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1 | INTRODUCTION

Coronavirus disease 2019 (COVID-19), a global pandemic caused
by severe acute respiratory syndrome coronavirus 2 (SARS-
CoV-2), has been diagnosed in more than 284 million people
globally, with 5.4 million deaths since December 2019 (data on
December 30, 2021). Although a serious risk at any age, SARS-
CoV-2infection is particularly debilitating and deadly for aged pa-
tients, defined in this study as 65 years and older (Channappanavar
& Perlman, 2020; Clay et al., 2014; Davies et al., 2020; O'Driscoll
et al., 2021). The molecular basis of this aging-related vulnerabil-
ity is an important area of investigation as it is currently poorly
understood.

Impaired and dysregulated host immunities, including both
innate and adaptive immunities, have been hypothesized as
age-based factors in COVID-19 disease severity (Brodin, 2021;
Channappanavar & Perlman, 2020). Compared to younger individu-
als with COVID-19, aged individuals show disrupted antigen-specific
adaptive immunity to SARS-CoV-2, such as reduced coordination of
CD4-CD8 T-cell responses (Rydyznski Moderbacher et al., 2020). In
addition, aged individuals typically produce a less robust type | in-
terferon (IFN) response to flu virus infections (Molony et al., 2017),
indicating compromised cellular antiviral defense in innate immu-
nity. Indeed, 13% of aged patients with life-threatening COVID-19
display inborn errors in autoantibodies against type | IFN immu-
nity (Bastard et al.,, 2020). In addition, aberrant immunosenes-
cence and inflammation also play crucial roles in age-medicated
COVID-19 morbidity and mortality (Domingues et al., 2020). For
example, senescent cells become hyper-inflammatory in response
to pathogen-associated molecular patterns, and senolytics reduce
COVID-19 mortality in aged mice (Camell et al., 2021). Based on
these findings, we sought to systematically identify whether there
are specific immuno-inflammatory determinants that promote age-
associated COVID-19 severity.

COVID-19 severities. We identified the reduced abundance of naive CD8 T cells with
decreased expression of antiviral defense genes (i.e., IFITM3 and TRIM22) in aged se-
vere COVID-19 patients. Older individuals with severe COVID-19 displayed type | and
Il interferon deficiencies, which is correlated with SARS-CoV-2 viral load. Elevated
expression of SARS-CoV-2 entry factors and reduced expression of antiviral defense
genes (LYSE and IFNAR1) in the secretory cells are associated with critical COVID-19 in
aged individuals. Mechanistically, we identified strong TGF-beta-mediated immune-
epithelial cell interactions (i.e., secretory-non-resident macrophages) in aged individu-
als with critical COVID-19. Taken together, our findings point to immuno-inflammatory
factors that could be targeted therapeutically to reduce morbidity and mortality in
aged COVID-19 patients.

aging, cellular immunology, COVID-19, molecular biology of aging, SARS-CoV-2

2 | RESULTS

2.1 | Severe outcomes in aged COVID-19 patients
To begin, we investigated the prevalence of COVID-19 disease
among different age groups with 9 months of data collection.
Analysis of U.S. Centers for Disease Control (CDC) epidemiological
data from March to December 2020 (Tables S1-S3) revealed that
80.5% of fatal cases occurred in aged patients. Strikingly, this rate
was 4.1 times higher than in 18-64 years old (19.5%), and 1653
times higher than in 0-17 years old (0.05%, Figure 1a). Fatality
prevalence was influenced by sex in both older and younger groups
(Figure 1b). Interestingly, we found that average fatal percentage in
aged COVID-19 patients is 16% higher than that of influenza (Flu)
(Table S2), indicating that COVID-19 is more hazard for aged indi-
viduals than Flu.

Next, we used odds ratio (OR) adjusted for confounding factors
to further evaluate the association between aging and four types
of COVID-19 outcomes: hospitalization, intensive care unit (ICU)
admission, ICU mechanical ventilation, and death. Specifically, we
analyzed sex- and race-adjusted OR values in 3,417,930 COVID-
19-positive cases (n = 2,369,919 in young individuals, 20-49 years
old) and n = 1,048,011 in aged individuals (>60 years old) (see
Method; Table S3) from the U.S. CDC database. Here, aged individ-
uals showed significantly increased likelihood of COVID-19-related
hospitalization (OR = 9.07, 95% confidence interval [Cl] 9.99-9.15;
Figure 1c), ICU admission (OR = 9.24, 95% Cl 9.01-9.48), and death
(51.15, 95% Cl 49.86-52.47; Figure 1c).

To further account for disease comorbidities, we next computed
OR across different age groups using a large COVID-19 registry da-
tabase with 12,651 aged (265 years) and 32,426 younger individuals
(20-55 years old) (Figure 1c, Table S4, see Methods). Specifically,
we tested the OR Model-2, which is adjusted for sex, race, smok-

ing, and five common disease comorbidities (Guan et al., 2020; Yang,
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FIGURE 1 Epidemiological data analysis between aged and younger COVID-19 patients. (a) The percentage of fatal cases of COVID-19
and flu across three age groups. Data source from U.S. CDC. The upper panel shows the percentage of fatal cases of COVID-19 in the United
States. Each dot in the boxplot represents one state. The lower panel shows the percentage of fatal cases of flu from 2010 to 2020. Each

dot in the boxplot represents one flu season. Statistical p-value was computed by two-tailed paired t test. For details about CDC dataset,
see Tables S1 and S2. (b) Sex differences in the percentage of fatal cases of COVID-19 across three age groups. (c) Odds ratio (OR) analysis

of U.S. CDC and COVID-19 registry datasets. U.S. CDC dataset, “Younger” is defined as 20 to 49 years of age (n = 2,369,919), and ‘aged’ is
defined as >60 years old (n = 1,048,011); COVID-19 registry dataset, “Younger” is defined as 18 to 55 years of age (n = 12,651), and ‘aged’ is
defined as 265 years old (n = 32,426). OR >1 indicates aged COVID-19 patients with increased likelihood of hospitalization, ICU admission,
and death. Two colors denote OR models with different adjusted confounders. Features of the COVID-19 registry dataset are shown in Table
S3. (d) and (e) Boxplot show the lab testing values of five inflammatory markers between aged (>65 years, n = 1405) and younger (18 to

55 years, n = 970) individuals. Adjusted p-value [g] was computed by Mann-Whitney U test with Benjamini-Hochberg (BH) multiple testing
correction
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Zheng, et al., 2020) (hypertension, diabetes, coronary artery disease

[CAD], asthma, chronic obstructive pulmonary disease [COPD],
and emphysema). Here, we again found that aged individuals had
significantly greater likelihood of COVID-19-related hospitalization
(OR = 3.10, 95% Cl 2.55-3.77), ICU admission (OR = 2.39, 95% Cl
1.78-3.22) (Figure 1c), and death (OR = 40.35, 95% Cl 19.80-82.24).
Subsequent Kaplan-Meier analysis further revealed an elevated
cumulative hazard for hospitalization (p < 0.0001, log-rank test;
Figure S1a), including longer duration of hospitalization (average du-
ration = 8.9 days; p = 1.4 x 102>, Mann-Whitney U test; Figure S1b),
in COVID-19 patients. Taken together, our findings confirm an ele-
vated likelihood of severe outcomes in aged COVID-19 patients has
compared with younger patients, even when adjusted for all possible

confounding factors.

2.2 | Elevated inflammatory responses in aged
COVID-19 patients

As severe COVID-19 patients have been reported to have lower
lymphocyte count (Yang, Liu, et al., 2020) and higher C-reactive
protein (CRP) (Manson et al., 2020), we examined the Cleveland
Clinic COVID-19 registry for differences in inflammatory biomark-
ers as a function of aging. Here, we found lower peripheral lympho-
cytes (adjusted p-value [q] <2.0 x 107, Mann-Whitney U test with
Benjamini-Hochberg multiple test correction; Figure 1d) and higher
circulating neutrophils in hospitalized aged COVID-19 patients
(g = 0.004; Figure 1d), compared with younger patients. We also
found that the neutrophil-lymphocyte ratio (NLR), a marker of sys-
temic inflammation (Cai et al., 2021), was elevated in aged COVID-19
patients (g < 2.0 x 107%; Figure 1d). In addition, the inflammatory
markers D-dimer (g < 2.0 x 107¢; Figure 1e) and C-reactive peptide
(CRP) (g = 2.7 x 107%; Figure 1e) were also significantly increased
in hospitalized aged patients compared with hospitalized young
COVID-19 patients. Those findings motivate us to inspect hetero-
geneities of immune cells using large-scale immune cell phenotypic
profiles and single-cell transcriptomics datasets under a multimodal

genomic analytic framework.

2.3 | Elevated pro-inflammatory cytokine
expression in aged COVID-19 patients

We next examined peripheral immune cell profiles (Takahashi et al.,
2020) of hospitalized aged and younger COVID-19 patients by que-
rying a publicly available dataset of 12 major immune cell types (%
peripheral blood mononuclear cells [PBMCs]) and 32 T-cell sub-
types (% CD3, Table S5, see Methods). All markers and cell type/
subtype definitions are provided in the original study (Takahashi
et al., 2020). There was no difference in abundance of the major im-
mune cell types (e.g., T cells, B cells, natural killer cells, and plasma-
cytoid dendritic cells [pDC]) between aged and young hospitalized
COVID-19 patients, including those in the ICU (Figure 2a,c and
Figure S2a). However, both young and aged COVID-19 patients with
ICU admission had a lower proportion of T cells (younger, g = 0.001;
older, g = 0.003) and pDC (younger, g = 0.009; older, g = 0.004)
(Figure 2a,c), as well as an elevated proportion of non-classic mono-
cytes (ncMono) (younger, g = 0.003; older, g = 0.014; Figure 2c),
compared with non-ICU patients. Further analysis of deep pheno-
typing T-cell data revealed significantly fewer naive CD8 T cells in
hospitalized aged COVID-19 patients (g = 1.7 x 10™'%; Figure 2b,d).
Naive CD8 T-cell-mediated homeostasis is an important component
of antiviral defense (Kaech & Cui, 2012), and the naive CD8 T-cell
receptor repertoire is negatively correlated with age in COVID-19
patients (Ren et al., 2021). Thus, reduced abundance of naive CD8 T
cells may be associated with COVID-19 severities in aged individuals.

