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identifies key genes differentially
expressed in innate lymphoid
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Introduction: Innate lymphoid cells (ILCs) are enriched at mucosal surfaces
where they respond rapidly to environmental stimuli and contribute to both
tissue inflammation and healing.

Methods: To gain insight into the role of ILCs in the pathology and recovery from
COVID-19 infection, we employed a multi-omics approach consisting of Abseq
and targeted mRNA sequencing to respectively probe the surface marker
expression, transcriptional profile and heterogeneity of ILCs in peripheral blood
of patients with COVID-19 compared with healthy controls.

Results: We found that the frequency of ILC1 and ILC2 cells was significantly
increased in COVID-19 patients. Moreover, all ILC subsets displayed a significantly
higher frequency of CD69-expressing cells, indicating a heightened state of
activation. ILC2s from COVID-19 patients had the highest number of significantly
differentially expressed (DE) genes. The most notable genes DE in COVID-19 vs
healthy participants included a) genes associated with responses to virus infections
and b) genes that support ILC self-proliferation, activation and homeostasis. In
addition, differential gene regulatory network analysis revealed ILC-specific regulons
and their interactions driving the differential gene expression in each ILC.

Discussion: Overall, this study provides mechanistic insights into the
characteristics of ILC subsets activated during COVID-19 infection.

KEYWORDS

innate lymphocyte cells (ILCs), SARSCoV- 2, COVID - 19, single cell RNA analysis, single
cell immunology
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Introduction

The outcome of infection with the severe acute respiratory
syndrome coronavirus 2 (SARS-CoV-2) is highly variable. While
many patients exhibit mild to moderate symptoms, others progress
to severe disease requiring hospitalization, and some to multi-organ
failure and death. Many patients recover within a few weeks from
coronavirus disease 2019 (COVID-19), while others are known to
progress to “long COVID” from which recovery may take months
(1, 2). The risk of severe COVID-19 and death in those infected with
SARS-COV-2 increases with age and is greater in men than women
(1-3). Despite the progress made in vaccine development and
treatment for COVID-19, much remains to be elucidated
regarding the underlying immune response to COVID-19, and
the variability of this response.

Severe COVID-19 is often associated with an activated immune
response characterized by enhanced plasma levels of pro-
inflammatory mediators including IL-6, IL-1B, TNF, IL-2 and
others (2, 4, 5). Whether this is an appropriate response to
disease in these patients or a dysregulated immune response,
described as “cytokine storm”, is not known. Lymphopenia has
often been described in severe COVID-19 patients, including a
reduction in CD4" and CD8" T cells and NK cells (6, 7), and an
upregulation of exhaustion markers on remaining CD8" T cells and
NK cells (8). Dysregulation in other cell types in COVID-19
patients was also reported, including increased numbers of
plasmablasts and a novel cell population of developing
neutrophils described in COVID patients with acute respiratory
distress syndrome (ARDS) (7).

Innate lymphoid cells (ILCs) include ILC1, ILC2, and ILC3 cells
which express the a-chain of the IL-7 receptor (CD127) and the
developmentally distinct CD127"%® NK cells. CD127" ILCs, which
are considered innate counterparts of Th1, Th2 and Th17 subsets of
CD4" T cells, are largely tissue resident cells and are enriched at
barrier surfaces of the mammalian body, such as the lung and
intestine, where they respond rapidly to environmental or microbial
stimuli, act early in the immune response and contribute to tissue
homeostasis and healing. ILCs are also found in peripheral blood,
which contains the ILC1 and ILC2 subsets as well as ILC precursor
(ILCp) cells (9) which provide a source of ILC1, ILC2 and ILC3 cells
as needed by tissues (9-12). Type 1 ILCs (ILCls) function as a first
line of defense against infections with viruses, often in the lung, and
Type 2 ILCs (ILC2s) play a key role in lung homeostasis where they
have both pathogenic and protective functions. Absolute counts of
total ILCs as well as counts of ILC subsets have been reported to be
reduced or largely depleted in peripheral blood of patients with
COVID-19, particularly in cases of severe COVID-19 (3, 13, 14).

Little is known regarding the role of ILCs in human respiratory
virus infections, but studies in mice show that ILC2s accumulate in
the lung of virus-infected mice where they may contribute to lung
inflammation as well as promote tissue repair (15-17). Since
COVID-19 infection is often initiated in the upper airways, we
hypothesized that ILCs may play an important role in COVID-19-
associated lung inflammation and its subsequent resolution. To our
knowledge there have been no systems biology studies probing the
transcriptional responses of ILCs at a single cell level in patients
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with COVID-19, which could provide insight into the role of ILCs
in COVID-19 infection.

To more precisely define the impact of COVID-19 on ILCs, we
employed a single cell multi-omics approach consisting of Abseq
(18) and single-cell RNA sequencing (19) to probe the surface
protein marker expression and transcriptional profile respectively,
and to evaluate the heterogeneity of CD127* ILCs in peripheral
blood of patients with asymptomatic to moderate and long-term
COVID-19 compared with healthy control participants. The
differential expression analysis revealed that ILCs from COVID-
19 patients were transcriptionally distinct from those of healthy
control participants.

