning T cell behaviors across multiple
diseases and disease classes. NKG2A/C receptors have
recently attracted significant interest within the immunology
community, as they allow for T and natural killer (NK) cells to
receive potent inhibitory (NKG2A) and stimulatory (NKG2C) sig-
nals through non-traditional means (i.e., not through PD1,
CD28, etc.). Their presence allows for T and NK cells to be func-
tionally regulated, even when traditional receptors are not pre-
sent or are blocked. For example, NKG2A can send inhibitory
signals via its ITIM (immunoreceptor tyrosine-based inhibitory
motif) domains and can disrupt lipid raft formation, potentially
disrupting immune synapse signaling.'®?° NKG2C pairs with
TYROBP (also known as DAP12) to send ITAM-dependent stim-
ulatory signals.?’ In addition, there are recent reports that these
signals have conserved pan-disease roles in shaping T cell
phenotype, such as via chronic antigen stimulation.®?>?° Here,
we explore the role of NKG2A/C through a systems immunology
approach that integrates deep clinical and multi-omic biological
data from several large-scale human patient studies covering
two infectious diseases, an autoimmune disease (systemic lupus
erythematosus [SLE]), and pan-cancer. We find that, in all dis-
ease settings, an NKG2A* immune bias, at both bulk and sin-
gle-cell resolution, associates with decreased patient mortality,
decreased severity, and decreased prevalence of autoimmune
and post-acute chronic disease. We demonstrate that NKG2A*
CD8™" T cells significantly associate with protective humoral im-
munity across diseases and decreased levels of inflammatory
cytokines and cell types. We also identify similarities between
NGK2A* CD8* T cells and Try cells in cancerous tumors. In mul-
tiple cancer types, we find that these cells correlate with immune
infiltration and spatially interact with tumor and immune cells.

RESULTS

Multi-omic atlas of NKG2A* and NKG2C* single immune
cells and patients from infection, autoimmune, and
cancer cohorts

We integrated single-cell and bulk multi-omic datasets from
seven highly phenotyped human clinical cohorts for infection (se-
vere acute respiratory syndrome coronavirus 2 [SARS-CoV-2]
n = 296 patients and chikungunya n = 231 patients), autoimmu-
nity (SLE n = 162 patients), and pan-cancer (n = 11,180 patients)
(Figure 1A; Table S1; see STAR Methods).?*?° As NKG2A/C
expression is dominantly restricted to CD8" T cells and NK cells,

2 Cell Reports 43, 113872, March 26, 2024

Cell Reports

we focused on these two cell types for single-cell analyses and
presumed bulk NKG2A/C measurements to represent expres-
sion from these two cell types alone (Figure 1B).*° Since
NKG2A/C receptors are known to form heterodimers with
CD94 for function, we account for CD94 expression when clas-
sifying single cells and bulk samples as NKG2A™ or NKG2C*
biased (Figure 1C; see STAR Methods).®'**? Given the divergent
biological signals sent by these two receptors, inhibitory for
NKG2A and stimulatory for NKG2C,>* and their restriction to T
and NK cells,*® we hypothesized that NKG2A or NKG2C is likely
involved in shared immunopathology and protection factors
across disease contexts. Thus, we took on a multi-disease
investigation into how NKG2A* and NKG2C* T cell and patient
biases associate with biological and clinical markers of disease
presence, severity, and patient mortality across three divergent
disease states (Figure 1D).

Patients with infection and NKG2A* bias have
decreased disease severity, mortality, and prevalence
of post-acute chronic disease
We start by examining patients with infectious diseases, with a
focus on our previously reported longitudinal COVID-19 cohort
due to its depth of matched clinical and biological
profiling.?*2°3%-%> Consistent with previous works, our assigned
NKG2A* and NKG2C* cells presented with divergent pheno-
types, with NKG2C™* cells appearing more activated in both the
CD8"* T and NK cell compartments, likely due to the stimulatory
nature of the NKG2C receptor (Figure S1A).>" Of note, NKG2C*
CD8* T cells represented only 1% of total CD8* T cells, suggest-
ing that they are not cytomegalovirus (CMV)-driven populations.
NKG2C* CD8" T cells are known to expand to a significantly
larger fraction of patient CD8" T cells upon CMV-driven stimula-
tion.®® Further, in line with the presence of NK-related NKG2A/C
receptors on these unique CD8" T cells, both NKG2A* and
NKG2C* cells possessed increased NCAM1 (CD56) gene
expression and surface protein levels compared to other CD8*
T cells. CD56 is known to denote NK-like T cells (Fig-
ure S1B).*”~*° Further, KIR proteins, which have also been re-
ported on NK-like T cells and appear involved in immunoregula-
tory behaviors,® were markedly upregulated on NKG2A* and
especially NKG2C* CD8™" T cells (Figure S1C). We see additional
confirmation of our NKG2A™ and NKG2C* assignment in the NK
cell compartment where NKG2C* NK cells indeed present with
an adaptive-like phenotype, which NKG2C* NK cells are known
to acquire (Figure S1D).*>*! Thus, we confirm the validity of our
NKG2A* and NKG2C™* cell assignment in all cellular compart-
ments and demonstrate their phenotypic divergence from each
other.

Toinvestigate the biological and clinical impacts of an NKG2A/
C immune bias during infection, we assigned each patient as
NKG2A* or NKG2C* biased based on their ratio of NKG2A* to
NKG2C* cells. This assignment was done for each cell type
(see STAR Methods). Interestingly, patients with an NKG2A*
bias had significantly greater odds of surviving than those with
an NKG2C* bias even when accounting for the effects of sex,
age, and disease severity (Figure 2A). Similar trends, albeit less
significant, associating an NKG2A* bias with increased survival
were observed in validation cohorts even when accounting for
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Figure 1. Overview of study design, analytic methods, and dataset multi-omics

(A) Cartoon describing the collected single-cell and bulk multi-omic datasets with paired clinical data from infection, autoimmunity, and cancer contexts.
(B) Cartoon depicting experimental and analytic strategies for single-cell and bulk data with a focus on NKG2A/C-expressing cell types.

(C) Cartoon demonstrating NKG2A* and NKG2C™* bias assignment at single-cell and bulk levels.

(D) Cartoon displaying the different clinical and biological -omics to be compared between NKG2A* and patients with an NKG2C* bias.

Organ and disease
specific severity

Clinical lab
factors

demographic factors (Figure S2A). Given that expansion of
NKG2C* NK cells is associated with prior CMV infection, a
known risk factor in infection contexts, we repeated these ana-
lyses based on whether a patient had prior CMV infection as a
co-variate (see STAR Methods). Interestingly, even when we ac-
counted for prior CMV infection, NKG2A* biases were still signif-
icantly associated with greater odds of survival, suggesting that
the benefit derived from an NKG2A* bias is not explained by
CMV infection history alone (Figure S2B).

To probe for the long-term impact of NKG2A* biases, we
compared long COVID profiles of patients who did and did
not have NKG2A*-biased immune systems during acute dis-

ease. Intriguingly, we observed significant protection against
long COVID in patients with an initial NKG2A* bias, even
when accounting for sex, age, and disease severity (Figure 2B).
We found NKG2A*-biased NK cells to associate with greater
protection than CD8* T cells for all symptom groups except
for anosmia/dysgeusia, colloquially called loss of smell/taste.
This may be explained by previous observations that
anosmia/dysgeusia are driven by fundamentally different pa-
thology than unresolved inflammation,**™*® which associates
with other post-acute sequelae. As with the survival analyses,
we confirmed that NKG2A™ biases, especially those in the NK
cell compartment, significantly associate with long COVID

Cell Reports 43, 113872, March 26, 2024 3
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Figure 2. NKG2A" bias associates with clinical and biological correlates of protection in infection contexts
(A) Log-odds model of patient mortality predicted by NKG2A* bias while accounting for demographic factors. Top: bar plot with the x axis as different co-variates;
the y axis is the —logqo(p value). Bottom: forest plot with the x axis as different co-variates and the y axis as In(odds ratio) for a given co-variate, with 95%
confidence intervals plotted as whiskers. Red color indicates significance, meaning p < 0.05.
(B) Log-odds model of whether a patient has a given long COVID symptom as predicted by NKG2A* bias while accounting for demographic factors. Top: bar plot
with the x axis as different co-variates and symptoms; the y axis is the —log1o(p value). Bottom: forest plot with the x axis as different co-variates and symptoms
and the y axis as In(odds ratio) for a given co-variate, with 95% confidence intervals plotted as whiskers. Colors indicate different co-variates; see legend at

bottom.

(C) Log-odds model of whether a patient has a given co-morbidity as predicted by NKG2A* bias while accounting for demographic factors. Red color indicates
increased In(odds ratio), as in given the presence of the co-variate on the x axis, there is increased odds of the co-morbidity on the y axis; blue colors indicate a
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protection even when accounting for prior CMV infection
(Figure S2C).

The critical role of inflammation in exacerbating severity in
acute and post-acute disease suggests that the benefit derived
from an NKG2A™ bias may in some way be related to quelling
inflammation. Consistent with this suggestion, patients with an
NKG2A" bias had significantly decreased prevalence of pre-ex-
isting chronic conditions even when accounting for demographic
differences (Figure 2C). Many of these co-morbidities are known
to have inflammation-driven origins or have pathology intimately
tied with inflammation, such as chronic obstructive pulmonary
disorder and coronary artery disease.””*® Thus, these findings
strongly suggest, across multiple infection contexts and cohorts,
that an NKG2A* bias confers protection during acute and post-
acute disease given findings of reduced mortality, severity, and
long-term symptoms.

NKG2A* biases correlate with reduced pathogenic
inflammation during infection

To investigate the suggestion from clinical data that NKG2A*
biases may confer protection through reduced inflammation,
we interrogated the biological profiles of patients with an
NKG2A" versus an NKG2C™ bias for differences in inflammatory
proteins and cell types. Consistent with the clinical data, patients
with an NKG2A™" bias had significantly downregulated levels of
inflammatory proteins (Figure 2D; Table S2.1). By contrast, pa-
tients with an NKG2C™" bias had plasma proteomes enriched
for inflammatory pathways, such as interferon y (IFNy) response
and granulocyte chemotaxis, and upregulated well-known in-
flammatory proteins, such as IFNy and CXCL1, even into post-
acute disease (Table S2.2).*°°" This elevation of inflammatory
proteins in patients with an NKG2C™ bias was confirmed in our
validation cohorts, suggesting that this association holds
across different infection contexts and cohorts (Figure 2E;
Tables 52.3-S2.5).

Probing deeper into this connection between inflammation
and NKG2A/C biases, we compared the immune cell profiles
of patients with NKG2A* biases to those with NKG2C™* biases.
Even during post-acute disease, patients with an NKG2C™ bias
presented with signs of continued inflammation as observed
through significantly higher levels of cytotoxic CD4* T cells,
CD4* T cell clonal expansion, and perforin-secretion capabilities
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by those cells (Figure 2F). This continued reactivity in the CD4*
T cell compartment was accompanied by a simultaneous in-
crease in plasmablast percentages (Figure 2F, right). Given the
important collaborative roles of CD4* T and B cells in humoral
immunity, we interrogated patients for differences in antibody
levels. Notably, while plasmablast levels were upregulated in pa-
tients with an NKG2C* bias, it was patients with an NKG2A™ bias
who had greater odds of developing anti-SARS-CoV-2 anti-
bodies (Figure S3A). In contrast, an NKG2C* bias associated
with increased levels of autoantibodies, particularly anti-IFNo.2,
and the presence of atypical memory (AtM) B cells during acute
disease. AtM B cells are often associated with autoantibodies
and autoimmunity (Figures S3B and S3C).>*"*® This phenomenon
of humoral immunity divergence was also observed in the valida-
tion cohorts, where we found genes upregulated by patients with
an NKG2A* bias in the chikungunya cohort to display significant
overlap with antibody-associated genes and nearly significant
overlap for the other COVID-19 cohort (Figure 2G). Thus, we
demonstrate that, across multiple infection contexts and co-
horts, NKG2A™ biases not only associate with clinical metrics
of protection but also with biological metrics of protection as
observed through reduced short- and long-term inflammation,
reduced autoreactivity, and increased protective humoral
immunity.