We next turned to investigate the ratio of naive vs. other T-
cell subsets and natural killer T (NKT) vs. natural killer (NK) cells
(Figure 2e). We found that the ratio of CD8 naive T cell with multiple
CD8 T-cell subsets was significantly decreased in aged ICU individ-
uals compared with younger patients (Figure 2e). The ratio of CD8
naive T cell with memory CD8 T cell (Tem and Tcm) was significantly
reduced in aged COVID-19 patients in both ICU and non-ICU. In
particular, the ratios of CD8 naive T cell with PD1-TIM3-CD8 T cell
and CD38-HLA-DR CD8 T cell were significantly decreased in aged
COVID-19 patients compared with younger patients in ICU, not in
non-ICU. The gene PD1 and TIM3 are makers for CD8 T-cell exhaus-

tion, and an elevated PD1 in exhausting T cells was highly associated

FIGURE 2 Deep immune-profiling of aged and younger patients with COVID-19. (a) and (f) Scatterplots show the differential immune cell
type (a) and cytokines (f) between ICU (n = 39 samples, aged n = 26, younger n = 13) versus non-ICU (105 samples, aged n = 68, younger

n = 37) COVID-19 patients. The cell flow and cytokine profiling datasets were collected from a recent study (Takahashi et.al, 2020) (see
Method). Y-axis and X-axis show the log2(Fold Change [FC]) in younger and aged subpopulations. The pairwise comparison group is ICU vs.
non-ICU patients with COVID-19. Solid green dots denote significantly different cell types or cytokines in both younger and aged patients.
Solid blue and orange dots denote significantly different cell types or cytokines in younger and aged patients, respectively. (b) and (g)
Scatterplots show the differential immune cell type (b) and cytokines (g) in aged (n = 94 samples) versus younger (50 samples) COVID-19
patients. Y-axis and X-axis show the log2FC in ICU and non-ICU subpopulations. The pairwise comparison group is aged vs. younger patients
with COVID-19. Solid red dots denote significantly different cell types or cytokines in both ICU and non-ICU patients. Solid purple dots
denote significantly different cell types or cytokines in non-ICU patients. (c) The abundance of major immune cell types in PBMC and (d)
subtypes of CD8+ T cells in all CD3-positive cells. Statistical adjusted p-value (q) was computed by Mann-Whitney U test with BH multiple
testing correction (e) Heatmap showing the ratio of naive vs memory lymphocytes. Gradient color indicated the log2 fold change in average
ratio between aged and younger in non-ICU or ICU subgroup, respectively. Black circle indicates g < 0.05. (h) The abundance of four
cytokines changes between younger and aged COVID-19 patients in hospital, ICU, and non-ICU groups
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with severe COVID-19 (Neidleman et al., 2021). CD38 and HLA-DR
are markers for CD8 T-cell activation, and an accumulated activation
of HLA-DR is associated with severe COVID-19 (Neidleman et al.,
2021; Quinn et al., 2018). Altogether, reduced ratio of naive CD8 T
cells and CD8 memory T cell in severe COVID-19 (Figure 2e) could

be explained by non-specific memory T-cell activation and dysfunc-
tional immune responses (de Candia et al., 2021) in aged individuals.
Yet, the ratio of CD4 naive T cells with other CD4 T sub-cell type
and NKT with NK has no significant difference between aged and
younger patients in both ICU and non-ICU.

Next, we compared the plasma profile of 71 cytokines and
chemokines (Takahashi et al., 2020) between hospitalized aged
and younger COVID-19 patients (Table S5). Historically, increased
IL-6, IL-8, IL-10, and IL-27 levels have been associated with severe
COVID-19 (Del Valle et al., 2020; Lu et al., 2021). Here, we found
that elevated expression of IL-8 (also named CXCL8) and IL-27 in
aged COVID-19 patients (g = 0.013; Figure 2h). As IL-8 is a pro-
inflammatory cytokine via recruiting and activating neutrophils
(Bickel, 1993), its elevation is consistent with our previously noted
elevated neutrophil count and NLR in hospitalized aged COVID-19
patients (Figure 1d). Furthermore, younger, but not aged, COVID-19
ICU patients also showed elevated IL-10 (Figure 2h), a key feature of
cytokine storm (Huang et al., 2020; Zhao et al., 2020). In addition,
elevated IL-6 was observed in both younger (g = 0.020) and aged ICU
patients, (g = 0.002), compared with non-ICU patients (Figure 2h).
Altogether, severe COVID-19 patients show distinct age-related cy-
tokine profiles: (a) Aged COVID-19 patients in hospitalization have
elevated level of IL-6, IL-8, and IL-27, while (b) younger patients with
ICU have elevated IL-6 and IL-10 expression. These results indicate
that heterogeneous inflammatory cytokine expression between
aged and younger COVID-19 patients may mediate age-related hos-

pitalization and ICU admission.

2.4 | Reduced naive CD8 T cells in aged severe
COVID-19 patients

Because we observed loss of CD8 naive T cells and T effector mem-
ory cells in hospitalized aged COVID-19 patients (Figure 2 b, d), we
examined a publicly available single-cell transcriptomic dataset of
CD8T cells from 25 severe/critical COVID-19 patients (aged n = 12;
younger n = 13) (Stephenson et al., 2021) in order to search for
aging-related molecular mechanisms in a cell type-specific manner.
Uniform Manifold Approximation and Projection (Becht et al., 2019)
(UMAP) analysis revealed five distinct CD8 sub-clusters (Figure 3a
and Figure S3) based on biomarkers provided from the original lit-
erature (See Method, Stephenson et al., 2021), including naive CD8,
T central memory (Tcm), Tem, CD8 proliferation, and CD8 terminal
effector T cell (also designated as TEMRA, Thome et al., 2014). We
found that aged and younger patients with severe COVID-19 showed
age-dependent immune pathway profiles across five CD8 subtypes.
For example, type | and Il IFN signaling showed decreased effect in
CD8 naive T cells, CD8 Tem, and CD8 proliferation T cells isolated

from PBMC in aged severe COVD-19 patients, not in younger pa-
tients (Figure 3b). In addition, the antigen processing and presenta-
tion pathway showed decreased effectin CD8 Tem and CD8 TEMRA
in aged patients as well. Our finding indicates that type | and Il IFN
signaling and antigen processing and presentation pathways are
age-related immune pathways associated with COVID-19 disease
severity. Yet, Th17 cell differentiation pathway of CD8 TEMRA and
exhaustion consensus of CD8 T proliferation cells were activated in
both aged and younger patients with severe COVID-19.

We next turned to investigate the molecular network in CD8
naive T cells. Comparing to severe young COVID-19 patients, up-
regulated genes (g < 0.05, log-fold change >0.1) in CD8 naive T cells
from aged patients formed a network module (the largest connected
component) in the human protein-protein interactome (Figure 3c).
This age-specific network module was significantly enriched in sev-
eral pathways, including apoptosis (g = 0.013), human T-cell leukemia
virus 1infection (g = 0.013), and TNF signaling (q = 0.014; Figure 3c).
In particular, the apoptosis gene cathepsin D (Cocchiaro et al., 2016)
(CTSD) was highly expressed in naive CD8 T cells from aged severe
COVID-19 patients (q < 2.0 x 107%). Down-regulated genes, such
as interferon-stimulated genes IFITM3 and TRIM22, in CD8 naive T
cells from aged COVID-19 patients were enriched in type | and Il IFN
signaling pathways (Figure 3c). In addition, the transcription factor
STAT1, an important downstream factor in type | and Il IFN signaling
pathways (Hu & Ivashkiv, 2009), was down-regulated in CD8 naive
T cells in aged COVID-19 patients (Figure 3c). Notably, the SARS-
CoV-1 NSP1 protein impedes type | and Il IFN signaling (Matsuyama
et al., 2020) by attenuating STAT1 phosphorylation (Wathelet et al.,
2007). Thus, IFN deficiencies in CD8 naive T cells may contribute to
increased severity of COVID-19 disease in aged patients.

2.5 | Interferon deficiencies correlate with SARS-
CoV-2 viral load in aged patients

To further investigate the relationship between viral load and
COVID-19 disease severity, we analyzed bulk RNA-seq data from
nasopharyngeal samples (Lieberman et al., 2020) (see Methods).
Consistent with our findings in naive CD8 T cells, expression levels
of IFNa genes (IFNA1, IFNA5, IFNA7, and IFNA8) were significantly
decreased in aged patients with high viral load (Figure 4a). In addi-
tion, the expression of IFNG was decreased in aged patients with low
viral load (Figure S4a). Notably, we found that the IFN-stimulated
antiviral genes (Sadler & Williams, 2008), including IFIT1 and OAS1
(2'-5'-oligoadenylate synthetase 1), were down-regulated in aged pa-
tients with a higher viral load (Figure 4b). Next, we performed gene
set enrichment analysis (GSEA, see Methods) for differentially ex-
pressed genes in aged vs. younger individuals with a higher viral load
and found downregulation of genes in the innate immune pathways
(q < 0.05; Figure 4b) of RIG-I like receptor signaling, Toll-like recep-
tor signaling, and NOD-like receptor signaling in aged COVID-19
patients. RIG-I-like receptors senses SARS-CoV-2 RNA and sub-
sequently type | IFN production (Onomoto et al., 2010); however,



HOU ET AL. . 7 of 18
Aging ¢!/ “wiLEy-L7*®
s Q A &
Y
(@) (b) WO < &Y q).‘\e}'z’
i~ & QOQ/ A
O O o\ Q¢
CcCD8T: Antigen processing and presentation{ « @ @ ° e o . ® o o
Proliferation B cell receptor signaling pathway{ « @ ¢ o - o 00 - -
{2 ) i Hematopoietic cell lineage{ ¢ ° ® - e - @ - e @
Intestinal immune network for IgA{ =« @ @ o . . o o
: Natural killer cell mediated cytotoxicity{ « @ o o e o @ - e @
e T cell receptor signaling pathway1 ® @ ¢ e @ - @® - @
: Th1 and Th2 cell differentiation{ « ® @ ®@ ® ©¢ O ® -+ ©
Th17 cell differentiation] -« ® © ® ®© ¢ @ O =+« ©
: v Apoptosis{® @ + @ « @ <+ @ =+ ©
dhe A Cellcycle1 @ e o o @ oo o @ o
CD8 TEMRA Cellular senescence] ¢ e @ o @ o o o o
Exhaustion Consensus{ @ -« @ - e 00 00
« TNF signaling pathway{ « © e @ e @ - @ ° o
Type | and Il IFN signalinggenes {@ = @ ® =+ = @ - @ -
& Human T cell leukemia virus 1 infecton{ * @ © @ e ©¢ © ® © -
= InfluenzaA{ » » ® @ e o @ @ @ -
=} Viralresponse{ « « @ ® + - ©Q @ -
UMAP_1 Oxidative phosphorylation - _.'_ e @ o @ o —..- o @ o
s S S < S S < SR N - S N o
& S F S F
S S S S S
400 e ~\0\} ¥ 400 Aa ~k°° b 40" 5
overlap %  —10g,,(a)
e 0 10.0
© Up- regulated/ ®s 75
D TUBA1A :
TUBA4A
- ‘é % % @® 10 5.0
{ 1
w ‘ 3 2.5
O protein Oq<0.05 0.0

O drug target
G pathway

~Hi
Ileuke Irus 1
—— protein-protien
—» protein-pathway

ATM
ANAPC13

Down-regulated

ANAPC11
~ell cycle ATP5MF
CDK4  Cell cycle ATPSPE

““RRKDC ATPSFIE (-

HDAC2 | NDUFB1 | / /
RBX1 & —
MT2A T LNDUE

UBE2L6 | IF144L IFITM3 NDUFBZ

NDUFAB1

Typel&ll »~
IFN si ng__ O%‘xnda‘tlva/ _—
RNF213- A \ = phosphorylationrpwm

ATP5ME

xapy” EIF2AK2 | BST2 s
UQQR1 0

NDUFAT

TRIM22 NDUFA3
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SARS-CoV-2 has evolved several mechanisms to blunt IFN induction,

including the direct targeting of MDAS5 (melanoma differentiation-
associated protein 5), a RIG-I-like receptor, by the viral papain-like
protease (PLpro) (Liu et al., 2021). Furthermore, IFN potently inhib-
its IL-8 expression (Aman et al., 1993) in viral infection, and we also
showed that aged COVID-19 patients with high viral load exhibit
elevated plasma IL-8 (p = 0.005, Mann-Whitney U test; Figure 4c).
Notably, up-regulated genes in aged patients with high viral load
were not enriched in immune pathways (Figure 4b and Figure S4b),
indicating decreased immune ability in response to SARS-CoV-2 in-
fection. Taken together, our data show that IFN deficiency is associ-
ated with elevated SARS-CoV-2 viral load in aged patients.