Results

Single-cell transcriptome analysis of ILCs
from COVID-19 patients

We examined peripheral blood ILCs from a total of 22 adult
patients with asymptomatic (n=2), mild (n=17), and moderate
(n=3) COVID-19, some of whom developed long term COVID-
19 assessed at 30 days (n=15) (68.1%) and 90 days (n=12) after
infection and 25 healthy control participants (Supplementary Table
S1). Samples selected for this study were obtained within 76 days of
positive COVID PCR test date. For profiling peripheral blood ILCs,
we first sorted ILCs from PBMCs, which were then subjected to
targeted analysis using BD RhapsodyTM platform (19) (see method).
Briefly, we applied simultaneous quantification of surface proteins
(Abseq) (18) (Supplementary Table S2) and targeted mRNA
expression at the single-cell level (Figure 1A; Supplementary
Figure 1). This approach allowed the simultaneous interrogation
of surface proteins used for immunophenotyping, immune-related
genes and single-cell heterogeneity analysis. From the resulting
multi-modal, high-throughput single cell dataset, 6247 ILCs (ILC1
(CD117°CRTH2) = 2103; ILC2 (CD117""" CRTH2") = 2509 and
ILCp (CD117"CRTH2") = 1635) (Supplementary Figure 1), were
identified based on the cell surface protein expression profiles using
an established ILC manual gating strategy (13, 20). Remaining
10,895 ILCs from sorted cell population were excluded from
further analysis.

Unsupervised UMAP based dimension reduction and
visualization of all manually gated ILCs (see methods) showed
three types of ILCs as distinct cell clusters, corresponding to ILC1,
ILC2 and ILCp cells (Figure 1B; Supplementary Figures 2A, B). As
expected, CD127 was expressed by all ILCs, with ILC1s and ILC2s
demonstrating high CD127 expression (21). Similarly, we observed
a cluster of CRTH2" ILC2 cells, CD161M8" 1LC2 cells and
CD117s8h ILCp cells. In the UMAP based cell clusters, the cell
density analysis using Kernel Density Estimation (KDE) of total
ILCs from COVID-19 and healthy participants revealed a higher
cell density in the ILC2 cluster in COVID-19 patients as compared
with healthy participants (Figure 1C). We observed relatively higher
frequencies of gated ILCs (p=0.004; percentage of total sorted innate
lymphoid cells) in peripheral blood of COVID-19 patients as
compared to healthy control participants, including a higher

frontiersin.org


https://doi.org/10.3389/fimmu.2024.1374828
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Kaushik et al.

10.3389/fimmu.2024.1374828

A
Surface staining
and
magnetic beads enrichment
-
O
O\} =
COVID-19+ | ( lg l ;Healthy
= =26,
(n=22) U (n=26) ‘ Data analysis
‘ \" Multi-modal single cell profiling * Batch correction
. — — scRNA-seq Data normalization ‘
é E Processing » 8D Rhapsody™ >>> * Unsupervised c.Iustel.'lpg )
EF’ z _& Novo5eq6000 . ILC1/ILC2/II'.Cp identification
\ 2 bS: * Manual gating
AbSeq AbSeq s ar T
lood | Cell count  Statistical inference
Blood samples normalization  Cell sortmg SERITE + Data visualization
B C
ILCp (CD117 CRTH2" Manually gated ILCs
=
[}
o
=3
=
<
[}
" Q
s
o
a ~ s
< & ©
= +
s 2
UMAP 1
D E CD69" cells
ILCs ILC1 ILC2 ILCp ILCA ILC2
p =0.0043 304 p =0.0252 p = 0.0024 p =0.3345 q=2.7e-06 q=7.2e-10
= 75 ? 401 T T o 100 A ¢
o 754
o « ] ] 904
2 § § 8,
= 0] = 30 = 80
5w g g g g 5
= = = = 3 604 =
S X R 20 X NI X 604
+ 10
R 5 101
104 304 404
[J
01— T T T ot T 0+ : T T T B
F G CD62L (SELL)* cells
$ ILC1 ILC2 ILCp ILC1 ILC2 ILCp
= Sl o P pzﬁu . ol & p=-031 O 100{q=156-06| 100{q=16e-14| 1004 q=7.1e-01
° . ry pvaI00.076 A
= 60 Apval =0.002 ® AG (Y
X (]
+ 60 A |© [} A
£ 4 & A 754 754 754
3 A A p@ o 4
a ) 30 20 — o~ o
57 e® % 4 n=-0.36 o 4L . =2 s0- = s50- 2 504
© 00
a o ® 0 ol o pval = 0.014 Al o A. ® N x *
© 25 50 75 100 40 60 80 100 20 40 60 80 100
CD69* % Total ILCs 254 254 254
@ Healthy OcovID-19+ A Long term COVID-19+ 04 0d o4

FIGURE 1

ILC identification and classification. (A) Schematic illustrating experimental approach. (B) UMAP dimensionality reduction analysis of manually gated ILCs
from COVID-19 patients and healthy control participants. ILCs in UMAPs are colored to show the relative expression of CD127, CD161, CD117 and
CRTH2. (C) Kernel Density Estimation (KDE) of ILC distribution in the UMAPs. The plot represents the density distribution of ILCs from COVID-19 patients
and healthy controls. (D) Frequencies (i.e., percentage of total live cells) of ILCs and ILC subsets from COVID-19 patients were compared with healthy
controls. P-values between two groups of samples were calculated using Wilcoxon rank-sum test. (E) Significant differences in CD69 expression by ILC
subsets from COVID-19 patients compared with healthy controls. (F) Regression analysis showing the inverse association between CD62L* ILCs versus
CD69* ILCs in each sample. (G) Frequencies (i.e., percentage) of CD62L* ILCs from COVID-19 versus healthy controls. Adjusted p-values between two
groups of cells were calculated using Wilcoxon rank-sum test (see methods). For boxplot representation, percentage of cells expressing a given protein

in every sample is shown.