NKG2A* CD8"* T cells associate with protection and
reduced inflammation in lupus
Signs that NKG2A* biases may potentially associate with protec-
tion against autoimmunity pushed us to investigate the role of
NKG2A* biases in autoimmune disease. The most well charac-
terized of these is SLE (lupus).”®** Given recent reports of the
importance of CD8" T cells in lupus settings and their ability to
carry NKG2A/C receptors, we focused our autoimmune ana-
lyses on the clinical and biological impacts of an NKG2A* bias
in the CD8* T cell compartment.>®

NKG2A* and NKG2C* CD8"* T cells, when projected onto a
transcriptome-defined uniform manifold approximation and pro-
jection, present with canonical CD8" T cell phenotypes along
with a prominent short-lived effector cell (SLEC)-like population
(Figure 3A). SLEC-like cells displayed upregulated levels of
CD57, confirming their terminal phenotype, and increased
IFNy mRNA. This suggests that SLEC-like cells may play a role

decrease; see legend on bottom right. Co-morbidities are abbreviated as follows: CHF, congestive heart failure; CAD, coronary artery disease; CKD, chronic
kidney disease; COPD, chronic obstructive pulmonary disease; T2DM, type Il diabetes.

(D) Network of plasma proteins upregulated in patients with an NKG2C* bias. Ovals are individual proteins, and line width indicates the strength of their
connection; a wider line means increased functional similarity. Significantly enriched pathways are annotated via a smaller circle on the given protein’s oval.
Green outlines denote plasma proteins that are significantly upregulated in patients with an NKG2C™* bias even 2-3 months after initial infection.

(E) Bar plots with upper row from the chikungunya validation cohort and the bottom from the COVID-19 validation cohort. The x axis denotes whether the patient
has an NKG2C*- (2C) or NKG2A*-biased (2A) response, and the y axis represents the mRNA level for the given transcript.

(F) Bar plots with measurements from 2 to 3 months after initial infection. The x axis denotes whether the patient has an NKG2C*- (2C) or NKG2A™*-biased (2A)
response, and the y axis represents, from left to right, the percentage of CD4™" T cells that are cytotoxic from single-cell RNA sequencing (scRNA-seq), the clonal
expansion index of CD4* T cells from single-cell T cell receptor sequencing (scTCR-seq), perforin secretion from Isoplexis, and the percentage of B cells that are
plasmablasts from scRNA-seq.

(G) Venn diagram depicting the overlap between significantly upregulated genes in patients with an NKG2A* bias from the COVID-19 validation cohort (top
middle), chikungunya validation cohort (bottom left), and a defined antibody gene set (bottom right). Intersections are annotated with the significance of the
overlap.

Bar plots are presented as the mean value with standard error. p values are annotated on all relevant plots with either value or stars, ****p < 0.0001, ***p < 0.001,
**p < 0.01, and *p < 0.05.
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Figure 3. NKG2A*-biased CD8* T cells significantly associate with protection from lupus and related inflammation

(A) Uniform manifold approximation and projection (UMAP) of single CD8" T cells that are either NKG2A* or NKG2C* from patients with lupus and healthy
controls. Colors indicate different phenotypes; see legend on left. Phenotypes are abbreviated as follows: MAIT, mucosal-associated invariant T cells; SLEC,
short-lived effector cells.

(B) Bar plots with x axis as whether the cell belongs to the SLEC-like phenotype defined in (A), where blue denotes SLEC-like cells and gray denotes other cells,
and the y axis as the mRNA level of a given transcript.

(C) Density plots on the CD8* T cell UMAP, with darker colors indicating increased density and lighter colors indicating decreased presence. Each color indicates
a different cellular or patient subset; see the annotation on the bottom of each UMAP for the legend.

(D) Bar plots with x axis as whether the patient has lupus, annotated as SLE with an orange bar, or is a healthy control, annotated as HD with a green bar. The y axis
represents the percentage of the given phenotype.

(E) Log-odds model of whether a patient has lupus as predicted by prevalence of NKG2A*-biased CD8" T cells while accounting for demographic factors. Left:
forest plot with the y axis as different co-variates and x axis as In(odds ratio) for a given co-variate, with 95% confidence intervals plotted as whiskers. Right: bar
plot with the y axis as different co-variates; the x axis is the —log+(p value). Red color indicates significance, meaning p < 0.05.

(F) Bar plots with x axis as whether a patient is biased toward NKG2A* or NKG2C* CD8* T cells, and y axis represents the percentage of a given phenotype out of a
given patient’s peripheral blood mononuclear cells (PBMCs).

Bar plots are presented as the mean value with standard error. p values are annotated on all relevant plots with either value or stars, ***p < 0.0001, ***p < 0.001,

**p < 0.01, and *p < 0.05.

in lupus pathology given previous demonstrations of IFNy-de-
pendent inflammation and activation of autoreactive cells in pa-
tients with lupus (Figure 3B).°°"°® When we interrogated SLEC-
like cells for NKG2A" or NKG2C* biases, we found a strong
NKG2C* bias that was accompanied by a near-complete clinical
bias toward patients with lupus (Figure 3C, top). In contrast, non-
SLEC-like cells were nearly all NKG2A* and almost solely
derived from healthy donors (Figure 3C, bottom). We statistically
confirmed both the increased prevalence of NKG2C™ cells in pa-
tients with lupus and the lupus-specific CD8" T cell bias toward
an SLEC-like phenotype (Figure 3D). Further, we confirmed the
SLEC-like phenotype of NKG2C™* cells through flow cytometry,
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where we found NKG2C* cells to present significantly more
frequently than NKG2A* cells as CD57*IL7R ™, which is the liter-
ature definition of SLECs (Figures S4A-S4C; Table S3).°95°
Thus, we both demonstrate the increased prevalence of
NKG2C* CD8" T cells in patients with lupus, but we also exper-
imentally validated their inflammatory SLEC-like phenotype that
may, possibly through IFNy secretion, allow them to play patho-
genic roles.

To explore the larger immunological impacts of an NKG2A*
bias, we assigned each patient with lupus and each healthy
donor as NKG2A* or NKG2C* biased based on their ratio of
NKG2A* and NKG2C* CD8" cells (see STAR Methods).
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Figure 4. NKG2A* CD8" T cells are present across cancer types and associate with survival and immune infiltration into tumors

(A) Cartoon depicting the different biological -omics collected from patients with cancer along with clinical data and the associated analytic methods for each
-omic.

(B) Bar plots with x axis as different cancer types; the y axis represents the percentage of tumor-infiltrating CD8* T cells for a given cancer type that are NKG2C™*
(red) and NKG2A* (blue). Cancer types are abbreviated as follows: THCA, thyroid carcinoma; ESCA, esophageal cancer; HNSCC, head and neck squamous cell
carcinoma; CRC, colorectal cancer; HCC, hepatocellular carcinoma; NPC, nasopharyngeal carcinoma; UCEC, uterine corpus endometrial carcinoma; RC, renal
cancer; PACA, pancreatic cancer; LUNG, lung cancer; CHOL, cholangiocarcinoma; MELA, melanoma; BRCA, breast cancer; STAD, stomach adenocarcinoma;
AML, acute myeloid leukemia; BCC, basal cell carcinoma.

(C) Kaplan-Meier survival plot of NKG2A™- (blue) versus NKG2C* (red)-biased patients based on bulk RNA-seq data from TCGA patients. Log-rank test is used to
calculate the displayed p value.

(D) UMAP of tumor-infiltrating CD8" T cells from patients across 33 cancer types. Colors indicate different phenotypes; see legend on right.

(E) Bar plots with x axis as different cancer types; y axis represents the percentage of tumor-infiltrating CD8" T cells for a given phenotype that are NKG2C* (red)
and NKG2A* (blue).

(F) Density plots with x and y axes as the mRNA levels for a given transcript. Red densities are for NKG2C* cells and blue densities are for NKG2A* cells; darker
colors indicate greater density. Individual data points within the density plot are shown in the same respective colors. See legend on right.

(G) Bar plots with x axis indicating whether patients are biased for NKG2C* (red) or NKG2A* (blue) based on bulk data; the y axis represents the Z score of a given
tumor microenvironment-associated value.

(H) Spatial transcriptomics slide for a given patient with breast cancer with H&E (top left), interferon expression (bottom left), NKG2A* cell density (top right), and
NKG2C* cell density (bottom right) colored on; see legend on right. Annotations of the slide from pathology are outlined in red for invasive carcinoma, yellow for in
situ carcinoma, and green for benign hyperplasia.

() Venn diagram representing the overlap between differentially upregulated genes in spots biased for NKG2A* (top middle), NKG2C* (bottom left), and a defined
antibody gene set (bottom right). Significance is indicated in the intersection; a blue down arrow indicates less overlap than expected, and a red up arrow in-
dicates greater overlap than expected.

(legend continued on next page)
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Consistent with our CD8" T cell analyses, patients with an
NKG2C* bias were more likely to have lupus even when account-
ing for demographic co-variates (Figure 3E). When we compared
the percentages of other immune subtypes against patients with
either an NKG2A* or an NKG2C™" bias, we observed that an
NKG2C™ bias associated with a clear increase in inflammatory
classical monocytes and cytotoxic T cells. In contrast, an
NKG2A* bias associated with increased percentages of naive
CD4* and naive CD8" T cells (Figure 3F). These immune cell as-
sociations match what was observed for patients in infection
contexts. For example, inflammatory cell types are overrepre-
sented in patients with an NKG2C* bias. Thus, we demonstrate
that, across disease classes, NKG2A" biases are consistently
associated with both clinical protection as well as biological
markers of protection, such as reduced inflammation and hy-
per-activation.

Patients with cancer and NKG2A* bias have increased
survival across cancer types

While we observed NKG2A™* biases as associated with protec-
tion within the context of two viral infections and one autoim-
mune disease, these are diseases where inflammation is closely
tied to, if not the source of, the disease pathology. Thus, an
NKG2A™ bias is understandably protective, as it provides cells
an additional method to receive inflammation quelling signals.
However, in cancer contexts, inflammation has been claimed
as both beneficial and harmful: beneficial for the promotion of
immune activation and infiltration and harmful due to inflamma-
tion- and activation-induced apoptosis of anti-tumor immune
cells.”"®""%% Thus, the impact of NKG2A* biases in cancer con-
texts is unclear. To address this, we compiled single-cell and
bulk profiles of 397,810 tumor-infiltrating CD8* T cells and
11,180 patients with cancer across 33 different cancer types
(Figure 4A).?%° In addition, we gathered spatial transcriptomics
data from five different patients for breast, prostate, and ovarian
cancer to understand how cell-cell interactions differ between
NKG2A* and NKG2C* CD8* T cells across cancer types.®”

To assess the prevalence of NKG2A* and NKG2C* biases
across different cancer types, we measured the percentages
of NKG2A* and NKG2C* CD8™ T cells in cancer types for which
we had large numbers of patients with single-cell data. Interest-
ingly, not only did we observe widespread prevalence of these
immune cell subsets among cancer types, but cancer types
differed in their tendency toward an NKG2A*- or NKG2C™-
biased response (Figure 4B). Interestingly, melanoma, which is
well known for fostering an immunogenic tumor microenviron-
ment (TME),%° appeared significantly NKG2A* biased. In
contrast, thyroid cancer, which presents as a cold tumor with
few immunogenic antigens,®® was significantly NKG2C* biased.
In line with these observations, we found NKG2A*-biased cancer
types to mildly associate with greater tumor immunogenicity
(Figure S5A). This suggestion of NKG2A* association with pro-
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immune response TMEs prompted us to compare the long-
term survival of patients with NKG2A*- versus NKG2C*-biased
tumors. Interestingly, NKG2A*-biased tumors associated with
significantly increased pan-cancer patient survival rates, with
especially prominent survival benefits for specific cancers,
such as certain renal cancer subtypes (Figures 4C and S5B).
For no cancers did an NKG2C* bias confer a survival advantage.
Thus, across a broad range of cancer types, we find that
NKG2A* biases are positively associated with cancer survival.
In contrast to previous suggestions that NKG2A may function
as a druggable immune checkpoint,®® our analyses suggest
that, instead, treatments designed to promote NKG2A*-biased
immune responses may benefit patients with cancer.