2.6 | Age-dependentincreased expression of
SARS-CoV-2 entry factors

We next investigated age- and cell type-specific expression of
SARS-CoV-2 entry factors using a single-cell RNA-sequencing data-
set (Chua et al., 2020) (scRNA-seq, see Methods) from nasal tissue
of critical (n = 11) and moderate COVID-19 patients (n = 8, see
Methods). In total, the scRNA-seq dataset contained 115,895 cells
across 15 well-annotated cell types within two main cell populations:
epithelial cells (six cell types) and immune cells (nine cell types).

We found that secretory and ciliated cells in aged COVID-19
patients display reduced abundance of angiotensin-converting
enzyme-2 (ACE2), a key SARS-CoV-2 docking receptor (Yan et al.,
2020) (Figure 4d). However, the more recently identified SARS-
CoV-2 docking receptor basigin (Wang et al., 2020) (BSG or CD147)
was expressed in 95% of secretory cells in aged patients with crit-
ical COVID-19 (Figure 4d and Table Sé); furthermore, BSG and
CD147 showed elevated expression in Treg (regulatory T cell) and
CD8T cells (Figure 4d) as well. We also found that the S protein prim-
ing proteases TMPRSS2 (Hoffmann et al., 2020) and FURIN (Zhao
et al., 2020) were highly expressed in epithelial cells in critical and
moderate COVID-19, with no differences between aged and young
patients (Figure 4d and Table Sé). However, FURIN levels were in-
creased in several immune cell types, including Treg and CD8 T cells,
in aged patients with critical COVID-19 (Figure 4d). Taken together,
our results suggest that elevated expression of two SARS-CoV-2
factors (BSG and FURIN) in Treg and CD8 T cells may contribute to
the increased susceptibility of aged patients to COVID-19.

2.7 | Increased immune-epithelial cell interactions
in aged COVID-19 patients

To further investigate the immunological mechanisms underlying
age-associated COVID-19 outcomes, we performed Gene-set en-
richment analysis (GSEA) to explore transcriptomic signatures on 22
immune pathways across 15 cell types derived from nasal tissue (see
Methods). Here, we observed distinct immune responses between
older and younger individuals with critical or moderate COVID-19
(Figure Sé) in epithelial and immune cell types. We further used
CellphoneDB (Efremova et al., 2020) to quantify ligand-receptor
interactions between epithelial and immune cells and found an el-
evated number of significant ligand-receptor interactions involved
in immune-epithelial interactions (g < 0.05, permutation test with
BH multiple testing correction (Benjamini & Hochberg, 1995), Table
S7) in aged patients with critical COVID-19 (Figure 5a). In addition,
we also found a stronger immune-epithelial cell interaction network
in aged patients. In particular, we noted that secretory-non-resident
macrophages (nrMa) displayed the highest connection with other
cell types in aged patients with critical COVID-19 (Figure 5a).

We next analyzed ligand-receptor interactions of secretory/
ciliated-immune cells in aged and younger patients with critical
COVID-19 (Figure 5b). We found elevated expression of TGF-p
genes (TGFB1, TGFB2, and TGFB3) and their interacting partners (i.e.,
TGFBR2 and TGFBR3, g < 0.05; Figure S7 and Table S7) in nrMa cells
and Treg. Of note, TGF-p has previously been shown to regulate the
chronic immune response to SARS-CoV-2 in severe COVID-19 pa-
tients (Ferreira-Gomes et al., 2021). Thus, TGF-p-mediated strong
secretory and nrMa cell interaction may explain the longer duration
of hospitalization in aged COVID-19 patients (Figure S1b).

We also observed distinct immune-epithelial cell interactions
in younger COVID-19 patients. For example, secretory and CD8 T
cells expressed high levels of several ligand-receptor pairs, including
HLA-B-KIR3DL2, TNF-RIPK1, and TNF-PTPRS (g < 0.05, permuta-
tion test), and secretory and Neu cells highly co-expressed CXCL2/3
and CXCR2 (g < 0.05, permutation test). In addition, we found that
secretory/ciliated-CD8 T cells showed a similar IFNG-IFNGR pat-
tern, while the expression level in aged patients was much lower
(Figure 5b). In particular, secretory/ciliated-CD8 T-cell interaction in
younger patients showed strong IFNG-IFNGR interaction compared
to aged patients with moderate COVID-19 (Figure Sé). In summary,
these observations revealed that immune-epithelial cell interactions

FIGURE 4 Analysis of SARS-CoV-2 viral load and related entry gene expression in nasal tissues. (a) Volcano plot showing the differential
genes of bulk RNA-sequencing data in aged versus younger patients in high viral load nasal tissues. A publicly available bulk RNA-seq dataset
of 147 nasal samples (Lieberman et al., 2020) was used, including 61 aged patients (high [n = 27] and low [n = 34] viral load) and 86 younger
patients (high [n = 46] and low [n = 40] viral load). (b) Gene-set enrichment analysis (GSEA) of 22 immune pathways for differential genes of
aged vs. younger in high or low viral load subgroups. The gradient color bar shows the NES score (see Method). NES score >0 and g < 0.05
indicate that up-regulated differential expressed genes (DEGs) in aged vs. young are significantly enriched in immune pathways, while NES
score <0 and g < 0.05 indicate down-regulated DEGs in aged vs. young are significantly enriched in immune pathways. Black dots denote

q < 0.05. (c) Boxplot showing the lab testing data changes in aged and younger COVID-19 patients with high (>4.5 log10 RNA copies/ml) and
low (<4.5 log10 RNA copies/ml) viral load(Pekosz et al., 2021; Yang, Jiang, et al., 2020). (d) SARS-CoV-2-related entry gene expression profile
across 15 cell types of nasal tissue between aged and younger patients. The size of dot denotes the percentage of the positive cell which
expressed the tested genes. The gradient color bar represents the z-score scaled average expression of genes in each cell type
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are associated with critical COVID-19 in aged patients. In particular,
reduced expression of IFNR signaling is associated with greater se-
verity of COVID-19 in aged individuals (Figure 4a).

3 | DISCUSSION

This study provides a comprehensive analysis of immune profiles
in aged and younger COVID-19 patients using large, electronic pa-
tient data from the CDC and the Cleveland Clinic Registry database.
Previous epidemiologic studies have identified age as an important
risk factor for severe COVID-19 (O'Driscoll et al., 2021; Williamson
et al., 2020; Wingert et al., 2021), and our large COVID-19 registry
data further confirmed the elevated likelihood of severe COVID-19
in aged individuals even after adjusting for sex, race, smoking,
and multiple disease comorbidities (Figure 1c). Using the available
laboratory testing data at the Cleveland Clinic COVID-19 registry
database, we found that aged severe COVID-19 patients showed
elevated levels of D-dimer, CRP (Figure 1d), and NLR (Figure 1e). D-
dimer, CRP, and NLR are inflammatory markers associated with se-
verity and death in COVID-19 (Cai et al., 2021; Xu et al., 2020). These
new findings that the increased incidence and severity of COVID-19
are significantly associated with elevated inflammation motivate us
to further identify age-related immune cell subpopulations using
large-scale, single-cell transcriptomics data from the patients with
varying degrees of biology and clinical characteristics of COVID-19.

Currently, Delta is the dominant variant of SARS-CoV-2 in the
United States. Thus, we further inspected the odds ratio of hospi-
talization in COVID-19 patients who carried different variants from
children to aged populations using the CDC dataset since 1 January
2021 (Figure S1c). We found that younger COVID-19 patients carried
Delta variant were significantly associated with the increased likeli-
hood of hospitalization. However, we observed no significant differ-
ence on hospitalization rate of COVID-19 patients in both children
and aged groups during the Delta variant prevalence period. There
are several possible explanations. Fully vaccinated rate of 265 years
aged individuals (85.8%) is 15% higher than that of younger individ-
uals (70.3%) since 11 November 2021 (https://covid.cdc.gov/covid
-data-tracker/#vaccinations_vacc-total-admin-rate-total). Children
under 10 years have much lower incidence of COVID-19 (Irfan
et al.,, 2021). Further investigation of unique immune mechanisms of
children under the resilience of COVID-19 may provide novel age-
specific mechanisms in the future.

Via deep immune cell profiling data analysis, we identified dis-
tinct immune responses in younger and aged COVID-19 patients
(Figure 6). For example, both younger and aged COVID-19 patients
showed increased ncMono cells and elevated IL-6 (Figure 2 and
Figure 6), while only aged COVID-19 patients displayed elevated
plasma IL-8 and IL-27 (Figure 2h). IL-6 is a potential therapeutic
target since it is a critical mediator of cytokine storm in COVID-19
(Zhang, Wu, et al., 2020). However, a recent phase Ill clinical trial
(NCT04320615) showed no reduced mortality in severe COVID-19
patients treated with the anti-I.-6R monoclonal antibody
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tocilizumab (Rosas et al., 2021). Younger COVID-19 patients in
the ICU also showed significantly higher IL-10 (Figure 2h). Our ob-

servations suggest that targeting IL-10 might reduce mortality in

younger patients with severe COVID-19. Furthermore, an anti-1L-8
drug (BMS-986253) is under testing for COVID-19 patients in a
Phase 2 clinical trial (ClinicalTrials.gov Identifier: NCT04347226).
Therefore, our findings suggested that age is an important biolog-
ical variable in evaluation of clinical benefits of anti-IL-8 interven-
tion trials.

We also found reduced lymphocytes in hospitalized aged
COVID-19 patients (Figure 1d). In particular, the abundance of naive
CD8 T cells was decreased in aged patients with severe COVID-19
(Figure 2d). Reduction of naive CD8 T cell is a hallmark of immunose-
nescence in older individuals (Goronzy et al., 2015), and through
scRNA-seq data analysis, we observed significant enrichment of up-
regulated apoptosis genes in CD8 naive T cells from aged COVID-19
patients. Mechanistically, the apoptosis driver gene CTSD (Cocchiaro
et al., 2016) is significantly elevated in naive CD8 T cells from aged
severe/critical COVID-19 patients compared with younger patients
(g<20x 107%). Thus, modulation of CD8 naive T-cell dysfunction,
especially targeting apoptosis pathway (Chu et al., 2021), may pro-
vide a new treatment strategy for severe COVID-19 in aged patients.

IFN-mediated immunity provides initial rapid protection against
viral infection (McNab et al., 2015), and about 3.5% of patients with
life-threatening COVID-19 show genetic aberrations in the type |
IFN pathway (Zhang, Bastard, et al., 2020). A recent genetic study
in European ancestry revealed that the cis-protein quantitative trait
loci (pQTL, rs4767027) in OAS1 (an IFN-stimulated gene) were sig-
nificantly associated with decreased likelihood of COVID-19 suscep-
tibility and severity (Zhou et al., 2021). Herein, we found that aged
individuals with severe COVID-19 show reduced expression of type |
IFN genes (Figures 3b,c, 4a, and 5b). Notably, aged patients with high
SARS-CoV-2 viral load show reduced expression of OAS1 and IFNA1,
IFNA5, and IFNA7 (Figure 4a) compared with younger patients. On
the contrary, aged patients with high SARS-CoV-2 viral load have
elevated expression of the pro-inflammatory cytokine IL-8 and de-
creased lymphocyte cell counts in plasma (Figure 4c), demonstrating
dysregulation of cytokine responses that has been well described for
COVID-19 (Acharya et al., 2020). Of note, the dysregulated cytokine
response is likely the effect of a variety of immunomodulatory strat-
egies employed by SARS-CoV-2 that are used to manipulate specific
signaling pathways that lead to cytokine induction such as the RIG-I-
like receptor pathway. Now, there are more than 40 ongoing clinical
trials (https://clinicaltrials.gov/) to test interferon-related therapies
for potential treatment of COVID-19. Our findings suggested that
interferon-related therapies may provide more clinical benefits for
older individuals with COVID-19.