Frontiers in Immunology

03

frontiersin.org


https://doi.org/10.3389/fimmu.2024.1374828
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Kaushik et al.

frequency of both ILCI cells (p = 0.007) and ILC2 cells (p = 0.002;
Figure 1D), also indicated from the kernel density estimation (KDE)
heatmaps of ILCs within the UMAP plot (Figure 1C). Comparison
of LT COVID-19 patients vs non-long-term participants showed
relatively higher frequencies of total ILCs (p=0.001) and a trend
toward higher frequencies of ILC2 and ILCp in LT COVID-19
patients (Supplementary Figures 2C, D). Expression of KLRGI, a
marker of a developmentally transitional stage of ILC2 cells, was
present in a subset of ILC2 cells and ILCp cells as expected and did
not differ significantly between COVID-19 participants and healthy
controls (Supplementary Figures 3A, B). In addition, we also
observed significant increase in the population of CD279 (PD-1)+
ILCs (Supplementary Figure 3C) in COVID-19 participants.
Interestingly, for ILCps, this significant increase in the proportion
of CD279 (PD-1)+ cells is associated with LT COVID-
19 participants.

Among the cell surface protein markers used in our Abseq panel, a
higher relative frequency of expression of the activation marker CD69
was observed in ILC1 (adj. p = 9.3e-10), ILC2 (adj. p = 6.1e-14) and
ILCp (adj. p = 7.9e-5) cells from COVID-19 patients compared with
controls. (Figure 1E). Intriguingly, the increased activation status was
inversely correlated with protein expression of the trafficking molecule
CD62 Ligand (CD62L) (Figures 1F, G), a marker associated with cell
naivety (22) encoded by the gene SELL. CD62L protein expression was
significantly lower in all three ILC subsets in COVID-19 patients,
indicating that these cells were more mature (Figure 1G). The
significant inverse correlation between CD69 and CD62L was most
prominent in ILCI cells (p = 0.002; p = -0.44) as compared to ILC2
(p = 0.014; p = -0.36) and ILCp (p = 0.076; p = -0.31). Although there
was a range of days post COVID-19 RT-PCR positive diagnosis in
which peripheral blood was obtained (Supplementary Figure 4A),
relative frequencies of ILCs expressing CD69 or CD62L were not
associated with days since the PCR visit date. (Supplementary
Figures 4B, C).

Single cell mMRNA expression revealed key
genes differentially expressed in ILC1, ILC2
and ILCp subsets in COVID-19 patients

We investigated transcriptional differences in ILCs from
COVID-19 patients compared with healthy control participants
(Figures 2A, B). The scRNA-seq was performed using BD Rhapsody
multi-modal single cell analysis platform that quantified the
expression of 430 genes. However, the number of genes expressed
(expression > 0) by the gated ILCs varied between 16 to 108.
Supplementary Table S3 shows median, and range of gene count
expressed in different ILC subsets in healthy and COVID-19
individuals. The differential expression analysis revealed a higher
number of genes significantly downregulated than upregulated in
COVID-19 patients in ILC1, ILC2 and ILCp cells (Supplementary
Figure 5), including SELL, IFITM2 and FAM65B. Some genes were
DE in all three subsets, some genes were DE in two ILC subsets, and
other genes were uniquely DE by ILCls, ILC2s, or ILCps compared
with healthy controls, as shown in Figure 2B. Overall, ILC2s from
COVID-19 patients had the highest number of significantly DE
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genes (41 genes, log fold-change > 0.5 and adj.p< 0.05), followed by
ILCls (35 genes) and ILCps (19 genes) (Figure 2B). ILC1 and ILC2
cells had the highest number of shared DE genes (n= 27) in
COVID-19 patients compared to healthy participants. ILC2s
showed 12 unique DE genes not observed in ILC1 and ILCp
cells (Figure 2B).

Within the list of significantly DE genes, interferon-induced
transmembrane protein 2 (IFITM2), FAM65B and SELL were
downregulated in all ILC subsets in COVID-19 patients compared
with healthy controls (Figures 2C, D). IFITM2 was downregulated in
all ILCs: ILCl1s (adj.p = 2.2e-39), ILC2s (adj.p = 2.3e-48) and ILCps
(adj.p = 3.5e-20) (Figures 2A, C, D). Another member of the IFIT
family, i.e., IFITM3, was also significantly downregulated in all ILC
subsets: ILCls (adj.p = 1.7e-31), ILC2s (adj.p = 8.2e-44) and ILCp
(adj.p = 8.7e-20) (Figure 2A; Supplementary Data File 1). Two other
genes, FAM65B, which negatively regulates T cell activation, adhesion
and migration, and SELL, which encodes the trafficking molecule
CDG62L, were also significantly downregulated in all three ILC subsets
of COVID-19 patients compared with controls (Figure 2C, D).
Interestingly, pathway analysis of DE genes in each ILC reveals
several interesting pathways (Supplementary Figure 6), including
pathways related to T-cell activation/co-stimulation, cell adhesion,
immune response regulation and cytokine signaling. Notably, in
ILC2, we also observed pathways specific to “T-cell activation in
SARS-COV-2” and “Thl and Th2 cell differentiation”. Whereas, in
ILCps, we observed pathways related to leukocyte migration and
regulation of cell surface adhesion.