NKG2A* CD8" T cells in tumors associate with increased
immune infiltration and tumor-immune interactions

To more deeply investigate the biological underpinnings behind
the seemingly beneficial NKG2A* bias, we sought to understand
how NKG2A*" CD8* T cell tumor infiltrates differ from their
NKG2C* counterparts. To achieve this, we examined the tran-
scriptomic profiles of nearly 400,000 CD8* T cells from 21 cancer
types (Figure 4D) and assigned them as NKG2A*, NKG2C*, or
neither based on mMRNA expression levels (see STAR Methods).
Interestingly, we observed NKG2A* and NKG2C™ cells to occupy
distinct phenotypes with NKG2A* cells significantly biased for a
Trv phenotype and NKG2C* cells biased toward Tgyra and
killer cell lectin-like receptor-expressing T cell phenotypes (Fig-
ure 4E).°”%® The preference of NKG2A* cells toward a Tgu
phenotype and NKG2C™* cells toward more strongly activated
phenotypes was confirmed through their differential expression
of key marker genes (Figure 4F; Table S4). Tgry cells have been
well characterized as potent supporters of anti-infection and
cancer immune responses, and their presence is associated
with survival. Try cells are also known to present with an acti-
vated phenotype that allows for effector responses while avoid-
ing AICD.'>'® These characterizations not only match the
observed benefit NKG2A* biases provide patients with cancer
but also align with clinical and biological characterizations of
NKG2A* CD8" T cells and biases we observed in infection and
autoimmunity contexts. This suggests that the pan-disease
benefit of NKG2A may arise from NKG2A* cells biasing toward
Trm Or analogous phenotypes that allow for control of a given
target without pathogenic inflammation.

To further characterize the biological nature of an NKG2A*
bias in cancer settings, we compared the TME profiles of pa-
tients with NKG2A* and NKG2C™* biases. In agreement with
our previous suggestions of increased immune activity in
NKG2A*-biased tumors, patients with NKG2A* biases pre-
sented with increased CD8" T cell infiltration, T cell receptor
engagement, dendritic cell presence, and decreased prevalence
of M2 macrophages (Figure 4G). The first three factors not only
confirm that patients with an NKG2A* bias have increased

(J) Scatterplot of protein-protein interactions within tumor-infiltrating CD8* T cells with the x axis as the log,-transformed fold change (log,FC) of NKG2A* CD8*
T cell* spots over other CD8* T cell spots, and the y axis is the —logo(p value). Color corresponds to log,FC, see legend on right, and dot size is the product of the
x and y values. Individual interactions with clinical and biological relevance are labeled.

Bar plots are presented as the mean value with standard error. p values are annotated on all relevant plots with either value or stars, ****p < 0.0001, ***p < 0.001,

**p < 0.01, and *p < 0.05.
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immune infiltration in their tumors but also suggest that patients
with an NKG2A* bias are equipped with the proper immune ma-
chinery of dendritic cells to prime and present CD8" T cells with
tumor antigens to permit cancer cell recognition and killing. M2
macrophages are well known to be pro-tumorigenic, have
been frequently associated with metastasis, and are claimed
as direct players in fostering cold immunosuppressive
TMEs.%%""® Thus, their decreased prevalence in patients with
NKG2A* biases demonstrates that NKG2A* biases not only
associate with increased immune infiltration of key anti-tumor
players but also positively correlate with immune cell behaviors
that facilitate, not hinder, anti-tumor responses.

Inspired by these suggestions of NKG2A* biases fostering
pro-survival anti-cancer TMEs, we gathered spatial transcrip-
tomics samples from five separate patients that comprised three
different cancer types: breast, prostate, and ovarian (Fig-
ure 4A).°* One of the breast cancer samples was already well
characterized by a pathologist, and thus we focused our ana-
lyses on that sample. Reminiscent of their divergent phenotypes,
NKG2A" and NKG2C™* spots occupied distinct spatial regions of
the tumor (Figure 4H). While NKG2C* spots did differ from
NKG2A" spots by sitting in an IFN-expressing zone of the tumor,
both subsets were either in or directly adjacent to tumor tissue,
perhaps suggesting active tumor engagement and possibly
killing. Further, consistent with the observed association be-
tween NKG2A™" biases and immune infiltration, differentially up-
regulated genes in NKG2A* spots were significantly enriched
for antibody-related genes (Figure 4l). This phenomenon
matches our observations across viral infection contexts and
thus suggests that this association may hold true across very
diverse disease settings. To confirm the active immune cell
and tumor engagement suggested to occur in NKG2A* spots,
we performed cell-cell interaction analysis by looking for
ligand-receptor pairs differentially enriched in NKG2A* CD8*
T cell spots compared to NKG2A™ CD8* T cell spots across all
five spatial transcriptomics datasets (Figure 4J). Interestingly,
not only did we observe enrichment for HLA-E:NKG2A, which
suggests that there may be active engagement of NKG2A in tu-
mors, but we also observed increased chemokine, cytokine, and
exhaustion receptor engagement. This suggests active recruit-
ment of immune cells, consistent with increased immune infiltra-
tion in bulk RNA sequencing samples, and suggests the possibil-
ity of tumor-immune cell engagement, for example through the
well-known PD-1:PD-L1 axis.”*~"® Thus, we demonstrate across
dozens of cancer types, thousands of patients, and hundreds of
thousands of tumor-infiltrating CD8* T cells that NKG2A* biases
associate with increased survival and immune infiltration of tu-
mors, as confirmed through in situ measurements, possibly
due to the acquirement of a Try phenotype by NKG2A* CD8*
T cells that allows for sustained anti-tumor effector T cell
responses.

DISCUSSION

Therapies that target disease specific biology often fail to ac-
count for the negative impacts of said therapy in different health
contexts. This can subject patients to harmful side effects, as pa-
tients can transition in and out of different health states even dur-
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ing the same disease journey. Current immunotherapies often
have this pitfall of singular-context benefit. One prime example
is immune checkpoint blockade cancer immunotherapy and its
established potential to trigger immune-related adverse events
(AEs), many of which are largely autoimmune in nature.®*’”
Similar dilemmas arise for autoimmune disease, where clinicians
must balance the potential benefit of immune-suppressive treat-
ments, such as corticosteroids or anti-interleukins, against the
known increased risk of infection.®”® These principal examples
highlight the cross-field need to identify fundamental immu-
nology shared across diseases to identify immunological factors
that, when promoted or avoided, allow for a balanced immune
response that can clear pathogenic elements without immune-
related side effects.

Here, we leverage systems biology techniques to integrate
immunological cell types across multiple disease states to
demonstrate that an NKG2A immune bias, and thus an increased
presence of NKG2A* CD8" T cells, serves as a cross-disease
correlate of clinical and biological protection. This shared benefit
across multiple infectious diseases, at least one autoimmune
disease, and many cancer types reinforces recent suggestions
of significant similarities across these disease families.® By inter-
rogating the biological associations of NKG2A™ biases, we sug-
gest that hyper-inflammation is pathogenic in infection, autoim-
mune, and cancer contexts. In fact, our findings suggest that the
promotion of non-hyper-inflammatory NKG2A* cells may
achieve the desired goals of a sustained anti-tumor immune
response: an orchestrated immune infiltration into the tumor
and improved patient survival. Such benefits may be attributable
to the Trm phenotype that NKG2A* CD8" T cells dominantly
bear. Tgry cells are thought to play an immunological balancing
act where they are restrained enough to avoid AICD yet activated
enough that they can enact potent anti-tumor immune re-
sponses.'®'® Further, both Ty cells and NKG2A expression
can be induced through interleukin-12 (IL-12) and transforming
growth factor B (TGF-B), a unique combination of cytokines
that confers both effector- and memory-related responses and
may allow for the long-term survival and effector function of
these cells.”®®° In support of our suggestion that NKG2A™ cells
present as protective, recent checkpoint blockade clinical trials
targeting NKG2A have had markedly limited success and report
a significant number of treatment-emergent serious AEs, likely
due to the inhibition of inflammation-quelling signaling from
NKG2A engagement.®’

Limitations of the study

Our multi-disease analysis of NKG2A* cells, while principally a
correlative study, also suggests a roadmap for future mecha-
nistic and causal studies that might more clearly resolve how
an NKG2A bias associates with immunological protection in mul-
tiple disease settings. Dissecting the biological mechanisms
behind NKG2A signaling, perhaps through quantitative epige-
netic analyses designed to identify signaling and transcription
factors that control the up- and downstream regulators of
NKG2A™" cells, would constitute an important first step and
may shed light on perturbations that can alter NKG2A expression
levels. An additional avenue of exploration will be to more fully
resolve the strong association reported here between NKG2A
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and resident memory T cells and also to observe whether, and if
so how, NKG2A biases change over patient disease journeys.
This work also serves to highlight the value of cross-disease,
systems biology studies that can quantitate immunological sig-
natures in multiple contexts. We show that such an approach
can not only resolve robust correlates of protection but may
also force a rethinking of what does and does not constitute a
good drug target for immunotherapy. It is worth noting that the
NKG2A*-biased response we observe here for NK cells is limited
to responses that do not require a NKG2C* NK cell response.
Our levels of NKG2C* NK cells are much lower than what one
would expect for an NKG2C*-inducing infection, such as by
CMV; thus, they likely represent baseline levels, such as baseline
inflammation, rather than the capacity to respond to, for
example, Epstein-Barr virus (EBV), whose control by NKG2C*
NK cells has been linked to reduced prevalence of multiple
sclerosis.®

STARXMETHODS

Detailed methods are provided in the online version of this paper
and include the following:

o KEY RESOURCES TABLE
o RESOURCE AVAILABILITY
O Lead contact
O Materials availability
O Data and code availability
o EXPERIMENTAL MODEL AND STUDY PARTICIPANT DE-
TAILS
e METHOD DETAILS
O Log-odds models of NKG2A* biases accounting for
demographic factors
O HCMV serostatus
Enrichment analysis of NKG2C™* enriched plasma pro-
teome
Hypergeometric overlap probability analysis
CD8™" T cell phenotype assignment in lupus patients
Flow cytometry validation of NKG2A/C phenotypes
Tumor immunogenicity and NKG2A/C percentage
analysis
Kaplan-meier survival analysis on TCGA samples
Breast cancer spatial transcriptomics characterization
O Spatially-informed cell-cell ligand-receptor analysis
® QUANTIFICATION AND STATISTICAL ANALYSIS
O NKG2A" and NKG2C™* quantification and assignment
O Statistical analyses

O O OO O

O O

SUPPLEMENTAL INFORMATION

Supplemental information can be found online at https://doi.org/10.1016/j.
celrep.2024.113872.

ACKNOWLEDGMENTS

We acknowledge funding support from the Parker Institute for Cancer Immu-
notherapy (J.R.H., L.L.L., A.R., and K.M.C.), the Andy Hill CARE Foundation of
WA State (J.R.H.), and the NIH (U54 U54CA274509 to J.R.H.). P.K. acknowl-
edges support from the Bill and Melinda Gates Foundation (OPP1113682)

10 Cell Reports 43, 113872, March 26, 2024

Cell Reports

and NIAID grants (1U19A1109662). Y.S. was supported by the Damon Runyon
Quantitative Biology Fellowship from the Damon Runyon Cancer Research
Foundation (DRQ-13-22), the Mahan Fellowship at Herbold Computational
Biology Program of the Fred Hutchinson Cancer Research Center, the Trans-
lational Data Science Integrated Research Center New Collaboration Award at
the Fred Hutchinson Cancer Research Center, and the Immunotherapy Inte-
grated Research Center Pilot Award and in part through the NIH/NCI Cancer
Center Support Grant P30CA015704. We wish to thank all the colleagues
from the Institute for Systems Biology for the technical support. Fig-
ure cartoons were created with BioRender.com.