Although aged adults show increased susceptibility to SARS-
CoV-2 infection compared to children (Davies et al., 2020), we did
not find differences in SARS-CoV-2 viral load in the upper airways
between younger and aged patients (Figure S8). Using large-scale
scRNA-seq data analysis, we did find, however, that the SARS-
CoV-2 entry genes (ACE2, BSG, TMPRSS2, FURIN, and NPR1)
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FIGURE 6 Proposed mechanistic models for age-biased COVID-19 severity in aged individuals. Several age-related pathophysiologic
immune responses are associated with disease susceptibility and severity in COVID-19: a) decreased lymphocyte count and elevated
inflammatory markers (C-reactive protein [CRP], D-dimer, and neutrophil-lymphocyte ratio); b) elevated pro-inflammation cytokines IL-8,
IL-27, and IL-6 in aged COVID-19 patients; c) reduced abundance of naive CD8 T cells with decreased expression of antiviral defense genes
(i.e., IFITM3 and TRIM22) in aged individuals with severe COVID-19; d) type | interferon deficiency is associated with SARS-CoV-2 viral load
in aged individuals; e) elevated expression of SARS-CoV-2 entry factors (BSG and FURIN) and reduced expression of antiviral defense genes
(IFNAR1, OAS1, IFIT1) in the secretory cells of critical COVID-19 in aged individuals; f) strong TGF-beta-mediated immune-epithelial cell
interactions (i.e., secretory—nrMa) in aged individuals with critical COVID-19

showed cell type-specific expression profiles in both aged and
younger individuals. In aged patients with critical COVID-19, the
expression of BSG was increased in secretory, nrMa and CD8 T
cells, and elevated expression of FURIN was found in Treg and
CD8 T cells. Thus, cell type-specific host factor expression may
play an important role in age-mediated disease susceptibility and
severity in COVID-19.

We also identified age-specific increases in immune-epithelial
cell interactions. For example, we found strong TGF-f-mediated
immune-epithelial cell interactions in aged severe COVID-19 pa-
tients (Figure 5b and Figure S7). TGF-p plays a crucial role in pulmo-
nary fibrosis (Khalil et al., 1991; Lee et al., 2001), which is a common
complication in severe COVID-19 patients (Leeming et al., 2021).
The nucleocapsid protein of SARS-CoV-1 also upregulates TGF-f
expression (Zhao et al., 2008). Thus, TGF-p-targeted therapies may
provide better clinical benefits for aged patients with COVID-19.
We additionally identified receptor-interacting serine/threonine
kinase 1 (RIPK1)-mediated immune-epithelial cell interactions (se-
cretory/ciliated-CD8 T-cell pairs) in younger patients with critical
COVID-19. RIPK1 is a key mediator of inflammation (Mifflin et al.,
2020), and a RIPK1 inhibitor (SAR443122) has been tested in a phase

| clinical trial (ClinicalTrials.gov ldentifier: NCT04469621) to treat
tissue damage resulting from inflammation in severe COVID-19 pa-
tients. Altogether, RIPK1 inhibitors (Riebeling et al., 2021) may offer
a potential treatment for young COVID-19 patients, such as COVID-
19-related multisystem inflammatory syndrome in children (MIS-C)
(Rowley, 2020).

Lastly, we acknowledge the potential limitations of our study.
Although we inspected omics data from multiple tissues, includ-
ing PBMCs, plasma, and nasal tissues, additional analysis of other
COVID-19 and aging relevant tissues, such as lung and brain, should
be investigated in the future. In addition, our COVID-19 database
and omics data were generated from acute COVID-19 patients, and
identification of the underlying genetic and molecular basis of aging
differences for long-haul COVID-19 patients will be an important
area of future investigation (Sudre et al., 2021). As the inconsis-
tent correlation between RNA expression and protein expression
(Buccitelli & Selbach, 2020), further investigation of differential
protein expression of ACE2, BSG receptors, and the TGF-p using
proteomics data is highly warranted in the future studies. Finally,
investigation of COVID-19 vaccine responses between aged and
young patients is also warranted in the future.
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4 | EXPERIMENTAL PROCEDURES

“Younger” was defined as 18 to 55 years of age, and “aged” was de-

fined as 265 years old.

4.1 | U.S.CDC COVID-19 epidemiological data
Publically accessible COVID-19 death counts in 54 states and ter-
ritories in United States were downloaded from the CDC Web site
(https://data.cdc.gov/NCHS/Provisional-COVID-19-Death-Count
s-by-Sex-Age-and-S/9bhg-hcku/data) on 23 December 2020 (Table
S1). Publically accessible statistics of influenza mortality across
10 flu seasons (November 2010-2020) in United States was down-
loaded from CDC Web site (https://catalog.data.gov/dataset/
deaths-from-pneumonia-and-influenza-pi-and-all-deaths-by-state
-and-region-national-center-) on 20 June 2020. Both COVID-19 and
influenza datasets include three age-stratified groups: 0-17 years,
18-64 years, 65 years, and older. These datasets were used for epi-
demiological prevalence analysis of COVID-19 and influenza.

We collated U.S. COVID-19 Case Surveillance Public Use Data
from the CDC website (https://healthdata.gov/dataset/covid
-19-case-surveillance-public-use-data) from December 2019 to 28
December 2020. This dataset includes age-stratified COVID-19 case
counts in hospitalization, ICU admission, death, sex, and race. We
extracted two age subgroups from all laboratory-confirmed cases
using the following criteria: i) the age range of younger group from
20 to 49 years and the age range of older group over than 60 years
(Table S2); ii) deletion of all cases in which sex and race information
was missing. In total, the younger subgroup includes 2,369,919 cases,
with 94,161 in hospitalization, 9138 in ICU admission, and 6469
death cases. The older subgroup has 1,048,011 cases in total, with
243,109 in hospitalization, 29,671 in ICU admission, and 124,566
death cases. This dataset was used to determine OR analysis.

4.2 | COVID-19 registry database
We used institutional review board-approved COVID-19 registry
data, including 45,077 individuals (12,651 aged patients and 32,426
younger patients; Table S3) tested during March to December,
2020 from the Cleveland Clinic Health System in Ohio and Florida.
All tested samples were pooled nasopharyngeal and oropharyn-
geal swab specimens. Infection with SARS-CoV-2 was confirmed
by RT-PCR in the Cleveland Clinic Robert J. Tomsich Pathology
and Laboratory Medicine Institute. In total, 12,304 patients (aged
n = 3559, younger n = 8745) tested COVID-19 positive by the end of
December 2020. All SARS-CoV-2 testing was authorized by the Food
and Drug Administration under an Emergency Use Authorization, in
accord with the guidelines established by the Centers for Disease
Control and Prevention.

The data in COVID-19 registry include COVID-19 test re-
sults, baseline demographic information, and all recorded disease
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conditions (Table S3). We conducted a series of retrospective studies

to test the association of aging with COVID-19 outcomes, including
hospitalization, ICU admission, mechanical ventilation, and death.
Data were extracted from electronic health records (EPIC Systems),
and patient data were managed using REDCap electronic data
capture tools. To ensure data quality, a study team trained on uni-
form sources for the study variables manually checked all datasets.
Statistical analysis for smoking, hypertension, diabetes, coronary
artery disease asthma, and emphysema and COPD was calculated

after missing value deletion.

4.3 | Clinical outcome analysis

The OR was used to measure the association between COVID-19
outcomes and aging based on logistic regression. An OR >1 indicates
that aged patients are associated with a higher likelihood of the out-
come. To reduce the bias from confounding factors, we employed OR
analysis in two datasets. For U.S. CDC datasets, the OR model was
adjusted by sex and race, due to limited information of other con-
founding factors. However, in the COVID-19 registry, we adjusted
for sex, race, smoking, hypertension, diabetes, coronary artery dis-
ease, asthma, emphysema, and COPD. The Kaplan-Meier method
was used to estimate the cumulative hazard of hospitalization of
COVID-19 patients across age groups. For hospitalization outcome,
the time was calculated from the start date of COVID-19 symptoms
to hospital admission date. Log-rank test was used for comparison
across different age groups with Benjamini and Hochberg adjust-
ment (Benjamini & Hochberg, 1995). Cumulative hazard analysis
was performed using the Survival and Survminer packagesin R 3.6.0
(https://www.r-project.org).

4.4 | Public available COVID-19 multi-omics
datasets used in this study

Detailed information of the list datasets shown in Table S1.

4.5 | Two single-cell sequencing datasets

In this study, we used two COVID-19 single-cell datasets (Table S1).
1) The CD8" T-cell dataset (Stephenson et al., 2021) is a sub-dataset
from original PBMC single-cell data. We re-analyzed 59,815 single-
cell transcriptomes of CD8 T cells, which revealed 5 distinct
CDS8 sub-clusters (Figure 3a), including CD8 naive (CCR7", LEF17),
Tem (GZMKY, LTB*, CCR7"), Tem (GZMK*, CCR7"), CD8 proliferation
(MKI67), and CD8 T terminal effector cell (also named CD8 TEMRA
(Thome et al., 2014), HLA-DRB1+, GZMB+, GNLY+, LAG3+).
Based on our aging criteria, the critical/severe COVID-19 patients
were grouped to aged (nh = 12) and younger patients (n = 13). 2) A
single-cell dataset from nasal tissues (Chua et al., 2020) (European
Genome-phenome Archive repository: EGAS00001004481) was


https://data.cdc.gov/NCHS/Provisional-COVID-19-Death-Counts-by-Sex-Age-and-S/9bhg-hcku/data
https://data.cdc.gov/NCHS/Provisional-COVID-19-Death-Counts-by-Sex-Age-and-S/9bhg-hcku/data
https://catalog.data.gov/dataset/deaths-from-pneumonia-and-influenza-pi-and-all-deaths-by-state-and-region-national-center
https://catalog.data.gov/dataset/deaths-from-pneumonia-and-influenza-pi-and-all-deaths-by-state-and-region-national-center
https://catalog.data.gov/dataset/deaths-from-pneumonia-and-influenza-pi-and-all-deaths-by-state-and-region-national-center
https://healthdata.gov/dataset/covid-19-case-surveillance-public-use-data
https://healthdata.gov/dataset/covid-19-case-surveillance-public-use-data
https://www.r-project.org
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from COVID-19-positive patients (11 critically ill patients and

8 moderately ill patients). Based on our aging criteria, we extracted
a subpopulation from the original cohort. The final COVID-19 co-
hort used in this study included 8 critically ill patients (5 younger
and 3 older patients) and 7 moderately ill patients (4 younger and
3 older patients). As the original dataset supplied cell type infor-
mation, additional analysis was based on cell type annotation. The
dataset contained 115,895 cells across 15 cell types (B cell, Basal,
Ciliated, Ciliated-diff, CD8 T cell, moDC, Neu, NKT, NKT-p, nrMa,
rMa, Secretory, Secretory-diff, Squamous, and Treg).