To gain insights if these pathways are associated with patient
with LT COVID-19 symptoms, we performed differential gene
expression analysis of ILCs from LT COVID patients versus
healthy participants (Supplementary Figure 7A; Supplementary
Data File 2). We observed that DE genes in LT COVID patients
were similar to those in the comparison of ILCs from all COVID-19
patients with healthy participants (Supplementary Figure 7B.). Most
of DE genes predicted were conserved across the two different
analyses, including the genes IFITM2, SELL, and FAM65B, which
were also predicted to be significantly downregulated in LT
COVID-19 patients compared with healthy participants. As
expected, enrichment analysis of DE genes predicted with LT
COVID-19 patients versus healthy participants reveals similar set
of pathways related to T-cell activation, cytokine signaling, cell
adhesion and migrations (Supplementary Figure 8). Interestingly,
several pathways were commonly enriched across three ILC
subtypes. Two notable pathways highlighted were “Leukocyte
activation” and “Positive regulation of immune response”.

In a cellular system, two or more genes can co-express together
to form a gene-expression network. Genes that are co-expressed
together tend to be involved in the same biological processes or
pathways. During perturbation such as COVID-19 infection, the
interactions between genes can change as the ILCs responds to the
virus, which can alter their functional role. Differential co-
expression network analysis allows us to compare the networks of
gene interactions in ILCs from COVID-19 patients versus healthy
individuals. Highly connected genes within the differential co-
expression network represent genes that are likely to play
important coordinating roles in the cellular response to COVID-
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FIGURE 2

Genes differentially expressed in ILCs from COVID-19 patients compared with healthy controls. (A) Volcano plots representing DE transcripts in
sorted ILCs from COVID-19 patients and controls. (B) Venn diagram showing the number of DE genes in each ILC subset. We observed 13 DE genes

common to all three ILC subsets from COVID-19 patients relative to healthy controls. (C)

Heatmap depicting mean (scaled) expression of selected

DE genes in COVID-19 patients and healthy controls in each ILC subset. (D) Frequencies (i.e., percentage) of IFITM2*, FM65B* and SELL* ILCs from
COVID-19 patients versus healthy controls. (E). The circos plots representing differential co-expression networks reconstructed for IFITM2, FM65B
and SELL genes in total ILC population. The edges in the plot represents co-expression links significantly different across healthy vs COVID-19 ILCs.
We observed that among IFITM2, FM65B and SELL genes, FAM65 shows highest degree of differentially co-expressed links with other genes.
Adjusted p-values for enumerating DE genes between two groups of cells were calculated using MAST test (see methods). For boxplot

representation, percentage of cells expressing the given gene in every sample is shown.
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19 infection, as their expression is highly correlated with many
other genes only in the COVID-19+ condition. Identifying such
genes provides insights into the key drivers of the host response to
the virus and potential molecular targets for therapeutic
intervention. Therefore, we reconstructed two gene co-expression
cellular networks, i.e. COVID-19 ILCs and healthy ILCs, in which
each network is composed of pair-wise gene interactions among all
the genes available in the total ILCs. Next, we performed differential
analysis of two networks and identified group of genes that changed
their interactions with three DE genes- IFITM2, FAM65B and SELL,
across COVID-19 vs healthy ILC networks. The analysis highlights
that FAM65B shows highest degree of rewiring, which implies that
its differential expression strongly impacts the relationships with
other genes in the ILC network in response to COVID-19 infection
(Figure 2E). Similarly, differential expression of SELL is also
associated with significant rewiring of its interactions with a large
set of genes. Interestingly, both FAM65B and SELL genes commonly
change their interaction with six other genes, including CCR2, CR2,
IL12A, NINJ2, POU2AFI and CD40. Among these, CD40 alters its
interaction with all three DE genes- FAM65B, SELL and IFITM2.
Thus, using this differential network analysis we predict a high
impact of FAM65B differential expression that alters its interactions
with other genes, suggesting its key role in ILCs and COVID-
19 infection.

ILCls, ILC2s and ILCps in COVID-19 patients also
downregulated the gene PIK3API1 (adj.p= 1l.4e-14, 3.5e-16 and
2.7e-06, respectively) (Figures 2A, 3A-C), which encodes a
signaling adapter protein linking the phosphoinositide 3-kinase
(PI3K) signaling pathway to various coreceptors. In contrast to
the genes downregulated in ILCs from COVID-19 patients, we
observed an upregulation of SPOCK2 in ILCl (adj.p = 6.7e-24),
ILC2 (adj.p = 1.2e-37) and ILCp (adj. p = 1.4e-08) (Figure 3A).
Expression of STAT5A (signal transducer and activator of
transcription 5A), a member of the STAT family of transcription
factors important in signal transduction, was upregulated in ILC1,
ILC2 and ILCp cells (adj.p= 2.7e-08, 9.3e-04 and 0.09, respectively),
from COVID-19 patients compared with controls (Figures 3A, C;
Supplementary Data File 1).