AUTHOR CONTRIBUTIONS

Conceptualization, D.G.C.; methodology, D.G.C.; formal analysis, D.G.C.;
investigation, D.G.C., J.X.,, J.C., RH.N,, R.Z, R.E,, S.L,, H.Z, B.S., KM.C.,
E.M,, AR, PK., LLL, P.JM, J.D.G, Y.S, and J.R.H.; resources, D.G.C.,
JX, HZ, BS., KM.C., AR, PK, PJM., JD.G., V.S, and J.RH,;
writing—original draft, D.G.C.; writing—review & editing, D.G.C., J.X., J.C.,
R.H.N,, R.Z, R.E, S.L, HZ, BS., KM.C,, EM., AR, PK, LLL., P.JM.,
J.D.G., Y.S., and J.R.H.; visualization, D.G.C.; supervision, Y.S. and J.R.H.;
funding acquisition, A.R., P.K., Y.S., J.R.H., and L.L.L.

DECLARATION OF INTERESTS

J.R.H. is a consultant for Regeneron Pharmaceuticals. J.D.G. reports con-
tracted research, a grant, and consulting fees from Gilead. K.M.C. reports be-
ing a shareholder in Geneoscopy LLC and has received consulting fees from
Geneoscopy LLC, PACT Pharma, Tango Therapeutics, Flagship Labs 81
LLC, and the Rare Cancer Research Foundation.

Received: November 14, 2023
Revised: January 19, 2024
Accepted: February 9, 2024

REFERENCES

1. WHO (2020). Assesing National Capacity for the Prevention and Control of
Noncommunicable Diseases : Report of the 2019 Global Survey.

2. de Martel, C., Georges, D., Bray, F., Ferlay, J., and Clifford, G.M. (2020).
Global burden of cancer attributable to infections in 2018: a worldwide
incidence analysis. Lancet. Glob. Health 8, e180-e190. https://doi.org/
10.1016/S2214-109X(19)30488-7.

3. GBD 2019 Diseases and Injuries Collaborators; Abbas, K.M., Abbasi-Kan-
gevari, M., Abd-Allah, F., Abdelalim, A., Abdollahi, M., Abdollahpour, I.,
Abegaz, K.H., Abolhassani, H., Aboyans, V., et al. (2020). Global burden
of 369 diseases and injuries in 204 countries and territories, 1990-2019:
a systematic analysis for the Global Burden of Disease Study 2019. Lancet
396, 1204-1222. https://doi.org/10.1016/S0140-6736(20)30925-9.

4. Antimicrobial Resistance Collaborators; lkuta, K.S., Sharara, F., Swet-
schinski, L., Robles Aguilar, G., Gray, A., Han, C., Bisignano, C., Rao,
P., Wool, E., et al. (2022). Global burden of bacterial antimicrobial resis-
tance in 2019: a systematic analysis. Lancet 399, 629-655. https://doi.
org/10.1016/S0140-6736(21)02724-0.

5. Scherlinger, M., Mertz, P., Sagez, F., Meyer, A., Felten, R., Chatelus, E.,
Javier, R.M., Sordet, C., Martin, T., Korganow, A.S., et al. (2020). World-
wide Trends in All-Cause Mortality of Auto-Immune Systemic Diseases
between 2001 and 2014. Autoimmun. Rev. 19, 102531. https://doi.org/
10.1016/j.autrev.2020.102531.

6. Collier, J.L., Weiss, S.A., Pauken, K.E., Sen, D.R., and Sharpe, A.H. (2021).
Not-so-opposite ends of the spectrum: CD8+ T cell dysfunction across
chronic infection, cancer and autoimmunity. Nat. Immunol. 22, 809-819.
https://doi.org/10.1038/s41590-021-00949-7.

7. Migita, K., Arai, T., Ishizuka, N., Jiuchi, Y., Sasaki, Y., lzumi, Y., Kiyokawa,
T., Suematsu, E., Miyamura, T., Tsutani, H., et al. (2013). Rates of serious


https://doi.org/10.1016/j.celrep.2024.113872
https://doi.org/10.1016/j.celrep.2024.113872
http://BioRender.com
http://refhub.elsevier.com/S2211-1247(24)00200-6/sref1
http://refhub.elsevier.com/S2211-1247(24)00200-6/sref1
https://doi.org/10.1016/S2214-109X(19)30488-7
https://doi.org/10.1016/S2214-109X(19)30488-7
https://doi.org/10.1016/S0140-6736(20)30925-9
https://doi.org/10.1016/S0140-6736(21)02724-0
https://doi.org/10.1016/S0140-6736(21)02724-0
https://doi.org/10.1016/j.autrev.2020.102531
https://doi.org/10.1016/j.autrev.2020.102531
https://doi.org/10.1038/s41590-021-00949-7

Cell Reports

10.

11.

12.

13.

14,

15.

16.

17.

18.

19.

20.

21.

22.

23.

intracellular infections in autoimmune disease patients receiving initial
glucocorticoid therapy. PLoS One 8, €78699. https://doi.org/10.1371/
journal.pone.0078699.

. Meyer-Olson, D., and Witte, T. (2011). Immunology: Prevention of infec-

tions in patients with autoimmune diseases. Nat. Rev. Rheumatol. 7,
198-200. https://doi.org/10.1038/nrrheum.2011.14.

. Li, J., Zaslavsky, M., Su, Y., Guo, J., Sikora, M.J., van Unen, V., Christo-

phersen, A., Chiou, S.H., Chen, L., Li, J., et al. (2022). KIR+CD8+ T cells
suppress pathogenic T cells and ar active in autoimmune diseases and
COVID-19. Science, 376. https://doi.org/10.1126/science.abi9591.

Harty, J.T., and Badovinac, V.P. (2008). Shaping and reshaping CD8+
T-cell memory. Nat. Rev. Immunol. 8, 107-119. https://doi.org/10.1038/
nri2251.

Pai, C.C.S., Huang, J.T., Lu, X., Simons, D.M., Park, C., Chang, A., Tamaki,
W., Liu, E., Roybal, K.T., Seagal, J., et al. (2019). Clonal Deletion of Tumor-
Specific T Cells by Interferon-y Confers Therapeutic Resistance to Com-
bination Immune Checkpoint Blockade. Immunity 50, 477-492.e8.
https://doi.org/10.1016/j.immuni.2019.01.006.

Gocher, A.M., Workman, C.J., and Vignali, D.A.A. (2022). Interferon-vy:
teammate or opponent in the tumour microenvironment? Nat. Rev. Immu-
nol. 22, 158-172. https://doi.org/10.1038/s41577-021-00566-3.

Wherry, E.J., and Kurachi, M. (2015). Molecular and cellular insights into
T cell exhaustion. Nat. Rev. Immunol. 75, 486-499. https://doi.org/10.
1038/nri3862.

Hensel, N., Gu, Z., Sagar, Wieland, D., Wieland, D., Jechow, K., Kemming,
J., Llewellyn-Lacey, S., Gostick, E., Sogukpinar, O., Emmerich, F., et al.
(2021). Memory-like HCV-specific CD8+ T cells retain a molecular scar af-
ter cure of chronic HCV infection. Nat. Immunol. 22, 229-239. https://doi.
org/10.1038/s41590-020-00817-w.

Milner, J.J., Toma, C., He, Z., Kurd, N.S., Nguyen, Q.P., McDonald, B.,
Quezada, L., Widjaja, C.E., Witherden, D.A., Crowl, J.T., et al. (2020).
Heterogenous Populations of Tissue-Resident CD8+ T Cells Are Gener-
ated in Response to Infection and Malignancy. Immunity 52, 808-
824.e7. https://doi.org/10.1016/j.immuni.2020.04.007.

Reina-Campos, M., Heeg, M., Kennewick, K., Mathews, I.T., Galletti, G.,
Luna, V., Nguyen, Q., Huang, H., Milner, J.J., Hu, K.H., et al. (2023). Meta-
bolic programs of T cell tissue residency empower tumour immunity. Na-
ture 621, 179-187. https://doi.org/10.1038/s41586-023-06483-w.

Chang, J.T., Wherry, E.J., and Goldrath, A.W. (2014). Molecular regulation
of effector and memory T cell differentiation. Nat. Immunol. 15, 1104-
1115. https://doi.org/10.1038/ni.3031.

Milner, J.J., Toma, C., Yu, B., Zhang, K., Omilusik, K., Phan, A.T., Wang,
D., Getzler, A.J., Nguyen, T., Crotty, S., et al. (2017). Runx3 programs
CD8+ T cell residency in non-lymphoid tissues and tumours. Nature
552, 253-257. https://doi.org/10.1038/nature24993.

Khan, A.A., Bose, C., Yam, L.S., Soloski, M.J., and Rupp, F. (2001). Phys-
iological regulation of the immunological synapse by agrin. Science 292,
1681-1686. https://doi.org/10.1126/science.1056594.

Masilamani, M., Nguyen, C., Kabat, J., Borrego, F., and Coligan, J.E.
(2006). CD94/NKG2A Inhibits NK Cell Activation by Disrupting the Actin
Network at the Immunological Synapse. J. Immunol. 177, 3590-3596.

Lanier, L.L. (2009). DAP10- and DAP12-associated receptors in innate im-
munity. Immunol. Rev. 227, 150-160. https://doi.org/10.1111/].1600-
065X.2008.00720.x.DAP10-.

Lin, Z., Bashirova, A.A., Viard, M., Garner, L., Quastel, M., Beiersdorfer,
M., Kasprzak, W.K., Akdag, M., Yuki, Y., Ojeda, P., et al. (2023). HLA class
| signal peptide polymorphism determines the level of CD94/NKG2-HLA-
E-mediated regulation of effector cell responses. Nat. Immunol. 24, 1087—
1097. https://doi.org/10.1038/s41590-023-01523-z.

Creelan, B.C., and Antonia, S.J. (2019). The NKG2A immune checkpoint —
a new direction in cancer immunotherapy. Nat. Rev. Clin. Oncol. 16,
277-278. https://doi.org/10.1038/s41571-019-0182-8.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

¢? CellPress

OPEN ACCESS

Su, Y., Yuan, D., Chen, D.G., Ng, R.H., Wang, K., Choi, J., Li, S., Hong, S.,
Zhang, R., Xie, J., et al. (2022). Multiple early factors anticipate post-acute
COVID-19 sequelae. Cell 185, 881-895.e20. https://doi.org/10.1016/].cell.
2022.01.014.

Sy, Y., Chen, D., Yuan, D., Lausted, C., Choi, J., Dai, C.L., Voillet, V., Duv-
vuri, V.R., Scherler, K., Troisch, P., et al. (2020). Multi-omics resolves a
sharp disease-state shift between mild and moderate COVID-19. Cell
183, 1479-1495.e20. https://doi.org/10.1016/j.cell.2020.10.037.

Perez, R.K., Gordon, M.G., Subramaniam, M., Kim, M.C., Hartoularos,
G.C., Targ, S., Sun, Y., Ogorodnikov, A., Bueno, R., Lu, A., et al. (2022).
Single-cell RNA-seq reveals cell type-specific molecular and genetic as-
sociations to lupus. Science 376, eabf1970. https://doi.org/10.1126/sci-
ence.abf1970.

Zheng, H., Rao, A.M., Dermadi, D., Toh, J., Murphy Jones, L., Donato, M.,
Liu, Y., Su, Y., Dai, C.L., Kornilov, S.A,, et al. (2021). Multi-cohort analysis
of host immune response identifies conserved protective and detrimental
modules associated with severity across viruses. Immunity 54, 753-
768.e5. https://doi.org/10.1016/j.immuni.2021.03.002.