4.6 | Bulk RNA-sequencing dataset in nasal tissue
(Lieberman et al., 2020)

The dataset was publically available from NCBI GEO database
(GSE152075). Based on original meta-information, we extracted
COVID-19-positive sample data with high or low viral load, deleting
samples in which sex and age information were missing. 147 bulk
RNA-seq samples were used in this study, including 61 aged patients
(high viral load n = 27, low viral load n =34) and 86 younger patients
(high viral load n = 46, low viral load n = 40).

4.7 | SARS-CoV-2 viral load dataset (Fajnzylber et
al., 2020)

We quantified SARS-CoV-2 RNA load from 5 specimen types, in-
cluding upper airway specimens (oropharyngeal swab [detectable
percentage was 67%), nasopharyngeal [detectable percentage was
50%], sputum [detectable percentage was 85%)]), plasma [detect-
able percentage was 27%], and urine [detectable percentage was
10%]). We selected hospitalized patients with at least one COVID-
19-positive test among upper airway or plasma specimens. Finally,
72 patients were used for correlation analysis between age and viral
loading. 43 patients (older patients n = 18, younger patients n = 25)
with SARS-CoV-2 RNA detectable testing in upper airway were used
to analyze the change of clinical inflammatory variables in both aged
and younger groups. In our study, 54 patients tested positive for
plasma SARS-CoV-2 RNA, including 21 patients with SARS-CoV-2
RNA (aged patients n = 13). There were 35 SARS-CoV-2 RNA unde-
tectable patients (aged patients n = 7).

4.8 | Circulating cell flow cytometry datasets
(Takahashi et al., 2020)

This dataset included 12 major immune cell types as a percentage
of PBMC and 32 T-cell subtypes as a percentage of CD3-positive
cells through flow cytometry (Table S5). It also detected the plasma
concentration of 71 cytokines through cytokine array. Based on
our age criteria, the dataset included 81 hospitalized patients, 40
with longitudinal data. When the second follow-up time of a patient

was greater than 7 days, it was recorded as two samples. Hence,
114 samples were analyzed, which included 94 older samples (non-
ICU n = 66, ICU = 26) and 50 younger samples (non-ICU n = 37,
ICU = 13).

4.9 | Single-cell sequencing data analyses

All single-cell data analyses and visualizations were performed
with the R package Seurat v3.1.4 40. The data quality filtering
was strictly followed by the original literature (Chua et al., 2020;
Ren et al., 2021). “NormalizeData” was used to normalize the data.
“FindIntegrationAnchors” and “IntegrateData” functions were used to
integrate cells from different samples. Principal component analysis
(PCA) and Uniform Manifold Approximation and Projection (UMAP)
with 15 principal components were used. A resolution of 0.5 was used
in “FindClusters()” step. “FindAllIMarkers” function with the MAST
test was employed as the finding maker method for each cell type.

410 | Cell-cellinteraction analysis

Cell-cell interaction analysis was based on normalized expression
data of known ligand-receptor pairs in 15 cell types of nasal single-
cell sample. The analysis was performed by CellPhoneDB (Efremova
etal., 2020) v2.1.4 (https://github.com/Teichlab/cellphonedb) based
on the python 3.7 platform. Statistical analysis mode was used to
identify significant ligand-receptor pairs in each cell number. A per-
mutation test (1000 randomizations) with BH multiple testing cor-
rection was used to evaluate the significance.

411 | Bulk RNA-sequencing data analysis

All bulk RNA-sequencing data analysis started from raw counts
value. R package edgeR (Robinson et al., 2010) v3.12 was used to
analyze differentially expressed genes in older vs. younger groups.
Correction for sex and batch effects was added into the formula
of design model. Statistical significance p-values were adjusted by
BH (g value) method (Benjamini & Hochberg, 1995). Differentially
expressed genes were identified as adjusted p-value (q) <0.05 and
log-fold change >0.5.

412 | Immune gene set enrichment analysis

To evaluate the immune pathway profiles in young and aged
COVID-19 patients, GSEA was conducted as previously described
(Subramanian et al., 2005). Immune gene profiles were retrieved
from the KEGG database (Kanehisa et al., 2017). We selected 22
immune-related pathways and 1241 genes from KEGG belonging
to the immune system subtype. For each cell type, we performed
a GSEA on the list of differential expressed genes (DEGs) ranked by


https://github.com/Teichlab/cellphonedb
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the log,FC. The normalized enrichment score (NES, Equation 1) was
calculated for 22 immune pathways in young and aged specific gene
sets (Figure 4b),

NES= — 5 (1)

permutation

in which ES (Subramanian et al., 2005) denotes enrichment score.
Normalization of the enrichment score reduced the effect of the
differences in gene set size and in correlations between gene
sets and the expression dataset. NES score >0 and g < 0.05 in-
dicate that up-regulated DEGs in aged vs. young are significantly
enriched in immune pathways, while NES score <0 and g < 0.05
indicate down-regulated DEGs in aged vs. young are significantly
enriched in immune pathways. Permutation test (1000 times) was
performed to evaluate the significance. All analyses were per-
formed with the prerank function in GSEApy package (https://

gseapy.readthedocs.io/en/master/index.html) on Python 3.7
platform.
413 | Statistical analysis

Statistical tests for assessing categorical data through chi-square
test and the two-tailed Mann-Whitney U test were used to com-
pare the difference in continuous variable by aged vs. younger.
Spearman's p was assessed for correlation between two variables.
Statistical significance level was set at g < 0.05 and corrected by
Benjamini-Hochberg (false discovery rate) method. All statistical
analysis was performed by SciPy Statistics (https://docs.scipy.org/

doc/scipy/reference/stats.html#module-scipy.stats).

ACKNOWLEDGMENTS

This work was primarily supported by the National Institute of
Aging (RO1AG066707, U01AG073323, and RO1AG066707-0151)
to F.C. This work was supported in part by NIH Research Grant
R56AG063870 to F.C. This work was supported in part by NIH
Research Grant 3R01AG066707-02S1 (F.C.) funded by the Office
of Data Science Strategy (ODSS) and by the National Heart, Lung,
and Blood Institute (ROOHL138272) to F.C. This work has also been
supported by the National Institute of Neurological Disorders and
Stroke (3ROINS097719-0451) to F.C. and L.J. This work has also
been supported in part by the VeloSano Pilot Program (Cleveland
Clinic Taussig Cancer Institute) to F.C. This work was supported
in part by the National Institute of Aging Grant PO1AG017242
(Project 31161B) to H.Y. This work was supported in part by the
Translational Therapeutics Core of the Cleveland Alzheimer’s
Disease Research Center (NIH/NIA: P30AG072959) to F.C. and
A.A.P. A.A.P. is also supported in part by the Brockman Foundation,
Project 19PABH134580006-AHA/Allen Initiative in Brain Health
and Cognitive Impairment, the Elizabeth Ring Mather & William
Gwinn Mather Fund, S. Livingston Samuel Mather Trust, and the
Louis Stokes VA Medical Center resources and facilities

Aging

CONFLICT OF INTEREST

The authors declare that they have no competing interests.

AUTHOR CONTRIBUTIONS

F.C. conceived the study. Y.H. performed all data processing and
all experiments. Y.Z.,, M.U.G,, Y.L, L.J.,, TA.C, HY., C.E., and A.A.P.
discussed and interpreted results. Y.H., A.A.P., and F.C. wrote the
manuscript and all authors critically revised the manuscript and gave

final approval.

DATA AVAILABILITY STATEMENT

The clinical and transcriptomic datasets used in this study are
publicly available; for details, see Table S1. The code for single-
cell analysis can be found in https://github.com/ChengF-Lab/
COVID-19_Map.

ORCID

Feixiong Cheng "'’ https://orcid.org/0000-0002-1736-2847

REFERENCES

Acharya, D., Liu, G., & Gack, M. U. (2020). Dysregulation of type | in-
terferon responses in COVID-19. Nature Reviews Immunology, 20(7),
397-398. https://doi.org/10.1038/s41577-020-0346-x

Aman, M. J,, Rudolf, G., Goldschmitt, J., Aulitzky, W. E., Lam, C., Huber,
C., & Peschel, C. (1993). Type-Il interferons are potent inhibitors of
interleukin-8 production in hematopoietic and bone marrow stro-
mal cells. Blood, 82, 2371-2378. https://doi.org/10.1182/blood.
Vv82.8.2371.2371

Bastard, P., Rosen, L. B., Zhang, Q., Michailidis, E., Hoffmann, H.-H.,
Zhang, Y. U., Dorgham, K., Philippot, Q., Rosain, J., Béziat, V.,
Manry, J., Shaw, E., Haljasmaégi, L., Peterson, P., Lorenzo, L., Bizien,
L., Trouillet-Assant, S., Dobbs, K., de Jesus, A. A., ... Casanova,
J.-L. (2020). Autoantibodies against type | IFNs in patients with
life-threatening COVID-19. Science, 370(6515), https://doi.
org/10.1126/science.abd4585

Becht, E., Mclnnes, L., Healy, J., Dutertre, C.-A., Kwok, I. W. H.,Ng, L. G.,
Ginhoux, F., & Newell, E. W. (2019). Dimensionality reduction for
visualizing single-cell data using UMAP. Nature Biotechnology, 37,
38-44. https://doi.org/10.1038/nbt.4314

Benjamini, Y., & Hochberg, Y. (1995). Controlling the false discovery rate:
A practical and powerful approach to multiple testing. Journal of the
Royal Statistical Society. Series B (Methodological), 57(1), 289-300.
https://doi.org/10.1111/j.2517-6161.1995.tb02031.x

Bickel, M. (1993). The role of interleukin-8 in inflammation and mecha-
nisms of regulation. Journal of Periodontology, 64, 456-460.

Brodin, P. (2021). Immune determinants of COVID-19 disease presen-
tation and severity. Nature Medicine, 27(1), 28-33. https://doi.
org/10.1038/s41591-020-01202-8

Buccitelli, C., & Selbach, M. (2020). mRNAs, proteins and the emerging
principles of gene expression control. Nature Reviews Genetics,
21(10), 630-644. https://doi.org/10.1038/s41576-020-0258-4

Cai, J,, Li, H., Zhang, C., Chen, Z. E., Liu, H., Lei, F., Qin, J.-J,, Liu, Y.-M.,
Zhou, F.,Song, X., Zhou, J., Zhao, Y.-C., Wu, B., He, M., Yang, H., Zhu,
L., Zhang, P, Ji, Y.-X., Zhao, G.-N,, ... Li, H. (2021). The Neutrophil-
to-lymphocyte ratio determines clinical efficacy of corticosteroid
therapy in patients with COVID-19. Cell Metabolism, 33(2), 258-
269.e3. https://doi.org/10.1016/j.cmet.2021.01.002

Camell, C. D., Yousefzadeh, M. J,, Zhu, Y. |, Prata, L. G. P. L., Huggins, M.
A., Pierson, M., Zhang, L., O'Kelly, R. D., Pirtskhalava, T., Xun, P,
Ejima, K., Xue, A., Tripathi, U., Espindola-Netto, J. M., Giorgadze,


https://gseapy.readthedocs.io/en/master/index.html
https://gseapy.readthedocs.io/en/master/index.html
https://docs.scipy.org/doc/scipy/reference/stats.html#module-scipy.stats
https://docs.scipy.org/doc/scipy/reference/stats.html#module-scipy.stats
https://github.com/ChengF-Lab/COVID-19_Map
https://github.com/ChengF-Lab/COVID-19_Map
https://orcid.org/0000-0002-1736-2847
https://orcid.org/0000-0002-1736-2847
https://doi.org/10.1038/s41577-020-0346-x
https://doi.org/10.1182/blood.V82.8.2371.2371
https://doi.org/10.1182/blood.V82.8.2371.2371
https://doi.org/10.1126/science.abd4585
https://doi.org/10.1126/science.abd4585
https://doi.org/10.1038/nbt.4314
https://doi.org/10.1111/j.2517-6161.1995.tb02031.x
https://doi.org/10.1038/s41591-020-01202-8
https://doi.org/10.1038/s41591-020-01202-8
https://doi.org/10.1038/s41576-020-0258-4
https://doi.org/10.1016/j.cmet.2021.01.002

HOU ET AL.