Genes differentially expressed in subsets of
ILCs from COVID-19 patients

In addition to genes DE in all ILC subsets in COVID-19
patients, some genes were differentially expressed in specific ILC
subsets. Expression of ITGB7 (integrin subunit beta 7), which
encodes an integrin superfamily member protein that plays a role
in cell migration (23), was significantly downregulated in both ILC1
and ILC2 subsets (adj.p = 7.9e-07 and 8.2e-08, respectively)
compared with controls (Figures 3A, B; Supplementary Data File
1). Expression of ITGB2, another integrin subunit encoding gene,
was also downregulated in ILCls and ILC2s (adj.p = 2.6e-10 and
1.2e-21, respectively) in COVID-19 patients compared with
controls. ILC1 cells from COVID-19 patients upregulated
expression of CD6 (adj.p= 2.3e-06) (Figure 3A), which encodes a
cell surface protein that has been shown to costimulate T cell
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activation and proliferation (24). ILCls also upregulated
expression of RGSI (adj.p= 2.le-13), a regulator of G protein
signaling (Figure 3A). ICAMI (intercellular adhesion molecule 1)
was upregulated in ILC1 (p = 0.0009), ILC2 (p = 0.004) and ILCp
(adj. p = 2.9¢-03) subsets in COVID-19 patients (Figure 3C;
Supplementary Data File 1).

ILC2 cells from COVID-19 patients downregulated the
expression of HPGDS (adj.p = 9.9e-11), which encodes an
enzyme that plays a role in the prostanoid metabolic pathway
(Figure 3B). ILC2s from COVID-19 patients showed upregulated
expression of the genes IL4R (adj.p =8.3e-30) and ICOS (adj.p =
6.2e-05), which play important roles in ILC2 homeostasis and
function, as well as expression of the transcription factor STAT3
(adj.p = 1.4e-03) (Figure 3B), RORA (adj.p = 0.001), important in
development of ILC2 cells, and NAMPT (adj.p = 0.002)
(Supplementary Data File 1). ILCp cells from COVID-19 patients
showed upregulated expression of IL2RA (adj.p = 0.004), IL4R
(adj.p = 2.3e-11) as well as other immune-related genes including
TNFRSF25 (adj.p = 4.2e-03) and CCR7 (adj. p = 7.7e-05), which has
been shown to control the migration of lymphoid cells to inflamed
tissues (25) (Figure 3C).

Next, we attempted to identify the genes that change co-
expression profiles between healthy and COVID-19 patients in
each ILC subset. For each ILC subset, we constructed two co-
expression networks in which each network includes the co-
expression profile between every pair of genes available in our
dataset. This comparative network analysis reveals the edges (i.e.,
co-expression links) with differential profile across healthy vs
COVID-19 patients, i.e., network rewiring (Figure 3D).
Differential co-expression analysis allowed us to predict and
prioritize the genes that can alter their interactions, i.e., functional
relationships, with other genes between healthy versus COVID-19
in each ILC subset. Interestingly in ILC1 cells, ICAMI, PIK3API,
STAT5A, TGFBI and FAM65B genes show the highest degree of
network rewiring across healthy vs COVID-19 correlation
networks. In ILC2, we observed altered co-expression profiles of
IL4R, PIK3API, HPGDS, NAMPT, ICOS and FAM65B. Whereas in
ILCp, the differential network analysis revealed IL2RA, IL4R,
ICAM]1, FAMG65B, CD300A and FCERIG as the most rewired
genes with varying co-expression profiles across COVID-19 vs
heathy co-expression networks.

Identification of ILC specific regulons by
reconstructing gene regulatory networks

To investigate the potential gene expression regulators of the
DE genes observed in the above analyses, we performed SCENIC
analyses to predict TFs and gene target regulatory indications in
the ILC subsets. From our scRNAseq panel we identified 25
regulons (TF genes) to be significantly active in most of the
ILCs. For each TF gene, we calculated AUCell score in each cell
that signifies the active state of the gene in a given cell (Figure 4A).
The binarized AUcell score of 25 TFs in 6250 ILCs highlights the
key TFs active in the given ILCs, especially FOXP1, FOSL1, BCL6,
IRF4 and BACH2. Among these, we found that 8 TFs were also DE
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FIGURE 3

Genes differentially expressed in ILC subsets. (A—C) Boxplots of selected genes with statistically significant differential expression. The y-axis
represents the percentage of cells expressing a given gene in each sample. The p-values were calculated by comparing the scaled gene expression
profile in two groups of ILCs (COVID vs healthy control) using Seurat R package (test used: MAST) at the single cell level. (D) The circos plots
represent differential co-expression networks reconstructed for ILC1, ILC2 and ILCp. The edges in the plot represents co-expression links
significantly different across healthy vs COVID-19 ILCs. Adjusted p-values for enumerating DE genes between two groups of cells were calculated
using MAST test (see methods). For boxplot representation, percentage of cells expressing the given gene in every sample is shown.

(adj. p < 0.05) in at least one of the three ILCs, i.e., GATA3, JKZF1I,
JUNB, JUN, LEF1, RUNX3, STAT3 and STAT6 (Figure 4B).
Downregulation of JUNB and LEFI, and upregulation of
RUNX3 was observed in all three ILC subsets from COVID-19
patients. The TFs JUN and STAT6 were significantly
downregulated in ILC1 and ILC2, respectively. In contrast,
STATS3 is significantly upregulated in both ILC1 and ILC2.