Zheng, L., Qin, S., Si, W., Wang, A., Xing, B., Gao, R., Ren, X., Wang, L.,
Wu, X., Zhang, J., et al. (2021). Pan-cancer single-cell landscape of tu-
mor-infiltrating T cells. Science 374, abe6474. https://doi.org/10.1126/sci-
ence.abe6474.

Thorsson, V., Gibbs, D.L., Brown, S.D., Wolf, D., Bortone, D.S., Ou Yang,
T.H., Porta-Pardo, E., Gao, G.F., Plaisier, C.L., Eddy, J.A., et al. (2018). The
Immune Landscape of Cancer. Immunity 48, 812-830.e14. https://doi.org/
10.1016/j.immuni.2018.03.023.

Uhlen, M., Karlsson, M.J., Zhong, W., Tebani, A., Pou, C., Mikes, J., Laksh-
mikanth, T., Forsstrom, B., Edfors, F., Odeberg, J., et al. (2019). Agenome-
wide transcriptomic analysis of protein-coding genes in human blood
cells. Science 366, eaax9198. https://doi.org/10.1126/science.aax9198.

Lanier, L.L., Corliss, B., Wu, J., and Phillips, J.H. (1998). Association of
DAP12 with activating CD94/NKG2C NK cell receptors. Immunity 8,
693-701. https://doi.org/10.1016/S1074-7613(00)80574-9.

Lanier, L.L. (2008). Up on the tightrope: Natural killer cell activation and in-
hibition. Nat. Immunol. 9, 495-502. https://doi.org/10.1038/ni1581.

Lee, J.W,, Su, Y., Baloni, P., Chen, D., Pavlovitch-Bedzyk, A.J., Yuan, D.,
Duvvuri, V.R., Ng, R.H., Choi, J., Xie, J., et al. (2022). Integrated analysis of
plasma and single immune cells uncovers metabolic changes in individ-
uals with COVID-19. Nat. Biotechnol. 40, 110-120. https://doi.org/10.
1038/s41587-021-01020-4.

Kramer, B., Knoll, R., Bonaguro, L., ToVinh, M., Raabe, J., Astaburuaga-
Garcia, R., Schulte-Schrepping, J., Kaiser, K.M., Rieke, G.J., Bischoff,
J., etal. (2021). Early IFN-a signatures and persistent dysfunction are dis-
tinguishing features of NK cells in severe COVID-19. Immunity 54, 2650—
2669.e14. https://doi.org/10.1016/j.immuni.2021.09.002.

Shemesh, A., Su, Y., Calabrese, D.R., Chen, D., Arakawa-Hoyt, J., Roybal,
K.T., Heath, J.R., Greenland, J.R., and Lanier, L.L. (2022). Diminished cell
proliferation promotes natural killer cell adaptive-like phenotype by limiting
FceRly expression. J. Exp. Med. 219, e20220551. https://doi.org/10.1084/
jem.20220551.

Ishiyama, K., Arakawa-Hoyt, J., Aguilar, O.A., Damm, |., Towfighi, P., Sig-
del, T., Tamaki, S., Babdor, J., Spitzer, M.H., Reed, E.F., et al. (2022). Mass
cytometry reveals single-cell kinetics of cytotoxic lymphocyte evolution in
CMV-infected renal transplant patients. Proc. Natl. Acad. Sci. USA 1719,
€2116588119. https://doi.org/10.1073/pnas.2116588119.

Scheffschick, A., Fuchs, S., Malmstrém, V., Gunnarsson, I., and Brauner,
H. (2022). Kidney infiltrating NK cells and NK-like T-cells in lupus nephritis:
presence, localization, and the effect of immunosuppressive treatment.
Clin. Exp. Immunol. 207, 199-204. https://doi.org/10.1093/cei/uxab035.

Almehmadi, M., Flanagan, B.F., Khan, N., Alomar, S., and Christmas, S.E.
(2014). Increased numbers and functional activity of CD56+ T cells in
healthy cytomegalovirus positive subjects. Immunology 742, 258-268.
https://doi.org/10.1111/imm.12250.

Cell Reports 43, 113872, March 26, 2024 11



https://doi.org/10.1371/journal.pone.0078699
https://doi.org/10.1371/journal.pone.0078699
https://doi.org/10.1038/nrrheum.2011.14
https://doi.org/10.1126/science.abi9591
https://doi.org/10.1038/nri2251
https://doi.org/10.1038/nri2251
https://doi.org/10.1016/j.immuni.2019.01.006
https://doi.org/10.1038/s41577-021-00566-3
https://doi.org/10.1038/nri3862
https://doi.org/10.1038/nri3862
https://doi.org/10.1038/s41590-020-00817-w
https://doi.org/10.1038/s41590-020-00817-w
https://doi.org/10.1016/j.immuni.2020.04.007
https://doi.org/10.1038/s41586-023-06483-w
https://doi.org/10.1038/ni.3031
https://doi.org/10.1038/nature24993
https://doi.org/10.1126/science.1056594
http://refhub.elsevier.com/S2211-1247(24)00200-6/sref20
http://refhub.elsevier.com/S2211-1247(24)00200-6/sref20
http://refhub.elsevier.com/S2211-1247(24)00200-6/sref20
https://doi.org/10.1111/j.1600-065X.2008.00720.x.DAP10-
https://doi.org/10.1111/j.1600-065X.2008.00720.x.DAP10-
https://doi.org/10.1038/s41590-023-01523-z
https://doi.org/10.1038/s41571-019-0182-8
https://doi.org/10.1016/j.cell.2022.01.014
https://doi.org/10.1016/j.cell.2022.01.014
https://doi.org/10.1016/j.cell.2020.10.037
https://doi.org/10.1126/science.abf1970
https://doi.org/10.1126/science.abf1970
https://doi.org/10.1016/j.immuni.2021.03.002
https://doi.org/10.1126/science.abe6474
https://doi.org/10.1126/science.abe6474
https://doi.org/10.1016/j.immuni.2018.03.023
https://doi.org/10.1016/j.immuni.2018.03.023
https://doi.org/10.1126/science.aax9198
https://doi.org/10.1016/S1074-7613(00)80574-9
https://doi.org/10.1038/ni1581
https://doi.org/10.1038/s41587-021-01020-4
https://doi.org/10.1038/s41587-021-01020-4
https://doi.org/10.1016/j.immuni.2021.09.002
https://doi.org/10.1084/jem.20220551
https://doi.org/10.1084/jem.20220551
https://doi.org/10.1073/pnas.2116588119
https://doi.org/10.1093/cei/uxab035
https://doi.org/10.1111/imm.12250

¢? CellPress

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

12

OPEN ACCESS

Aggarwal, N., Swerdlow, S.H., TenEyck, S.P., Boyiadzis, M., and Felgar,
R.E. (2016). Natural killer cell (NK) subsets and NK-like T-cell populations
in acute myeloid leukemias and myelodysplastic syndromes. Cytometry B
Clin. Cytom. 90, 349-357. https://doi.org/10.1002/cyto.b.21349.

Good, C.R., Aznar, M.A., Kuramitsu, S., Samareh, P., Agarwal, S., Dona-
hue, G., Ishiyama, K., Wellhausen, N., Rennels, A.K., Ma, Y., et al.
(2021). An NK-like CAR T cell transition in CAR T cell dysfunction. Cell
184, 6081-6100.e26. https://doi.org/10.1016/j.cell.2021.11.016.

Maucourant, C., Filipovic, ., Ponzetta, A., Aleman, S., Cornillet, M., Hert-
wig, L., Strunz, B., Lentini, A., Reinius, B., Brownlie, D., et al. (2020). Nat-
ural killer cellimmunotypes related to COVID-19 disease severity. Sci. Im-
munol. 5, eabd6832. https://doi.org/10.1126/sciimmunol.abd6832.

Khan, M., Clijsters, M., Choi, S., Backaert, W., Claerhout, M., Couvreur, F.,
Van Breda, L., Bourgeois, F., Speleman, K., Klein, S., et al. (2022). Anatom-
ical barriers against SARS-CoV-2 neuroinvasion at vulnerable interfaces
visualized in deceased COVID-19 patients. Neuron 770, 3919-3935.€e6.
https://doi.org/10.1016/j.neuron.2022.11.007.

Khan, M., Yoo, S.J., Clijsters, M., Backaert, W., Vanstapel, A., Speleman,
K., Lietaer, C., Choi, S., Hether, T.D., Marcelis, L., et al. (2021). Visualizing
in deceased COVID-19 patients how SARS-CoV-2 attacks the respiratory
and olfactory mucosae but spares the olfactory bulb. Cell 184, 5932-
5949.e15. https://doi.org/10.1016/j.cell.2021.10.027.

Merad, M., and Martin, J.C. (2020). Pathological inflammation in patients
with COVID-19: a key role for monocytes and macrophages. Nat. Rev. Im-
munol. 20, 355-362. https://doi.org/10.1038/s41577-020-0331-4.

Davis, H.E., McCorkell, L., Vogel, J.M., and Topol, E.J. (2023). Long
COVID: major findings, mechanisms and recommendations. Nat. Rev. Mi-
crobiol. 27, 133-146. https://doi.org/10.1038/s41579-022-00846-2.

Woodruff, M.C., Bonham, K.S., Anam, F.A., Walker, T.A., Faliti, C.E., Ishii,
Y., Kaminski, C.Y., Ruunstrom, M.C., Cooper, K.R., Truong, A.D., et al.
(2023). Chronic inflammation, neutrophil activity, and autoreactivity splits
long COVID. Nat. Commun. 14, 4201. https://doi.org/10.1038/s41467-
023-40012-7.

Fachri, M., Hatta, M., Massi, M.N., Santoso, A., Wikanningtyas, T.A.,
Dwiyanti, R., Junita, A.R., Primaguna, M.R., and Sabir, M. (2021). The
strong correlation between ADAM33 expression and airway inflammation
in chronic obstructive pulmonary disease and candidate for biomarker and
treatment of COPD. Sci. Rep. 771, 23162-23213. https://doi.org/10.1038/
s41598-021-02615-2.

Soehnlein, O., and Libby, P. (2021). Targeting inflammation in atheroscle-
rosis — from experimental insights to the clinic. Nat. Rev. Drug Discov. 20,
589-610. https://doi.org/10.1038/s41573-021-00198-1.

Alexander, W.S., Starr, R., Fenner, J.E., Scott, C.L., Handman, E., Sprigg,
N.S., Corbin, J.E., Cornish, A.L., Darwiche, R., Owczarek, C.M., et al.
(1999). SOCS1 is a critical inhibitor of interferon +y signaling and prevents
the potentially fatal neonatal actions of this cytokine. Cell 98, 597-608.
https://doi.org/10.1016/S0092-8674(00)80047-1.

Toyonaga, T., Hino, O., Sugai, S., Wakasugi, S., Abe, K., Shichiri, M., and
Yamamura, K. (1994). Chronic active hepatitis in transgenic mice express-
ing interferon-y in the liver. Proc. Natl. Acad. Sci. USA 97, 614-618.
https://doi.org/10.1073/pnas.91.2.614.

Herrero-Cervera, A., Soehnlein, O., and Kenne, E. (2022). Neutrophils in
chronic inflammatory diseases. Cell. Mol. Immunol. 19, 177-191. https://
doi.org/10.1038/s41423-021-00832-3.

Jenks, S.A., Cashman, K.S., Zumaquero, E., Marigorta, U.M., Patel, A.V.,
Wang, X., Tomar, D., Woodruff, M.C., Simon, Z., Bugrovsky, R., et al.
(2018). Distinct Effector B Cells Induced by Unregulated Toll-like Receptor
7 Contribute to Pathogenic Responses in Systemic Lupus Erythematosus.
Immunity 49, 725-739.e6. https://doi.org/10.1016/j.immuni.2018.08.015.
Wang, S., Wang, J., Kumar, V., Karnell, J.L., Naiman, B., Gross, P.S., Rah-
man, S., Zerrouki, K., Hanna, R., Morehouse, C., et al. (2018). IL-21 drives
expansion and plasma cell differentiation of autoreactive CD11chiT-bet+
B cells in SLE. Nat. Commun. 9, 1758-1814. https://doi.org/10.1038/
s41467-018-03750-7.