16 of 18 WI LEY- Aging

N., Atkinson, E. J., Inman, C. L., Johnson, K. O., Cholensky, S. H.,
... Robbins, P. D. (2021). Senolytics reduce coronavirus-related
mortality in old mice. Science, 373(6552), eabe4832. https://doi.
org/10.1126/science.abe4832

Channappanavar, R., & Perlman, S. (2020). Age-related susceptibility
to coronavirus infections: role of impaired and dysregulated host
immunity. The Journal of Clinical Investigation, 130(12), 6204-6213.
https://doi.org/10.1172/JCI1144115

Chu, H., Shuai, H., Hou, Y., Zhang, X. I, Wen, L., Huang, X., Hu, B., Yang,
D., Wang, Y., Yoon, C., Wong, B.-Y., Li, C., Zhao, X., Poon, V.-M., Cai,
J.-P., Wong, K.-Y., Yeung, M.-L., Zhou, J., Au-Yeung, R.-H., ... Yuen,
K.-Y. (2021). Targeting highly pathogenic coronavirus-induced
apoptosis reduces viral pathogenesis and disease severity. Science.
Advances, 7(25), eabf8577. https://doi.org/10.1126/sciadv.abf8577

Chua, R. L., Lukassen, S., Trump, S., Hennig, B. P., Wendisch, D., Pott,
F., Debnath, O., Thiirmann, L., Kurth, F., Vélker, M. T., Kazmierski,
J., Timmermann, B., Twardziok, S., Schneider, S., Machleidt, F.,
Miuller-Redetzky, H., Maier, M., Krannich, A., Schmidt, S, ... Eils,
R. (2020). COVID-19 severity correlates with airway epithelium-
immune cell interactions identified by single-cell analysis. Nature
Biotechnology, 38(8), 970-979. https://doi.org/10.1038/54158
7-020-0602-4

Clay, C. C., Donart, N., Fomukong, N., Knight, J. B., Overheim, K., Tipper,
J., Van Westrienen, J., Hahn, F., & Harrod, K. S. (2014). Severe
acute respiratory syndrome-coronavirus infection in aged nonhu-
man primates is associated with modulated pulmonary and sys-
temic immune responses. Immunity & Ageing, 11(1), 4. https://doi.
org/10.1186/1742-4933-11-4

Cocchiaro, P., Fox, C., Tregidgo, N. W., Howarth, R., Wood, K. M,
Situmorang, G. R., Pavone, L. M., Sheerin, N. S., & Moles, A.
(2016). Lysosomal protease cathepsin D; a new driver of apoptosis
during acute kidney injury. Scientific Reports, 6, 27112. https://doi.
org/10.1038/srep27112

Davies, N. G., Klepac, P, Liu, Y., Prem, K., Jit, M., Pearson, C. A. B,
Quilty, B. J., Kucharski, A. J., Gibbs, H., Clifford, S., Gimma, A., van
Zandvoort, K., Munday, J. D., Diamond, C., Edmunds, W. J., Houben,
R. M. G. J,, Hellewell, J., Russell, T. W., Abbott, S., ... Eggo, R. M.
(2020). Age-dependent effects in the transmission and control of
COVID-19 epidemics. Nature Medicine, 26(8), 1205-1211. https://
doi.org/10.1038/541591-020-0962-9

de Candia, P, Prattichizzo, F., Garavelli, S., & Matarese, G. (2021). T cells:
Warriors of SARS-CoV-2 Infection. Trends in Immunology, 42(1), 18-
30. https://doi.org/10.1016/j.it.2020.11.002

Del Valle, D. M., Kim-Schulze, S., Huang, H.-H., Beckmann, N. D.,
Nirenberg, S., Wang, B. O., Lavin, Y., Swartz, T. H., Madduri, D.,
Stock, A., Marron, T. U., Xie, H., Patel, M., Tuballes, K., Van Oekelen,
0., Rahman, A., Kovatch, P., Aberg, J. A., Schadt, E., ... Gnjatic, S.
(2020). An inflammatory cytokine signature predicts COVID-19
severity and survival. Nature Medicine, 26(10), 1636-1643. https://
doi.org/10.1038/s41591-020-1051-9

Domingues, R., Lippi, A., Setz, C., Outeiro, T. F., & Krisko, A. (2020).
SARS-CoV-2, immunosenescence and inflammaging: Partners in
the COVID-19 crime. Aging, 12(18), 18778-18789. https://doi.
org/10.18632/aging.103989

Efremova, M., Vento-Tormo, M., Teichmann, S. A., & Vento-Tormo, R.
(2020). Cell PhoneDB: Inferring cell-cell communication from
combined expression of multi-subunit ligand-receptor complexes.
Nature Protocols, 15(4), 1484-1506. https://doi.org/10.1038/s4159
6-020-0292-x

Fajnzylber, J., Regan, J., Coxen, K., Corry, H., Wong, C., Rosenthal, A.,
Worrall, D., Giguel, F., Piechocka-Trocha, A., Atyeo, C., Fischinger,
S.,Chan, A., Flaherty, K. T., Hall, K., Dougan, M., Ryan, E. T., Gillespie,
E., Chishti, R, Li, Y., ... Massachusetts Consortium for Pathogen
Readiness (2020). SARS-CoV-2 viral load is associated with in-
creased disease severity and mortality. Nature Communications,
11(1), 5493. https://doi.org/10.1038/s41467-020-19057-5

Ferreira-Gomes, M., Kruglov, A., Durek, P., Heinrich, F., Tizian, C., Heinz,
G. A., Pascual-Reguant, A., Du, W., Mothes, R., Fan, C., Frischbutter,
S., Habenicht, K., Budzinski, L., Ninnemann, J., Jani, P. K., Guerra,
G. M., Lehmann, K., Matz, M., Ostendorf, L., ... Mashreghi, M.-
F. (2021). SARS-CoV-2 in severe COVID-19 induces a TGF-p-
dominated chronic immune response that does not target itself.
Nature Communications, 12(1), 1961. https://doi.org/10.1038/
s41467-021-22210-3

Goronzy, J. J., Fang, F., Cavanagh, M. M., Qi, Q., & Weyand, C. M. (2015).
Naive T cell maintenance and function in human aging. Journal of
Immunology, 194(9), 4073-4080. https://doi.org/10.4049/jimmu
nol.1500046

Guan, W. J,, Liang, W. H., Zhao, Y., Liang, H. R., Chen, Z. S, Li, Y. M,,
Liu, X. Q,, Chen, R. C., Tang, C. L., Wang, T., Ou, C. Q,, Li, L., Chen,
P. Y, Sang, L., Wang, W., Li, J. F, Li, C. C., Ou, L. M., Cheng, B.,
... China Medical Treatment Expert Group for COVID-19 (2020).
Comorbidity and its impact on 1590 patients with COVID-19 in
China: A nationwide analysis. The European Respiratory Journal,
55(5), 2000547. https://doi.org/10.1183/13993003.00547-2020

Hoffmann, M., Kleine-Weber, H., Schroeder, S., Krlger, N., Herrler, T.,
Erichsen, S., Schiergens, T. S., Herrler, G., Wu, N. H., Nitsche, A.,
Miuiller, M. A., Drosten, C., & P6himann, S. (2020). SARS-CoV-2 cell
entry depends on ACE2 and TMPRSS2 and is blocked by a clinically
proven protease inhibitor. Cell, 181(2), 271-280.e8. https://doi.
org/10.1016/j.cell.2020.02.052

Hu, X., & Ivashkiv, L. B. (2009). Cross-regulation of signaling path-
ways by interferon-gamma: Implications for immune responses
and autoimmune diseases. Immunity, 31(4), 539-550. https://doi.
org/10.1016/j.immuni.2009.09.002

Huang, C., Wang, Y., Li, X., Ren, L., Zhao, J., Hu, Y. |, Zhang, L. |, Fan, G.,
Xu, J., Gu, X.,Cheng, Z.,Yu, T., Xia, J., Wei, Y., Wu, W,, Xie, X., Yin, W.,
Li, H., Liu, M., ... Cao, B. (2020). Clinical features of patients infected
with 2019 novel coronavirus in Wuhan. China. Lancet, 395(10223),
497-506. https://doi.org/10.1016/S0140-6736(20)30183-5

Irfan, O., Li, J., Tang, K., Wang, Z., & Bhutta, Z. A. (2021). Risk of infection
and transmission of SARS-CoV-2 among children and adolescents
in households, communities and educational settings: A system-
atic review and meta-analysis. Journal of Global Health, 11, 05013.
https://doi.org/10.7189/jogh.11.05013

Kaech, S. M., & Cui, W. (2012). Transcriptional control of effector and
memory CD8+ T cell differentiation. Nature Reviews Immunology,
12(11), 749-761. https://doi.org/10.1038/nri3307

Kanehisa, M., Furumichi, M., Tanabe, M., Sato, Y., & Morishima, K. (2017).
KEGG: New perspectives on genomes, pathways, diseases and
drugs. Nucleic Acids Research, 45(D1), D353-D361. https://doi.
org/10.1093/nar/gkw1092

Khalil, N., O'Connor, R. N., Unruh, H. W., Warren, P. W, Flanders, K. C.,
Kemp, A., Bereznay, O. H., & Greenberg, A. H. (1991). Increased
production and immunohistochemical localization of transform-
ing growth factor-beta in idiopathic pulmonary fibrosis. American
Journal of Respiratory Cell and Molecular Biology, 5(2), 155-162.
https://doi.org/10.1165/ajrcmb/5.2.155

Lee, C. G., Homer, R. J., Zhu, Z., Lanone, S., Wang, X., Koteliansky, V.,
Shipley, J. M., Gotwals, P., Noble, P., Chen, Q., Senior, R. M., & Elias,
J. A. (2001). Interleukin-13 induces tissue fibrosis by selectively
stimulating and activating transforming growth factor beta(1).
The Journal of Experimental Medicine, 194(6), 809-821. https://doi.
org/10.1084/jem.194.6.809

Leeming, D. J., Genovese, F., Sand, J., Rasmussen, D., Christiansen, C.,
Jenkins, G., Maher, T. M., Vestbo, J., & Karsdal, M. A. (2021). Can
biomarkers of extracellular matrix remodelling and wound healing
be used to identify high risk patients infected with SARS-CoV-2?:
lessons learned from pulmonary fibrosis. Respiratory Research,
22(1), 38. https://doi.org/10.1186/s12931-020-01590-y