TFs are well known to modulate the expression of their target genes
without necessarily altering their own expression profile. Therefore, we
reconstructed a directed gene regulatory network of TF and their target
genes in ILCs using GRNboost2 and pySCENIC workflow (see
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methods). The network includes both DE and non-DE TFs, which
can potentially regulate the expression of DE target genes. Only 7 out of
25 regulons were found to interact with DE target genes via
GRNboost2 analysis (Figure 4C). These 7 regulons were predicted to
regulate the expression profile of more than 40 genes in all the three
ILCs. In ILC1, we observed 28 DE target genes strongly interacting with
the 7 regulons. Of these, FOSB, JUN and JUNB were found to
significantly regulate the expression profile of a large number of
target genes, including CD69 and HLA-A. We observed a similar
trend in ILC2 and ILCp, wherein FOSB, JUNB and RUNX3 showed the
highest degree of connections with DE target genes.
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SCENIC analysis of regulon identification. (A) Heatmap depicting the binarized AUcell scores of 25 different TFs in ILC1, ILC2 and ILCp. The row represents
TFs (regulons) and column represents ILCs. The ILCs are annotated as per the color bars in the bottom panels of the heatmap. (B) Boxplots of selected TF
genes with statistically significant differential expression. The y-axis represents the percentage of cells expressing a given TF in each sample. The p-values
were calculated by comparing the scaled gene expression profile in two groups of ILCs (COVID vs healthy control) using Seurat R package (test used: MAST)
at the single cell level. (C) The circos plots representing reconstructed gene regulatory networks between TFs and their targets predicted in ILC1, ILC2 and
ILCp cells. The red arc represents the known TFs and blue arc represents differentially expressed target genes. The edges in the plot represents regulatory
interactions between TF and their target genes significantly differentially expressed across healthy vs COVID-19 ILCs. Adjusted p-values for enumerating DE
genes between two groups of cells were calculated using MAST test (see methods). For boxplot representation, percentage of cells expressing the given TF

gene in every sample is shown.

Discussion

We interrogated the transcriptional profile of CD127* ILCs in
peripheral blood of patients who developed asymptomatic to
moderate COVID-19 following SARS-CoV-2 infection using a
multi-omic approach consisting of single-cell RNA sequencing
and Abseq (18). We identified 51 genes significantly differentially
expressed in ILCs from COVID-19 patients compared with
healthy control participants. ILC2s from COVID-19 patients
had the highest number of significantly DE genes compared
with control participants. The most notable DE genes included
a) genes associated with anti-viral responses, b) genes that support
ILC activation, proliferation, and homeostasis. Some of the genes
in each of these categories were DE in ILCls, ILC2s and ILCps,
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while others were DE in one or two subsets, depending on
their function.

COVID-19 patients in our study consisted primarily of mild
cases (n=17 cases), while including some asymptomatic (n=2) and
some moderate (n=3) cases of COVID-19 (Supplementary Table
S1). Previous studies which consisted of moderate and severe
COVID-19 patients observed decreased frequencies of total
CD127" ILC (3, 13), which was especially pronounced in severe
COVID-19 patients and correlated with duration of hospitalization
and severity of inflammation (13, 14). Our study of ILCs from a less
severe cohort allowed in-depth understanding of ILC responses to
infection with SARS-CoV-2, since we did not observe decreased
frequencies of total CD127" ILC in our patients. We found that all
ILC subsets in COVID-19 patients displayed a significantly higher
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frequency of CD69-expressing-cells compared with healthy
controls, accompanied by a decreased frequency of cells
expressing CD62L, as was previously noted for ILC2 and ILCps
in COVID-19 patients (13).

Compared with healthy controls, ILCs from COVID-19 patients
had DE of interferon-inducible genes with recognized anti-viral
properties. We observed an upregulation of SPOCK2, encoding a
complex proteoglycan that binds with glycosaminoglycans to form
part of the extracellular matrix. SPOCK2/Testican2 production is
Induced by interferon-o. produced upon influenza virus infection,
and has been shown to form a protective barrier against infection of
neighboring cells (26). Although interferon-o. produced upon
infection with SARS-CoV-2 may be responsible for upregulation of
SPOCK2, the anti-viral protective mechanism of SPOCK?2 is reported
to involve interaction with neuraminidase, which is absent in SARS-
CoV-2 (27). SPOCK2 is known to be expressed by T cells during anti-
viral responses, but to our knowledge enhanced expression by ILCs
during viral infection has not been documented previously.

Compared with healthy controls, ILC1s, ILC2s and ILCps from
COVID-19 patients downregulated expression of IFITM2 as well as
IFITM3. Although interferon-induced transmembrane proteins
(IFITMs 1, 2 and 3) have been shown to restrict infection by viral
pathogens such as dengue, influenza A and Ebola virus (28), pro-
viral functions of IFITM proteins have been reported for
coronaviruses. SARS-CoV-2 Spike protein was shown to interact
with IFITM proteins and utilize IFITM2 for efficient viral infection,
while depletion of IFITM2 substantially reduced infectious virus
production in vitro (29, 30). These observations suggest that the
downregulation of IFITM gene expression we observed in ILCs
from COVID-19 patients may be a protective mechanism.