Cell Reports 43, 113872, March 26, 2024

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

Cell Reports

Getts, D.R., Getts, M.T., King, N.J.C., and Miller, S.D. (2014). Chapter 19 -
Infectious Triggers of T Cell Autoimmunity. In The Autoimmune Diseases,
Fifth Edition, N.R. Rose and |.R. Mackay, eds. (Elsevier Inc.), pp. 263-274.
https://doi.org/10.1016/B978-0-12-384929-8.00019-8.

Chen, P.-M., and Tsokos, G.C. (2021). The role of CD8+ T-cell systemic
lupus erythematosus pathogenesis: an update. Curr. Opin. Rheumatol.
33, 586-591.

Green, D.S., Young, H.A., and Valencia, J.C. (2017). Current prospects of
type Il interferon v signaling & autoimmunity. J. Biol. Chem. 292, 13925-
18933. https://doi.org/10.1074/jbc.R116.774745.

Domeier, P.P., and Rahman, Z.S.M. (2021). Regulation of B cell responses
in sle by three classes of interferons. Int. J. Mol. Sci. 22, 10464. https://doi.
org/10.3390/ijms221910464.

Rénnblom, L., and Leonard, D. (2019). Interferon pathway in SLE: One key
to unlocking the mystery of the disease. Lupus Sci. Med. 6, e000270.
https://doi.org/10.1136/lupus-2018-000270.

Joshi, N.S., Cui, W., Chandele, A., Lee, H.K., Urso, D.R., Hagman, J., Ga-
pin, L., and Kaech, S.M. (2007). Inflammation Directs Memory Precursor
and Short-Lived Effector CD8+ T Cell Fates via the Graded Expression
of T-bet Transcription Factor. Immunity 27, 281-295. https://doi.org/10.
1016/j.immuni.2007.07.010.

Herndler-Brandstetter, D., Ishigame, H., Shinnakasu, R., Plajer, V.,
Stecher, C., Zhao, J., Lietzenmayer, M., Kroehling, L., Takumi, A., Kome-
tani, K., et al. (2018). KLRG1+ Effector CD8+ T Cells Lose KLRG1, Differ-
entiate into All Memory T Cell Lineages, and Convey Enhanced Protective
Immunity. Immunity 48, 716-729.e8. https://doi.org/10.1016/j.immuni.
2018.03.015.

Paulsen, M., and Janssen, O. (2011). Pro- and anti-apoptotic CD95
signaling in T cells. Cell Commun. Signal. 9, 7. https://doi.org/10.1186/
1478-811X-9-7.

Pardoll, D.M. (2012). The blockade of immune checkpoints in cancer
immunotherapy. Nat. Rev. Cancer 12, 252-264. https://doi.org/10.1038/
nrc3239.

Brenchley, J.M., Karandikar, N.J., Betts, M.R., Ambrozak, D.R., Hill, B.J.,
Crotty, L.E., Casazza, J.P., Kuruppu, J., Migueles, S.A., Connors, M., et al.
(2003). Expression of CD57 defines replicative senescence and antigen-
induced apoptotic death of CD8+ T cells. Blood 707, 2711-2720.
https://doi.org/10.1182/blood-2002-07-2103.

Zhao, E., Stone, M.R., Ren, X., Guenthoer, J., Smythe, K.S., Pulliam, T.,
Williams, S.R., Uytingco, C.R., Taylor, S.E.B., Nghiem, P., et al. (2021).
Spatial transcriptomics at subspot resolution with BayesSpace. Nat. Bio-
technol. 39, 1375-1384. https://doi.org/10.1038/s41587-021-00935-2.

Haanen, J.B.A.G. (2013). Immunotherapy of melanoma. EJC Suppl. 77,
97-105. https://doi.org/10.1016/j.ejcsup.2013.07.013.

Wang, S., He, Z., Wang, X, Li, H., and Liu, X.S. (2019). Antigen presenta-
tion and tumor immunogenicity in cancer immunotherapy response pre-
diction. Elife 8, €49020. https://doi.org/10.7554/eLife.49020.

Daniel, B., Yost, K.E., Hsiung, S., Sandor, K., Xia, Y., Qi, Y., Hiam-Galvez,
K.J., Black, M., J Raposo, C., Shi, Q., et al. (2022). Divergent clonal differ-
entiation trajectories of T cell exhaustion. Nat. Immunol. 23, 1614-1627.
https://doi.org/10.1038/s41590-022-01337-5.

Giles, J.R., Ngiow, S.F., Manne, S., Baxter, A.E., Khan, O., Wang, P.,
Staupe, R., Abdel-Hakeem, M.S., Huang, H., Mathew, D., et al. (2022).
Shared and Distinct Biological Circuits in Effector, Memory and Exhausted
CD8+ T Cells Revealed by Temporal Single-Cell Transcriptomics and Epi-
genetics (Springer US). https://doi.org/10.1038/s41590-022-01338-4.
Han, S., Bao, X., Zou, Y., Wang, L., Li, Y., Yang, L., Liao, A., Zhang, X.,
Jiang, X., Liang, D., et al. (2023). d-lactate modulates M2 tumor-associ-
ated macrophages and remodels immunosuppressive tumor microenvi-
ronment for hepatocellular carcinoma. Sci. Adv. 9, eadg2697. https://
doi.org/10.1126/sciadv.adg2697.

Sarode, P., Zheng, X., Giotopoulou, G.A., Weigert, A., Kuenne, C.,
Gunther, S., Gunther, S., Gattenléhner, S., Gattenlohner, S., Brine, B.,


https://doi.org/10.1002/cyto.b.21349
https://doi.org/10.1016/j.cell.2021.11.016
https://doi.org/10.1126/sciimmunol.abd6832
https://doi.org/10.1016/j.neuron.2022.11.007
https://doi.org/10.1016/j.cell.2021.10.027
https://doi.org/10.1038/s41577-020-0331-4
https://doi.org/10.1038/s41579-022-00846-2
https://doi.org/10.1038/s41467-023-40012-7
https://doi.org/10.1038/s41467-023-40012-7
https://doi.org/10.1038/s41598-021-02615-2
https://doi.org/10.1038/s41598-021-02615-2
https://doi.org/10.1038/s41573-021-00198-1
https://doi.org/10.1016/S0092-8674(00)80047-1
https://doi.org/10.1073/pnas.91.2.614
https://doi.org/10.1038/s41423-021-00832-3
https://doi.org/10.1038/s41423-021-00832-3
https://doi.org/10.1016/j.immuni.2018.08.015
https://doi.org/10.1038/s41467-018-03750-7
https://doi.org/10.1038/s41467-018-03750-7
https://doi.org/10.1016/B978-0-12-384929-8.00019-8
http://refhub.elsevier.com/S2211-1247(24)00200-6/sref55
http://refhub.elsevier.com/S2211-1247(24)00200-6/sref55
http://refhub.elsevier.com/S2211-1247(24)00200-6/sref55
https://doi.org/10.1074/jbc.R116.774745
https://doi.org/10.3390/ijms221910464
https://doi.org/10.3390/ijms221910464
https://doi.org/10.1136/lupus-2018-000270
https://doi.org/10.1016/j.immuni.2007.07.010
https://doi.org/10.1016/j.immuni.2007.07.010
https://doi.org/10.1016/j.immuni.2018.03.015
https://doi.org/10.1016/j.immuni.2018.03.015
https://doi.org/10.1186/1478-811X-9-7
https://doi.org/10.1186/1478-811X-9-7
https://doi.org/10.1038/nrc3239
https://doi.org/10.1038/nrc3239
https://doi.org/10.1182/blood-2002-07-2103
https://doi.org/10.1038/s41587-021-00935-2
https://doi.org/10.1016/j.ejcsup.2013.07.013
https://doi.org/10.7554/eLife.49020
https://doi.org/10.1038/s41590-022-01337-5
https://doi.org/10.1038/s41590-022-01338-4
https://doi.org/10.1126/sciadv.adg2697
https://doi.org/10.1126/sciadv.adg2697

Cell Reports

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84,

et al. (2020). Reprogramming of tumor-associated macrophages by tar-
geting B-catenin/FOSL2/ARID5A signaling: A potential treatment of lung
cancer. Sci. Adv. 6, 1-18. https://doi.org/10.1126/sciadv.aaz6105.

Mantovani, A., Allavena, P., Marchesi, F., and Garlanda, C. (2022). Macro-
phages as tools and targets in cancer therapy. Nat. Rev. Drug Discov. 217,
799-820. https://doi.org/10.1038/s41573-022-00520-5.

Duan, Z., and Luo, Y. (2021). Targeting macrophages in cancer immuno-
therapy. Signal Transduct. Target. Ther. 6, 127-221. https://doi.org/10.
1038/s41392-021-00506-6.

Ma, R.Y., Black, A., and Qian, B.Z. (2022). Macrophage diversity in cancer
revisited in the era of single-cell omics. Trends Immunol. 43, 546-563.
https://doi.org/10.1016/].it.2022.04.008.

Pauken, K.E., Godec, J., Odorizzi, P.M., Brown, K.E., Yates, K.B., Ngiow,
S.F., Burke, K.P., Maleri, S., Grande, S.M., Francisco, L.M., et al. (2020).
The PD-1 Pathway Regulates Development and Function of Memory
CD8+ T Cells following Respiratory Viral Infection. Cell Rep. 37, 107827.
https://doi.org/10.1016/j.celrep.2020.107827.

Sarantis, P., Koustas, E., Papadimitropoulou, A., Papavassiliou, A.G., and
Karamouzis, M.V. (2020). Pancreatic ductal adenocarcinoma: Treatment
hurdles, tumor microenvironment and immunotherapy. World J. Gastroint-
est. Oncol. 72, 173-181. https://doi.org/10.4251/wjgo.v12.i2.173.

Huang, A.C., Postow, M.A., Orlowski, R.J., Mick, R., Bengsch, B., Manne,
S., Xu, W., Harmon, S., Giles, J.R., Wenz, B., et al. (2017). T-cell invigora-
tion to tumour burden ratio associated with anti-PD-1 response. Nature
545, 60-65. https://doi.org/10.1038/nature22079.

Wright, J.J., Powers, A.C., and Johnson, D.B. (2021). Endocrine toxicities
of immune checkpoint inhibitors. Nat. Rev. Endocrinol. 17, 389-399.
https://doi.org/10.1038/s41574-021-00484-3.

He, J., and Li, Z. (2023). Dilemma of immunosuppression and infection risk
in systemic lupus erythematosus. Rheumatol. (United Kingdom) 62,
122-129. https://doi.org/10.1093/rheumatology/keac678.

Milner, J.J., and Goldrath, A.W. (2018). Transcriptional programming of tis-
sue-resident memory CD8 + T cells. Curr. Opin. Immunol. 57, 162-169.
https://doi.org/10.1016/j.c0i.2018.03.017.

Gunturi, A., Berg, R.E., Crossley, E., Murray, S., and Forman, J. (2005). The
role of TCR stimulation and TGF-B in controlling the expression of CD94/
NKG2A receptors on CD8 T cells. Eur. J. Immunol. 35, 766-775. https://
doi.org/10.1002/€ji.200425735.

MedIimmune, L.L.C. (2023). A Study of Durvalumab (MEDI4736) and Mon-
alizumab in Solid Tumors: NCT02671435. clinicaltrials.Gov.

Vietzen, H., Berger, S.M., Kihner, L.M., Furlano, P.L., Bsteh, G., Berger,
T., Rommer, P., and Puchhammer-Stockl, E. (2023). Ineffective control
of Epstein-Barr-virus-induced autoimmunity increases the risk for multiple
sclerosis. Cell 186, 5705-5718.e13. https://doi.org/10.1016/j.cell.2023.
11.015.