Lieberman, N., Peddu, V., Xie, H., Shrestha, L., Huang, M. L., Mears, M. C.,
Cajimat, M. N,, Bente, D. A., Shi, P. Y., Bovier, F., Roychoudhury, P.,


https://doi.org/10.1126/science.abe4832
https://doi.org/10.1126/science.abe4832
https://doi.org/10.1172/JCI144115
https://doi.org/10.1126/sciadv.abf8577
https://doi.org/10.1038/s41587-020-0602-4
https://doi.org/10.1038/s41587-020-0602-4
https://doi.org/10.1186/1742-4933-11-4
https://doi.org/10.1186/1742-4933-11-4
https://doi.org/10.1038/srep27112
https://doi.org/10.1038/srep27112
https://doi.org/10.1038/s41591-020-0962-9
https://doi.org/10.1038/s41591-020-0962-9
https://doi.org/10.1016/j.it.2020.11.002
https://doi.org/10.1038/s41591-020-1051-9
https://doi.org/10.1038/s41591-020-1051-9
https://doi.org/10.18632/aging.103989
https://doi.org/10.18632/aging.103989
https://doi.org/10.1038/s41596-020-0292-x
https://doi.org/10.1038/s41596-020-0292-x
https://doi.org/10.1038/s41467-020-19057-5
https://doi.org/10.1038/s41467-021-22210-3
https://doi.org/10.1038/s41467-021-22210-3
https://doi.org/10.4049/jimmunol.1500046
https://doi.org/10.4049/jimmunol.1500046
https://doi.org/10.1183/13993003.00547-2020
https://doi.org/10.1016/j.cell.2020.02.052
https://doi.org/10.1016/j.cell.2020.02.052
https://doi.org/10.1016/j.immuni.2009.09.002
https://doi.org/10.1016/j.immuni.2009.09.002
https://doi.org/10.1016/S0140-6736(20)30183-5
https://doi.org/10.7189/jogh.11.05013
https://doi.org/10.1038/nri3307
https://doi.org/10.1093/nar/gkw1092
https://doi.org/10.1093/nar/gkw1092
https://doi.org/10.1165/ajrcmb/5.2.155
https://doi.org/10.1084/jem.194.6.809
https://doi.org/10.1084/jem.194.6.809
https://doi.org/10.1186/s12931-020-01590-y

HOU ET AL.

Jerome, K. R., Moscona, A., Porotto, M., & Greninger, A. L. (2020).
In vivo antiviral host transcriptional response to SARS-CoV-2 by
viral load, sex, and age. PLoS Biology, 18(9), e3000849. https://doi.
org/10.1371/journal.pbio.3000849

Liu, G., Lee, J. H., Parker, Z. M., Acharya, D., Chiang, J. J., van Gent, M.,
Riedl, W., Davis-Gardner, M. E., Wies, E., Chiang, C., & Gack, M.
U. (2021). ISG15-dependent activation of the sensor MDAS5 is an-
tagonized by the SARS-CoV-2 papain-like protease to evade host
innate immunity. Nature Microbiology, 6(4), 467-478. https://doi.
org/10.1038/s41564-021-00884-1

Lu, L., Zhang, H., Dauphars, D. J., & He, Y. W. (2021). A potential role
of interleukin 10 in COVID-19 pathogenesis. Trends in Immunology,
42(1), 3-5. https://doi.org/10.1016/j.it.2020.10.012

Manson, J. J., Crooks, C., Naja, M., Ledlie, A., Goulden, B., Liddle, T., Khan,
E., Mehta, P., Martin-Gutierrez, L., Waddington, K. E., Robinson, G.
A., Ribeiro Santos, L., McLoughlin, E., Snell, A., Adeney, C., Schim
van der Loeff, |., Baker, K. F., Duncan, C. J. A,, Hanrath, A. T,, ...
Tattersall, R. S. (2020). COVID-19-associated hyperinflammation
and escalation of patient care: a retrospective longitudinal cohort
study. The Lancet Rheumatology, 2(10), e594-e602. https://doi.
org/10.1016/52665-9913(20)30275-7

Matsuyama, T., Kubli, S. P., Yoshinaga, S. K., Pfeffer, K., & Mak, T. W.
(2020). An aberrant STAT pathway is central to COVID-19. Cell Death
and Differentiation, 27(12), 3209-3225. https://doi.org/10.1038/
s41418-020-00633-7

McNab, F., Mayer-Barber, K., Sher, A., Wack, A., & O'Garra, A. (2015).
Type linterferons in infectious disease. Nature Reviews Immunology,
15(2), 87-103. https://doi.org/10.1038/nri3787

Mifflin, L., Ofengeim, D., & Yuan, J. (2020). Receptor-interacting protein ki-
nase 1 (RIPK1) as a therapeutic target. Nature Reviews Drug Discovery,
19(8), 553-571. https://doi.org/10.1038/s41573-020-0071-y

Molony, R. D., Nguyen, J. T., Kong, Y., Montgomery, R. R., Shaw, A. C., &
Iwasaki, A. (2017). Aging impairs both primary and secondary RIG-I
signaling for interferon induction in human monocytes. Science
Signaling, 10(509), eaan2392. https://doi.org/10.1126/scisignal.
aan2392

Neidleman, J., Luo, X., George, A. F., McGregor, M., Yang, J., Yun,
C., Murray, V., Gill, G., Greene, W. C., Vasquez, J., Lee, S. A,
Ghosn, E., Lynch, K. L., & Roan, N. R. (2021). Distinctive features
of SARS-CoV-2-specific T cells predict recovery from severe
COVID-19. Cell Reports, 36(3), 109414. https://doi.org/10.1016/j.
celrep.2021.109414

O'Driscoll, M., Ribeiro Dos Santos, G., Wang, L., Cummings, D., Azman,
A.S., Paireau, J.,, Fontanet, A., Cauchemez, S., & Salje, H. (2021).
Age-specific mortality and immunity patterns of SARS-CoV-2.
Nature, 590(7844), 140-145. https://doi.org/10.1038/s4158
6-020-2918-0

Onomoto, K., Onoguchi, K., Takahasi, K., & Fujita, T. (2010). Type | in-
terferon production induced by RIG-I-like receptors. Journal
of Interferon & Cytokine Research, 30(12), 875-881. https://doi.
org/10.1089/jir.2010.0117

Pekosz, A., Parvu, V., Li, M., Andrews, J. C., Manabe, Y. C., Kodsi, S., Gary,
D.S., Roger-Dalbert, C., Leitch, J., & Cooper, C. K. (2021). Antigen-
based testing but not real-time polymerase chain reaction cor-
relates with severe acute respiratory syndrome Coronavirus 2 viral
culture. Clinical Infectious Diseases, 73(9), e2861-e2866. https://doi.
org/10.1093/cid/ciaal706

Quinn, K. M., Fox, A., Harland, K. L., Russ, B. E., Li, J., Nguyen, T., Loh,
L., Olshanksy, M., Naeem, H., Tsyganov, K., Wiede, F., Webster, R.,
Blyth, C., Sng, X., Tiganis, T., Powell, D., Doherty, P. C., Turner, S.
J., Kedzierska, K., & La Gruta, N. L. (2018). Age-related decline in
primary CD8+ T cell responses is associated with the development
of senescence in virtual memory CD8+ T cells. Cell Reports, 23(12),
3512-3524. https://doi.org/10.1016/j.celrep.2018.05.057

Ren, X., Wen, W.,, Fan, X., Hou, W., Su, B., Cai, P, Li, J., Liu, Y., Tang,
F., Zhang, F, Yang, Y. U., He, J., Ma, W., He, J., Wang, P, Cao, Q.,

Aging —WlLEY 17 of 18

Chen, F.,, Chen, Y., Cheng, X., ... Zhang, Z. (2021). COVID-19 im-
mune features revealed by a large-scale single-cell transcriptome
atlas. Cell, 184(7), 1895-1913.e19. https://doi.org/10.1016/j.
cell.2021.01.053

Riebeling, T., Jamal, K., Wilson, R., Kolbrink, B., von Samson-
Himmelstjerna, F. A., Moerke, C., Ramos Garcia, L., Dahlke, E.,
Michels, F., Lihder, F., Schunk, D., Doldi, P., Tyczynski, B., Kribben,
A., Flih, C., Theilig, F., Kunzendorf, U., Meier, P., & Krautwald, S.
(2021). Primidone blocks RIPK1-driven cell death and inflamma-
tion. Cell Death and Differentiation, 28(5), 1610-1626. https://doi.
org/10.1038/541418-020-00690-y

Robinson, M. D., McCarthy, D. J., & Smyth, G. K. (2010). edgeR: A
Bioconductor package for differential expression analysis of digital
gene expression data. Bioinformatics, 26(1), 139-140. https://doi.
org/10.1093/bioinformatics/btp616

Rosas, I. O., Brau, N., Waters, M., Go, R. C., Hunter, B. D., Bhagani,
S., Skiest, D., Aziz, M. S., Cooper, N., Douglas, I. S., Savic, S,
Youngstein, T., Del Sorbo, L., Cubillo Gracian, A., De La Zerda, D. J.,
Ustianowski, A., Bao, M., Dimonaco, S., Graham, E., ... Malhotra, A.
(2021). Tocilizumab in Hospitalized Patients With Severe Covid-19
pneumonia. The New England Journal of Medicine, 384(16), 1503-
1516. https://doi.org/10.1056/NEJM0a2028700

Rowley, A. H. (2020). Understanding SARS-CoV-2-related multisystem
inflammatory syndrome in children. Nature Reviews Immunology,
20(8), 453-454. https://doi.org/10.1038/s41577-020-0367-5

Rydyznski Moderbacher, C., Ramirez, S. ., Dan, J. M., Grifoni, A., Hastie,
K. M., Weiskopf, D., Belanger, S., Abbott, R. K., Kim, C., Choi, J.,
Kato, Y. U., Crotty, E. G., Kim, C., Rawlings, S. A., Mateus, J., Tse, L.
P. V., Frazier, A., Baric, R., Peters, B, ... Crotty, S. (2020). Antigen-
specific adaptive immunity to SARS-CoV-2 in acute COVID-19 and
associations with age and disease severity. Cell, 183(4), 996-1012.
e19. https://doi.org/10.1016/j.cell.2020.09.038

Sadler, A. J., & Williams, B. R. (2008). Interferon-inducible antiviral ef-
fectors. Nature Reviews Immunology, 8(7), 559-568. https://doi.
org/10.1038/nri2314

Stephenson, E., Reynolds, G., Botting, R. A., Calero-Nieto, F. J., Morgan,
M. D., Tuong, Z. K., Bach, K., Sungnak, W., Worlock, K. B., Yoshida,
M., Kumasaka, N., Kania, K., Engelbert, J., Olabi, B., Spegarova, J. S.,
Wilson, N. K., Mende, N., Jardine, L., Gardner, L. C. S,, ... Haniffa,
M. (2021). Single-cell multi-omics analysis of the immune re-
sponse in COVID-19. Nature Medicine, 27(5), 904-916. https://doi.
org/10.1038/s41591-021-01329-2

Subramanian, A., Tamayo, P., Mootha, V. K., Mukherijee, S., Ebert, B. L.,
Gillette, M. A., Paulovich, A., Pomeroy, S. L., Golub, T. R, Lander,
E. S., & Mesirov, J. P. (2005). Gene set enrichment analysis: a
knowledge-based approach for interpreting genome-wide ex-
pression profiles. Proceedings of the National Academy of Sciences
of the United States of America, 102(43), 15545-15550. https://doi.
org/10.1073/pnas.0506580102