Genes that regulate ILC activation, expansion and homeostasis
were differentially expressed in ILCs from COVID-19 patients
compared with healthy controls. ILCls, ILC2s and ILCps all
downregulated FAM65B, a gene which encodes a major target of
FoxOl, a transcription factor that imposes cell quiescence.
Downregulation of FAM65B facilitates T cell activation and
proliferation (31). ILCls, ILC2s and ILCps from COVID-19 patients
upregulated expression of STAT5A, encoding a STAT5 protein which
is activated by and mediates the responses of many cytokines and
growth hormones (32). ILC2s upregulated expression of ICOS, which
plays a critical role in ILC2 homeostasis and function (33). ICOS:
ICOS-Ligand interaction promotes survival of ILC2s and type 2
cytokine production through signaling mediated by STATS5. ILC2s
and ILCps from COVID-19 patients, which contain precursors of
ILC2s, upregulated the IL4R, which by binding IL-4, promotes ILC2
proliferation and enhances production of IL-4 and IL13 (21, 34).
ILC2s upregulated RORA, encoding the transcription factor RAR-
related orphan nuclear receptor alpha, which is required for
development of ILC2s (35). ILCps upregulated expression of IL2RA,
the gene encoding the IL-2 receptor alpha chain, which by binding IL-
2, could promote expansion of ILCps and potentiate the effects of
other cytokines on ILCps. ILCls upregulated expression of RGSI,
encoding a member of the regulator of G-protein signaling family that
attenuates the signaling activity of G-proteins (36). ILC1s upregulated
expression of CD6, encoding the cell surface protein CD6, which by
interaction with the adhesion molecule CD166 stimulates and
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supports T cell activation (24, 37), although negative influences of
CD6 on T cell activation have also been reported (24). ILCls
upregulated TGFBI, which encodes a secreted ligand of the TGFf
family with potent anti-inflammatory functions. TGF-B, a pleiotropic
cytokine which is often upregulated in infection or inflammatory
conditions, regulates cell proliferation, differentiation and homeostasis
of effector and regulatory T cells as well as other immune cells (38).

Expression of ICAM1I, encoding an adhesion molecule that is the
major human rhinovirus receptor, was upregulated in all ILC subsets
from COVID patients compared with controls. ICAM-1 is a cell surface
glycoprotein upregulated by endothelial, epithelial and immune cells in
response to inflammation (39), which when expressed by T cells can
deliver a costimulatory signal leading to T cell activation (40). ICAM-1
expressed by activated ILC2s has been shown to have a significant effect
on ILC2 activation, proliferation and cytokine secretion, but is not
required for ILC2 migration to the lung (41).

Other genes DE in COVID-19 patients compared with controls
were involved in lymphocyte migration. ILC1 and ILC2 subsets
downregulated expression of ITGB7 (integrin subunit beta 7),
which encodes the B chain of a member of the integrin superfamily
of adhesion receptors that play a role in leukocyte adhesion and
function in cell signaling (42). ILC2s also downregulated expression
of ITGB2, another integrin subunit coding gene. ILCps in COVID-19
patients upregulated CCR7 gene expression compared with controls.
CCR?7 encodes a receptor which is a key regulator of lymphoid cell
migration to inflamed tissues and secondary lymphoid organs (25,
43). Interestingly, CCR7 was initially identified as a gene induced on
lymphoid cells by Epstein-Barr virus (EBV) infection.

Differential expression of transcription factors in COVID patients
compared with healthy controls was also observed. As noted above,
STAT5A was upregulated in all ILC subsets. The STAT3 gene encoding
transcription factor STAT3 was upregulated in ILC1s and ILC2s from
COVID-19 patients. Studies suggest that hyperactivated STAT3 is key
to pathology observed in COVID-19 patients, since STAT3 acts in a
positive feedback loop with plasminogen activator inhibitor (PAI-1)
leading to coagulopathy characterized by intravascular thrombi (44).

In summary, this study provides an in-depth probe of genes DE in
ILCs from COVID-19 patients compared with control participants.
ILCs were not depleted in our patient samples, which were obtained
primarily from patients with mild disease. The DE analysis showed
that ILCs from COVID-19 patients differed transcriptionally from
those of healthy control patients. Interestingly, although some genes
were DE uniquely by one or two ILC subsets, many of the most
significant DE genes observed were DE in common by all the subsets
examined (ILCI, ILC2 and ILCp). These included IFITM2 and
IFITM3, IFIT family members which play a role in viral infection
and SPOCK2, upregulated upon virus infection and recognized as
protective against influenza infection. Other genes significantly DE by
COVID-19 patients were genes that favored ILC homeostasis,
activation, and expansion. Taken together, the genes DE in COVID-
19 compared with healthy participants suggest that ILCs in PB of
COVID-19 patients are activated, expanding and mobilized in
response to SARS-CoV-2 infection. The findings were consistent
when comparing ILCs from healthy participants with those from
long-term COVID-19 participants. Additionally, we observed shared
biological processes and commonly coordinated dysregulation across
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all three ILC subtypes, indicating a concerted effort to mount an
immune response against SARS-CoV-2.

This study also had some limitations. The number of genes
analyzed in the multimodal single cell panel was limited to 430, so
the differentially expressed genes and enriched pathways may not
fully represent all affected biological processes in each ILC subset.
Additionally, with only 430 genes, differentially expressed
transcriptional targets of predicted transcription factors could not
be identified comprehensively.

Materials and methods

Study participants, blood draws
and processing

Participants were recruited as described previously (45) from
adults who had a positive SARS-COV-2 RT-PCR test at Stanford
Health Care (NCT04373148). Collection of Covid samples occurred
between May to December 2020. The cohort used in this study
consisted of asymptomatic (n=2), mild (n=17), and moderate (n=3)
COVID-19 infections, some of whom developed long term COVID-19
(n=15). The clinical case severities at the time of diagnosis were defined
as asymptomatic, moderate or mild according to the guidelines
released by NIH (46). Long term (LT) COVID was defined as
symptoms occurring 30 or more days after infection, consistent with
CDC guidelines (47, 48). Some participants in our study continued to
have LT COVID symptoms 90 days after diagnosis (n=12). Exclusion
criteria for COVID sample study were NTH severity diagnosis of severe
or critical at the time of positive covid test. Samples selected for this
study were obtained within 76 days of positive PCR COVID-19 test
date. Healthy controls were selected who had sample collection before
2020. Informed consent was obtained from all participants. All
protocols were approved by the Stanford Administrative Panel on
Human Subjects in Medical Research. Peripheral blood was drawn by
venipuncture and using validated and published procedures (49),
peripheral blood mononuclear cells (PBMCs) were isolated by Ficoll-
based density gradient centrifugation, frozen in aliquots and stored in
liquid nitrogen at -80°C, until thawing. A summary of participant
demographics is presented in Supplementary Table SI.