Soares-Schanoski, A., Cruz, N.B., de Castro-Jorge, L.A., de Carvalho,
R.V.H., Dos Santos, C.A., da Rés, N., Oliveira, U., Costa, D.D., Dos San-
tos, C.L.S., Cunha, M.D.P., et al. (2019). Systems analysis of subjects
acutely infected with the chikungunya virus. PLoS Pathog. 15, 1-23.
https://doi.org/10.1371/journal.ppat.1007880.

Michimayr, D., Pak, T.R., Rahman, A.H., Amir, E.A.D., Kim, E.Y., Kim-
Schulze, S., Suprun, M., Stewart, M.G., Thomas, G.P., Balmaseda, A.,
et al. (2018). Comprehensive innate immune profiling of chikungunya virus

85.

86.

87.

88.

89.

90.

91

92.

93.

94,

95.

96.

97.

¢? CellPress

OPEN ACCESS

infection in pediatric cases. Mol. Syst. Biol. 14, 78622-e7925. https://doi.
org/10.15252/msb.20177862.

Wolf, F.A., Angerer, P., and Theis, F.J. (2018). SCANPY: large-scale single-
cell gene expression data analysis. Genome Biol 19, 15. https://doi.org/
10.1186/s13059-017-1382-0.

Korsunsky, I., Millard, N., Fan, J., Slowikowski, K., Zhang, F., Wei, K., Ba-
glaenko, Y., Brenner, M., Loh, P. ru, and Raychaudhuri, S. (2019). Fast,
sensitive and accurate integration of single-cell data with Harmony. Nat.
Methods 16, 1289-1296. https://doi.org/10.1038/s41592-019-0619-0.
Polanski, K., Young, M.D., Miao, Z., Meyer, K.B., Teichmann, S.A., and
Park, J.-E. (2020). BBKNN: fast batch alignment of single cell transcrip-
tomes. Bioinformatics 36, 964-965. https://doi.org/10.1093/bioinformat-
ics/btz625.

Mclnnes, L., Healy, J., and Melville, J. (2018). UMAP: Uniform Manifold
Approximation and Projection for Dimension Reduction.

Traag, V.A., Waltman, L., and van Eck, N.J. (2019). From Louvain to Lei-
den: guaranteeing well-connected communities. Sci. Rep. 9. https://doi.
org/10.1038/s41598-019-41695-z.

Szklarczyk, D., Kirsch, R., Koutrouli, M., Nastou, K., Mehryary, F., Hachilif,
R., Gable, A.L., Fang, T., Doncheva, N.T., Pyysalo, S., et al. (2023). The
STRING database in 2023: protein-protein association networks and func-
tional enrichment analyses for any sequenced genome of interest. Nucleic
Acids Res. 57, D638-D646. https://doi.org/10.1093/nar/gkac1000.

. Seabold, S., and Perktold, J. (2010). Statsmodels: Econometric and Sta-

tistical Modeling with Python. Proc. 9th Python Sci. Conf., 92-96.
https://doi.org/10.25080/majora-92bf1922-011.

Virtanen, P., Gommers, R., Oliphant, T.E., Haberland, M., Reddy, T., Cour-
napeau, D., Burovski, E., Peterson, P., Weckesser, W., Bright, J., et al.
(2020). SciPy 1.0: fundamental algorithms for scientific computing in Py-
thon. Nat. Methods 717, 261-272. https://doi.org/10.1038/s41592-019-
0686-2.

Garcia-Alonso, L., Lorenzi, V., Mazzeo, C.l., Alves-Lopes, J.P., Roberts,
K., Sancho-Serra, C., Engelbert, J., Mareckova, M., Gruhn, W.H., Botting,
R.A., et al. (2022). Single-cell roadmap of human gonadal development.
Nature 607, 540-547. https://doi.org/10.1038/s41586-022-04918-4.

Emerson, R.O., DeWitt, W.S., Vignali, M., Gravley, J., Hu, J.K., Osborne,
E.J., Desmarais, C., Klinger, M., Carlson, C.S., Hansen, J.A., et al.
(2017). Immunosequencing identifies signatures of cytomegalovirus expo-
sure history and HLA-mediated effects on the T cell repertoire. Nat. Genet.
49, 659-665. https://doi.org/10.1038/ng.3822.

Vorkas, C.K., Krishna, C., Li, K., Aubé, J., Fitzgerald, D.W., Mazutis, L., Le-
slie, C.S., and Glickman, M.S. (2022). Single-Cell Transcriptional Profiling
Reveals Signatures of Helper, Effector, and Regulatory MAIT Cells during
Homeostasis and Activation. J. Immunol. 208, 1042-1056. https://doi.org/
10.4049/jimmunol.2100522.

Dusseaux, M., Martin, E., Serriari, N., Péguillet, I., Premel, V., Louis, D.,
Milder, M., Le Bourhis, L., Soudais, C., Treiner, E., and Lantz, O. (2011).
Human MAIT cells are xenobiotic-resistant, tissue-targeted, CD161 hi
IL-17-secreting T cells. Blood 117, 1250-1259. https://doi.org/10.1182/
blood-2010-08-303339.

Miller, I., Min, M., Yang, C., Tian, C., Gookin, S., Carter, D., and Spencer,
S.L. (2018). Ki67 is a Graded Rather than a Binary Marker of Proliferation
versus Quiescence. Cell Rep. 24, 1105-1112.e5. https://doi.org/10.
1016/j.celrep.2018.06.110.

Cell Reports 43, 113872, March 26, 2024 13



https://doi.org/10.1126/sciadv.aaz6105
https://doi.org/10.1038/s41573-022-00520-5
https://doi.org/10.1038/s41392-021-00506-6
https://doi.org/10.1038/s41392-021-00506-6
https://doi.org/10.1016/j.it.2022.04.008
https://doi.org/10.1016/j.celrep.2020.107827
https://doi.org/10.4251/wjgo.v12.i2.173
https://doi.org/10.1038/nature22079
https://doi.org/10.1038/s41574-021-00484-3
https://doi.org/10.1093/rheumatology/keac678
https://doi.org/10.1016/j.coi.2018.03.017
https://doi.org/10.1002/eji.200425735
https://doi.org/10.1002/eji.200425735
http://clinicaltrials.Gov
https://doi.org/10.1016/j.cell.2023.11.015
https://doi.org/10.1016/j.cell.2023.11.015
https://doi.org/10.1371/journal.ppat.1007880
https://doi.org/10.15252/msb.20177862
https://doi.org/10.15252/msb.20177862
https://doi.org/10.1186/s13059-017-1382-0
https://doi.org/10.1186/s13059-017-1382-0
https://doi.org/10.1038/s41592-019-0619-0
https://doi.org/10.1093/bioinformatics/btz625
https://doi.org/10.1093/bioinformatics/btz625
http://refhub.elsevier.com/S2211-1247(24)00200-6/sref88
http://refhub.elsevier.com/S2211-1247(24)00200-6/sref88
https://doi.org/10.1038/s41598-019-41695-z
https://doi.org/10.1038/s41598-019-41695-z
https://doi.org/10.1093/nar/gkac1000
https://doi.org/10.25080/majora-92bf1922-011
https://doi.org/10.1038/s41592-019-0686-2
https://doi.org/10.1038/s41592-019-0686-2
https://doi.org/10.1038/s41586-022-04918-4
https://doi.org/10.1038/ng.3822
https://doi.org/10.4049/jimmunol.2100522
https://doi.org/10.4049/jimmunol.2100522
https://doi.org/10.1182/blood-2010-08-303339
https://doi.org/10.1182/blood-2010-08-303339
https://doi.org/10.1016/j.celrep.2018.06.110
https://doi.org/10.1016/j.celrep.2018.06.110

¢? CellPress

OPEN ACCESS

Cell Reports

STARXMETHODS
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REAGENT or RESOURCE SOURCE IDENTIFIER
Antibodies
APC anti-human CD57 Antibody BioLegend Cat#359609; RRID:AB_2562756
FITC anti-human CD56 (NCAM) Antibody BioLegend Cat#318303; RRID:AB_604091
BD OptiBuild BUV395 anti-human CD8 BD Biosciences Cat#740303; RRID:AB_2740042
Brilliant Violet 421 anti-human CD159a BioLegend Cat#375139; RRID:AB_2941547
(NKG2A) antibody
PE anti-human CD159¢ (NKG2C) Antibody BioLegend Cat#375003; RRID:AB_2888871
APC/Cyanine7 anti-human CD127 (IL-7Ra) Antibody BioLegend Cat#351347; RRID:AB_2629571
Brilliant Violet 785 anti-mouse/human BioLegend Cat#138429; RRID:AB_2629749
KLRG1 (MAFA) antibody
PE/Cyanine7 anti-human CD16 antibody BioLegend Cat#302015; RRID:AB_314215
LIVE/DEAD Fixable Aqua Dead Cell Stain Kit, ThermoFisher Cat#L.34965
for 405 nm excitation
Biological samples
Samples from patients with lupus Swedish Medical Center; N/A
(human UNCOVR cohort) Providence St. Joseph Health;

Institute of Systems Biology
Samples from healthy donors Bloodworks Northwest N/A

Samples from healthy donors Stemcell Cat#200-0092

Deposited data

COVID-19 single cell cohort (Seattle) Su et al.** E-MTAB-10129
Su et al.”® E-MTAB-9357

COVID-19 cohort (Greece) Zheng et al. 2°7 inflammatix86

Chikungunya cohort (adult) Zheng et al.?” PRJNA507472
Soares-Schanoski et al.>*

Chikungunya cohort (pediatric) Zheng et al.”” PRJNA390289
Michimayr et al.?*

Lupus single cell cohort Perez et al.”® GSE174188

Pan-cancer single cell cohort Zheng et al.?® GSE156728

Pan-cancer TCGA cohort
Spatial cancer cohort

Thorsson et al.*®
10x Genomics

https://portal.gdc.cancer.gov/

10x Visium (v1) spaceranger count datasets
for breast, prostate, and ovarian

Other

Scanpy (v1.9.3) Wolf et al.®® https://github.com/scverse/scanpy
harmonypy (v0.0.9) Korsunsky et al.®® https://github.com/slowkow/harmonypy
bbkNN (v1.5.1) Polanski et al.?” https://github.com/Teichlab/bbknn
UMAP (v0.5.3) Mclnnes et al.?® https://github.com/Imcinnes/umap

Leiden (v0.9.1)
STRING (v12)
BayesSpace (v1.1.3)

statsmodels (v0.13.2)
scipy (v1.9.3)
cellphoneDB (v4)
FlowdJo (v10.9.0)

Traag et al.**

Szklarczyk et al.”

Zhao et al.®*

Seabold and Perktold et al.”"
Virtanen et al.®”
Garcia-Alonso et al.”

BD Life Sciences

https://github.com/vtraag/leidenalg
https://string-db.org/

https://www.bioconductor.org/packages/release/
bioc/html/BayesSpace.html

https://www.statsmodels.org
https://scipy.org/
https://www.cellphonedb.org/
https://www.flowjo.com/
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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, James R.
Heath (jim.heath@isbscience.org).

Materials availability
This study did not generate new unique reagents.

Data and code availability

® For infectious disease: COVID-19 single cell data were retrieved from our previously published multi-omics dataset,?*>°
COVID-19 validation cohort and chikungunya adult and pediatric validation cohorts were kindly provided by Dr. Purvesh Khatri
and his team from "inflammatix86" (COVID-19 cohort from Greece), "PRIJNA507472", and "PRJNA390289"; these datasets
were also previously published and analyzed by them.?”:8%:84

e For autoimmune disease: systemic lupus erythematosus single cell data were retrieved from Perez et al., 2022.%°

e For cancer: pan-cancer tumor-infiltrating single CD8" T cell data were retrieved from Zheng et al., 2021, TCGA data are from
Thorsson et al., 2018 retrieved via NCI-GDC.?%?° Spatial datasets were retrieved from Zhao et al., 2021 and 10x Genomics.®

e This paper does not report original code. Scripts were run using public Python and R packages and are available upon reason-
able request.

® Any additional information required to reanalyze the data reported in this work is available upon reasonable request.

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

For infectious disease: COVID-19 single cell data were retrieved from our previously published multi-omics dataset.?*?° We utilized
the dataset as was published, an H5AD file, and filtered for NKG2A/C positive cells, see next section. COVID-19 validation cohort and
chikungunya adult and pediatric validation cohorts, bulkRNA-seq, were kindly provided by Dr. Purvesh Khatri and his team with both
raw and normalized gene expression values, we only utilized the normalized values. They were formally named the following "inflam-
matix86" (COVID-19 bulkRNA-seq from Greece), and "PRJNA507472" and "PRJNA390289" (chikungunya bulkRNA-seq datasets)
and were previously utilized and published.?”#** For autoimmune disease: systemic lupus erythematosus single cell data were
retrieved from Perez et al., 2022,?° we utilized In(CPM +1) normalized values for our analyses. For cancer: pan-cancer tumor-infil-
trating single CD8* T cell data were retrieved from Zheng et al., 2021, this was normalized by the previous authors via library size
and a per-gene Z score, and we retrieved TCGA data from Thorsson et al., 2018 via NCI-GDC via controlled access requests.?®2°
Spatial datasets were retrieved from Zhao et al., 2021 and publicly available 10x Genomics datasets.®* They were normalized and
processed using BayesSpace (v1.1.3). Aside from the spatial workups, Scanpy (v1.9.3) was utilized for the vast majority of these an-
alyses, additional packages and their versions are listed in their appropriate sections. Four lupus patients enrolled in a control arm of a
study of long COVID (UNCOVR, Providence St. Joseph Health IRB: STUDY2020000852) contributed PBMCs for comparisons with
Bloodworks and Stemcell acquired controls.

METHOD DETAILS

Log-odds models of NKG2A* biases accounting for demographic factors

Log-odds was modeled using the Logit modeling function within the statsmodels (v0.13.2) package. Sex was binarized and people
with a female sex were given the value one while those with a male sex were given the value 0. Age was accounted for in years. If
NKG2A positivity was not already called at a sample level (i.e., single-cell datasets) then an NKG2A* bias was called for a given pa-
tient if they had three times more NKG2A* cells than NKG2C™* cells for NK cells, due to the inherent NKG2A™* bias in NK cells, and if
they had more NKG2A* cells than NKG2C™ cells for CD8* T cells. For the COVID-19 patient dataset, as we had multiple timepoints
during acute infection, NKG2A* bias was assigned if the patient had a bias at any of the acute timepoints. Further, severity was deter-
mined as WHO Ordinal Scale (WOS) value greater than or equal to five, a previously determined value for severe patients.>* For lupus
patients, the relative ratio of NKG2A* and NKG2C* CD8* T cells was utilized. For validation cohorts, any demographic factors were
utilized when available, this mainly consisted of a patient’s assigned sex. All coefficient estimates were plotted with 95% confidence
intervals.

HCMV serostatus

To predict CMV serostatus of patients from immunosequencing data, we replicated a previously published classification model from
Emerson et al., 2017.%* Using the study’s two cohorts (HIP and KECK) and its list of 164 CMV-associated TCRp chains (defined by
CDR3 amino acid sequence, V gene, and J gene), we trained and validated our classifier that predicted CMV serostatus using the
number of detected CMV™ associated TCRps and the total number of unique TCRps. The classifier model was trained using a sup-
port vector machine with linear kernel and 6-fold cross validation. Based on area under the receiver operating characteristic curve
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(AUROC), the performance of this classifier was during training. The best performing model was used to predict CMV serostatus of
the validation cohort (AUROC = 0.92) and of our INCOV cohort. Patients with any samples predicted to be CMV positive are labeled as
CMV positive. Convalescent serum sample from predicted CMV™* patients were used for CMV viremia and CMV serology assays.
75/82 (91%) of these samples had positive results from CMV serology assays. We then utilized these CMV serostatus values to ac-
count for prior CMV infection history in our log-odds models by adding it as an additional co-variate.

Enrichment analysis of NKG2C* enriched plasma proteome
Differentially expressed proteins, as identified across all three measured timepoints at p < 0.05 and greater than zero log-transformed
fold change, were compiled and pathways were enriched for via the multiple protein enrichment analysis by the STRING database.*”

Hypergeometric overlap probability analysis

Hypergeometric overlap probabilities were calculated using scipy (v1.9.3) using the cumulative density function (CDF). The p value for
testing the hypothesis that two sets overlap as much as is measured or more, is then defined as 1 — CDF, and therefore the probability
that two sets overlap less than expected is defined as the CDF itself.

CD8"* T cell phenotype assignment in lupus patients

NKG2A/C* CD8* T cells were extracted based on the assignments aforementioned in the “NKG2A* and NKG2C™ quantification and
assignment” section in the Methods. Genes with zero expression within the NKG2A/C* CD8" T cell subset were removed. Highly
variable genes were called using the “Seurat” method with the minimum dispersion of 0.5 and mean between 0.5 and 7.5 to remove
constantly lowly and constantly highly expressed genes. Principal component analysis (PCA) was then called and 20 PCs were then
utilized to compute uniform manifold approximation projections (UMAP via umap-learn v0.5.3) using a k-nearest-neighbor (kNN)
graph computed via bbkNN (v1.5.1).8”¢ Leiden clusters were then called via the leidnalg package (v0.9.1) with resolution of 0.4.
Clusters were then annotated via literature derived genes: proliferation via MKI67, MAIT via KLRB1, memory via IL7R, short lived
effector cell (SLEC) -like via CD57 and IFNy, and effector as non SLEC-like but still expressing GZMB.5%95-°7

Flow cytometry validation of NKG2A/C phenotypes

Four PBMC vials from patients with lupus were taken from our UNCOVR database, and four healthy donors, from Bloodworks and
Stemcell, were taken as well. These samples were assayed with the following antibodies: APC anti-human CD57 Antibody
(BioLegend #359609), FITC anti-human CD56 (NCAM) Antibody (BioLegend #318303), BD OptiBuild BUV395 anti-human CD8
(BD Biosciences #740303), Brilliant Violet 421 anti-human CD159a (NKG2A) antibody (BioLegend #375139), PE anti-human
CD159c¢ (NKG2C) Antibody (BioLegend #375003), APC/Cyanine7 anti-human CD127 (IL-7Ra) Antibody (BioLegend #351347), Bril-
liant Violet 785 anti-mouse/human KLRG1 (MAFA) antibody (BioLegend #138429), PE/Cyanine7 anti-human CD16 antibody
(BioLegend #302015), and LIVE/DEAD Fixable Aqua Dead Cell Stain Kit, for 405 nm excitation (ThermoFisher #L34965). PBMC sam-
ples were resuspend from —80°C in R10 media to remove and dilute freezing media. Post-washing each pellet was resuspended and
washed in one mL ice-cold PBS then resuspended in live-dead stain for 30 min at 4°C. Stained cells were then washed in one mL ice-
cold PBS and stained with the surface-protein antibody master mix for 30 min at 4°C. Stained cells were then washed with cell stain-
ing buffer, the same that was utilized for the master mix, and resuspended in 100 pL and run on BD FACSymphony A5 Cell Analyzer at
Fred Hutchinson Cancer Center.

Tumor immunogenicity and NKG2A/C percentage analysis

Cancer types were ranked by a previously published paper that took tumor mutational burden and antigen presentation machinery
into account.®® Spearman correlation was used because it is more suited for rank-based analyses compared to Pearson correlation
which is best suited for continuous against continuous correlations.

Kaplan-meier survival analysis on TCGA samples

TCGA samples were called as NKG2A* or NKG2C* via the aforementioned log, fold change criteria. To ensure we only utilized confi-
dently assigned patients, we took only the top 20% and bottom 20%, similar to the aforementioned bulkRNA-seq analyses above.
Kaplan-meier curves were then called for each cancer type individually and then for all cancer types and patients together as a “pan-
cancer” model.

Breast cancer spatial transcriptomics characterization

All spatial datasets were downloaded from 10x Genomics’ publicly available datasets and processed via BayesSpace as aforemen-
tioned. Pathology annotations were taken directly from those done in Zhao et al., 2021.%* Density plots for NKG2A/C positive cells
were computed by utilizing spatial neighbors; each positive spot was diffused outwards to determine regions of occupancy for
NKG2A* or NKG2C* spots. Denser regions, the densest being the positive spots themselves, are plotted as darker colors while
less dense regions are plotted with lighter colors. This method is the spatially analogous method to those typically done to compute
embedding density for transcriptomic or multi-omic UMAPs (e.g., those via scanpy.tl.embedding_density). Hypergeometric analysis
was done as stated in previous Methods sections. For hypergeometric tests that involve antibodies, both those for this spatial
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transcriptomics cancer dataset, and for the infectious disease datasets, genes were considered if they were confidently expressed;
defined as within the top 10% for the infection contexts and greater than 0.01 for genes in the cancer context. The antibody gene set
was defined as those from heavy chain immunoglobin genes, and light chain lambda and kappa immunoglobin genes.

Spatially-informed cell-cell ligand-receptor analysis

All spatial transcriptomics datasets were concatenated together using Scanpy and AnnData objects. Identified NKG2A* and
NKG2A~ CD8* T cells were called via the Methods in the aforementioned sections and ligand-receptor interactions were called
from the CellphoneDB list of known protein-protein interactions through a product calculation.®® Mann-Whitney U-tests were then
utilized to calculate differential protein-protein interaction values between NKG2A* and NKG2A~ CD8™ T cell subsets.

QUANTIFICATION AND STATISTICAL ANALYSIS

NKG2A* and NKG2C* quantification and assignment

For single cell datasets: where log-transformed library-normalized values were available, for example In(CPM+1), we called cells
NKG2A" if they had mRNA levels of CD94 and NKG2A that were >2.5. Similarly, NKG2C* cells were called if they had CD94 and
NKG2C mRNA levels that were >2.5. We require the simultaneous expression of CD94 when it is feasibly measured and analyzed
because it forms a hetero-dimer with NKG2A/C to permit their expression.®’ For Zheng et al.’s dataset, as it was Z score normalized
absolute expression based analyses were not feasible. Thus, we derived an NKG2A/C metric based on the relative NKG2A to NKG2C
Z-scores, those who NKG2A value was at least one greater than their NKG2C value were deemed NKG2A*. Similarly, cells with
NKG2C values at least one greater than their NKG2A values were deemed NKG2C™. For bulk datasets: log, fold changes were calcu-
lated between the product of a given samples CD94 and NKG2A (or NKG2C) normalized expression levels. To analyze confidently
assigned NKG2A* and NKG2C™ cells we deemed NKG2A* samples as those in the upper pentile (top 20%) of log,(CD94:NKG2A/
CD94:NKG2C) patients, and similarly NKG2C* samples were those in the lowest pentile (bottom 20%). For spatial datasets: due
to the sparse nature of the captured expression, for the breast cancer sample, those with NKG2A or NKG2C expression were
deemed NKG2A* or NKG2C*, respectively. When combining all of the spatial transcriptomic datasets together we were able to
more robustly identify CD8* T cells, using CD3 and CD8 mRNA expression, and within that subset classified cells as NKG2A* or
NKG2A™ based on their expression. Specifically, a T cell score was determined through the average expression of CD3D, CD3E,
and CD3G. Cells positive for this score were then interrogated for CD8 expression via averaging of CD8A and CD8B mRNA. Cells
positive for this score were now considered CD8* T cells, we then simply utilized NKG2A expression to divide CD8"* T cells into
an NKG2A* CD8" T cell and NKG2A~ CD8* T cell subset.

Statistical analyses

All correlations were calculated using Pearson, and all p values were calculated using Mann-Whitney U test unless otherwise spec-
ified. Log-odd plots, also called forest plots, were plotted with coefficient value, In(odds ratio), with 95% confidence intervals as whis-
kers. Bar charts were provided with error bars when multiple values were present, and these bars represented standard errors. Bar
level represent the mean variable value.
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