ILC Enrichment, single cell captures for
Abseq and targeted mRNAseq

PBMC samples from 22 COVID-19+ patients and 25 healthy
individuals were thawed, and each sample stained with Sample Tag
(BD #633781) at room temperature for 20 minutes. Samples were
combined in healthy control or COVID-19 tubes. Cells were surface
stained with a panel of fluorochrome-conjugated antibodies
(Supplementary Table S2) in buffer (PBS with 0.25% BSA and 1mM
EDTA) for 20 minutes at room temperature prior to immunomagnetic
negative selection for ILCs. Following ILC enrichment using the
EasySep human Pan-ILC enrichment kit (StemCell Technologies
#17975), cells from healthy and COVID-19 recovered participants
were counted and normalized before combining. ILCs were sorted
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using a BD FACS Aria at the Stanford FACS facility prior to incubation
with AbSeq oligo-linked mAbs (Supplementary Figure 1A;
Supplementary Table S4). The flow gating for sorting ILCs was kept
lenient (bigger gates were used) as the number of ILCs are smaller in
peripheral blood (1-2%), this was done to ensure so that we capture
most of ILCs, even if gating extend to capture other cell population (e.g.
B cells). These contaminations were later removed using the Abseq
gating (see below) to keep specific ILC population. Sorted cells were
processed by the Stanford Human Immune Monitoring Center (HIMC)
using the BD Rhapsody platform (19). Library was prepared using the
BD Immune Response Targeting Panel (BD Kit #633750) with addition
of custom gene panel reagents (Supplementary Table S5) and sequenced
on Illumina NovaSeq 6000 at Stanford Genomics Sequencing Center
(SGSC). ILCs were identified as Lineage™® (CD3"¢, CD14"¢, CD34",
CD19"°8), NKG2A"®, CD45" and ILCs further defined as
CD127°CD161" and as subsets: ILC1 (CD117"°¢CRTH2"®), ILC2
(CRTH2") and ILCp (CD117"*CRTH2"®) (Supplementary Figure 1B).

Computational data analysis

The above multi-modal setup allowed paired measurements of
cellular transcriptome and cell surface protein abundance. The ILC1,
ILC2 and ILCp cells were manually gated based on the abundance
profile of CD127, CDI117, CD161 and CRTH2 (Supplementary
Figure 1B). Before the integrative analysis, the complete multi-
modal single cell dataset containing ILC subsets was converted into
single Seurat object. All the subsequent protein-level and gene-level
analyses were performed using multimodal data analysis pipeline of
Seurat R package version 4.0 (50). The normalized and scaled protein
abundance profile was used for estimating the integrated harmony
dimensions using runHarmony function in Seurat R package
‘batch’). The batch
corrected harmony embeddings were then used for computing the

(reduction= ‘apca’ and group.by.vars =
Uniform Manifold Approximation and Projection (UMAP)
dimensions to visualize the clusters of ILC subsets. Differential
marker analysis of surface proteins, between two groups of cells
(COVID-19 and Healthy cohort), from abseq panels was computed
with normalized and scaled expression values using FindMarkers
function from Seurat R package (test.use=‘wilcox’). Similarly,
differential gene expression was performed on normalized and
scaled gene expression values from between two groups of cells
(COVID-19 and Healthy cohort) using the FindMarkers function
from Seurat R package (test.use=MAST’ and latent.vars="batch’).
Genes with log-fold change > 0.5 and adjusted p-value < 0.05
(method: Benjamini-Hochberg) (51) were considered as significant
for further evaluation. The resulting adjusted p-values box-plots were
plotted using ggplot2 R package (version 3.4.2) (52) after computing
the number of cells expressing a given protein or gene in each sample.
Pathway enrichment analysis of DE genes was performed using web-
server metascape (version 3.5) (53). The AUCells score and gene
regulatory network analysis was performed using pySCENIC pipeline
(version 0.12.1) (54). Gene regulatory network was reconstructed
using GRNBoost2 algorithm (55) and the list of TFs in humans
(genome version: hg38) were obtained from cisTarget database.
(https://resources.aertslab.org/cistarget) (56). Cellular enrichment
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(aka AUCell) analysis that measures the activity of TF or gene
signatures across all single cells was performed using aucell
function in pySCENIC python library. The ggplot2 R package
(version 3.4.2) was used for boxplot visualization. The differential
gene co-expression analysis was performed using scSFMnet R
package which uses single cell gene count matrix as input and
reconstruct condition specific (COVID-19+ and healthy) gene
interaction network (57). The approach not only allowed us to
build co-expression networks using discrete single cell dataset, but
also allowed us to compare two networks using (default parameters).
The outcome of this analysis was a differential co-expression network
containing only the gene-gene interactions that significantly differed
between ILCs of COVID-19+ versus healthy participants. Here, four
differential network were reconstructed using the gene expression
profile of either total ILCs or ILC1 or ILC2 or ILCp. Circular plots
were generated using the R package circlize (version 0.4.15) (58).
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