Sudre, C. H., Murray, B., Varsavsky, T., Graham, M. S., Penfold, R. S.,
Bowyer, R. C., Pujol, J. C., Klaser, K., Antonelli, M., Canas, L. S.,
Molteni, E., Modat, M., Jorge Cardoso, M., May, A., Ganesh, S.,
Davies, R., Nguyen, L. H., Drew, D. A., Astley, C. M., ... Steves, C. J.
(2021). Attributes and predictors of long COVID. Nature Medicine,
27(4), 626-631. https://doi.org/10.1038/541591-021-01292-y

Takahashi, T., Ellingson, M. K., Wong, P., Israelow, B., Lucas, C., Klein, J.,
Silva, J., Mao, T, Oh, J. E., Tokuyama, M., Lu, P., Venkataraman, A.,
Park, A., Liu, F., Meir, A, Sun, J., Wang, E. Y., Casanovas-Massana,
A., Wyllie, A. L., ... Iwasaki, A. (2020). Sex differences in immune
responses that underlie COVID-19 disease outcomes. Nature,
588(7837),315-320. https://doi.org/10.1038/s41586-020-2700-3

Thome, J. J.,, Yudanin, N., Ohmura, Y., Kubota, M., Grinshpun, B.,
Sathaliyawala, T., Kato, T., Lerner, H., Shen, Y., & Farber, D. L.
(2014). Spatial map of human T cell compartmentalization and
maintenance over decades of life. Cell, 159(4), 814-828. https://
doi.org/10.1016/j.cell.2014.10.026



https://doi.org/10.1371/journal.pbio.3000849
https://doi.org/10.1371/journal.pbio.3000849
https://doi.org/10.1038/s41564-021-00884-1
https://doi.org/10.1038/s41564-021-00884-1
https://doi.org/10.1016/j.it.2020.10.012
https://doi.org/10.1016/S2665-9913(20)30275-7
https://doi.org/10.1016/S2665-9913(20)30275-7
https://doi.org/10.1038/s41418-020-00633-7
https://doi.org/10.1038/s41418-020-00633-7
https://doi.org/10.1038/nri3787
https://doi.org/10.1038/s41573-020-0071-y
https://doi.org/10.1126/scisignal.aan2392
https://doi.org/10.1126/scisignal.aan2392
https://doi.org/10.1016/j.celrep.2021.109414
https://doi.org/10.1016/j.celrep.2021.109414
https://doi.org/10.1038/s41586-020-2918-0
https://doi.org/10.1038/s41586-020-2918-0
https://doi.org/10.1089/jir.2010.0117
https://doi.org/10.1089/jir.2010.0117
https://doi.org/10.1093/cid/ciaa1706
https://doi.org/10.1093/cid/ciaa1706
https://doi.org/10.1016/j.celrep.2018.05.057
https://doi.org/10.1016/j.cell.2021.01.053
https://doi.org/10.1016/j.cell.2021.01.053
https://doi.org/10.1038/s41418-020-00690-y
https://doi.org/10.1038/s41418-020-00690-y
https://doi.org/10.1093/bioinformatics/btp616
https://doi.org/10.1093/bioinformatics/btp616
https://doi.org/10.1056/NEJMoa2028700
https://doi.org/10.1038/s41577-020-0367-5
https://doi.org/10.1016/j.cell.2020.09.038
https://doi.org/10.1038/nri2314
https://doi.org/10.1038/nri2314
https://doi.org/10.1038/s41591-021-01329-2
https://doi.org/10.1038/s41591-021-01329-2
https://doi.org/10.1073/pnas.0506580102
https://doi.org/10.1073/pnas.0506580102
https://doi.org/10.1038/s41591-021-01292-y
https://doi.org/10.1038/s41586-020-2700-3
https://doi.org/10.1016/j.cell.2014.10.026
https://doi.org/10.1016/j.cell.2014.10.026

HOU ET AL.

18 of 18 WI LEY- Aging

Wang, K. E., Chen, W., Zhang, Z., Deng, Y., Lian, J.-Q., Du, P., Wei, D.,
Zhang, Y., Sun, X.-X., Gong, L. ., Yang, X. U., He, L., Zhang, L., Yang,
Z.,Geng, J.-J., Chen, R., Zhang, H., Wang, B, Zhu, Y.-M,, ... Chen, Z.-
N. (2020). CD147-spike protein is a novel route for SARS-CoV-2 in-
fection to host cells. Signal Transduction and Targeted Therapy, 5(1),
283. https://doi.org/10.1038/541392-020-00426-x

Wathelet, M. G., Orr, M., Frieman, M. B., & Baric, R. S. (2007). Severe acute
respiratory syndrome coronavirus evades antiviral signaling: role of
nspl and rational design of an attenuated strain. Journal of Virology,
81(21), 11620-11633. https://doi.org/10.1128/JV1.00702-07

Williamson, E. J., Walker, A. J., Bhaskaran, K., Bacon, S., Bates, C.,
Morton, C. E., Curtis, H. J.,, Mehrkar, A., Evans, D., Inglesby,
P., Cockburn, J., McDonald, H. |., MacKenna, B., Tomlinson, L.,
Douglas, I. J., Rentsch, C. T., Mathur, R., Wong, A. Y. S., Grieve, R.,
... Goldacre, B. (2020). Factors associated with COVID-19-related
death using OpenSAFELY. Nature, 584(7821), 430-436. https://doi.
org/10.1038/s41586-020-2521-4

Wingert, A., Pillay, J., Gates, M., Guitard, S., Rahman, S., Beck, A.,
Vandermeer, B., & Hartling, L. (2021). Risk factors for severity
of COVID-19: A rapid review to inform vaccine prioritisation in
Canada. British Medical Journal Open, 11(5), e044684. https://doi.
org/10.1136/bmjopen-2020-044684

Xu, J. B, Xu, C., Zhang, R. B., Wu, M., Pan, C. K, Li, X. J., Wang, Q., Zeng,

F.F.,&Zhu, S. (2020). Associations of procalcitonin, C-reaction pro-

tein and neutrophil-to-lymphocyte ratio with mortality in hospital-

ized COVID-19 patients in China. Scientific Reports, 10(1), 15058.

https://doi.org/10.1038/s41598-020-72164-7

R., Zhang, Y., Li, Y., Xia, L., Guo, Y., & Zhou, Q. (2020). Structural

basis for the recognition of SARS-CoV-2 by full-length human

ACE2. Science, 367(6485), 1444-1448. https://doi.org/10.1126/

science.abb2762

Yang, C., Jiang, M., Wang, X., Tang, X., Fang, S., Li, H., Zuo, L. E., Jiang,
Y., Zhong, Y., Chen, Q., Zheng, C., Wang, L., Wu, S., Wu, W, Liu,
H., Yuan, J.,, Liao, X., Zhang, Z., Shi, X., ... Hu, Q. (2020). Viral RNA
level, serum antibody responses, and transmission risk in recov-
ered COVID-19 patients with recurrent positive SARS-CoV-2
RNA test results: a population-based observational cohort study.
Emerging Microbes & Infections, 9(1), 2368-2378. https://doi.
org/10.1080/22221751.2020.1837018

Yang, J., Zheng, Y., Gou, X., Pu, K., Chen, Z.,, Guo, Q., Ji, R., Wang, H.,
Wang, Y., & Zhou, Y. (2020b). Prevalence of comorbidities and its
effects in patients infected with SARS-CoV-2: a systematic review
and meta-analysis. International Journal of Infectious Diseases, 94,
91-95. https://doi.org/10.1016/j.ijid.2020.03.017

Yang, L., Liu, S., Liu, J., Zhang, Z., Wan, X., Huang, B., Chen, Y., & Zhang, Y.
(2020). COVID-19: immunopathogenesis and Immunotherapeutics.
Signal Transduction and Targeted Therapy, 5(1), 128. https://doi.
org/10.1038/s41392-020-00243-2

Yan

Zhang, C., Wu, Z., Li, J. W,, Zhao, H., & Wang, G. Q. (2020). Cytokine
release syndrome in severe COVID-19: Interleukin-6 recep-
tor antagonist tocilizumab may be the key to reduce mortality.
International Journal of Antimicrobial Agents, 55(5), 105954. https://
doi.org/10.1016/j.ijantimicag.2020.105954

Zhang, Q., Bastard, P, Liu, Z., Le Pen, J., Moncada-Velez, M., Chen, J.,
Ogishi, M., Sabli, I. K. D., Hodeib, S., Korol, C., Rosain, J., Bilguvar,
K., Ye, J., Bolze, A., Bigio, B., Yang, R., Arias, A. A., Zhou, Q., Zhang,
Y. U,, ... Zhang, X. (2020). Inborn errors of type | IFN immunity
in patients with life-threatening COVID-19. Science, 370(6515),
eabd4570. https://doi.org/10.1126/science.abd4570

Zhao, X., Nicholls, J. M., & Chen, Y. G. (2008). Severe acute respiratory
syndrome-associated coronavirus nucleocapsid protein interacts
with Smad3 and modulates transforming growth factor-beta signal-
ing. The Journal of Biological Chemistry, 283(6), 3272-3280. https://
doi.org/10.1074/jbc.M708033200

Zhao, Y., Qin, L., Zhang, P, Li, K., Liang, L., Sun, J., Xu, B., Dai, Y., Li,
X., Zhang, C., Peng, Y., Feng, Y., Li, A,, Hu, Z., Xiang, H., Ogg, G.,
Ho, L.-P., McMichael, A., Jin, R., ... Zhang, Y. (2020). Longitudinal
COVID-19 profiling associates IL-1RA and IL-10 with disease se-
verity and RANTES with mild disease. JCI Insight, 5(13), e139834.
https://doi.org/10.1172/jci.insight.139834

Zhou, S., Butler-Laporte, G., Nakanishi, T., Morrison, D. R., Afilalo,
J., Afilalo, M., Laurent, L., Pietzner, M., Kerrison, N., Zhao, K.,
Brunet-Ratnasingham, E., Henry, D., Kimchi, N., Afrasiabi, Z.,
Rezk, N., Bouab, M., Petitjean, L., Guzman, C., Xue, X., ... Richards,
J. B. (2021). A Neanderthal OAS1 isoform protects individuals of
European ancestry against COVID-19 susceptibility and severity.
Nature Medicine, 27(4), 659-667. https://doi.org/10.1038/s41591-
021-01281-1

SUPPORTING INFORMATION
Additional supporting information may be found in the online

version of the article at the publisher’s website.

How to cite this article: Hou, Y., Zhou, Y., Jehi, L., Luo, Y., Gack,
M. U., Chan, T. A,, Yu, H., Eng, C., Pieper, A. A., & Cheng, F.
(2022). Aging-related cell type-specific pathophysiologic
immune responses that exacerbate disease severity in aged
COVID-19 patients. Aging Cell, 21, e13544. https://doi.
org/10.1111/acel.13544



https://doi.org/10.1038/s41392-020-00426-x
https://doi.org/10.1128/JVI.00702-07
https://doi.org/10.1038/s41586-020-2521-4
https://doi.org/10.1038/s41586-020-2521-4
https://doi.org/10.1136/bmjopen-2020-044684
https://doi.org/10.1136/bmjopen-2020-044684
https://doi.org/10.1038/s41598-020-72164-7
https://doi.org/10.1126/science.abb2762
https://doi.org/10.1126/science.abb2762
https://doi.org/10.1080/22221751.2020.1837018
https://doi.org/10.1080/22221751.2020.1837018
https://doi.org/10.1016/j.ijid.2020.03.017
https://doi.org/10.1038/s41392-020-00243-2
https://doi.org/10.1038/s41392-020-00243-2
https://doi.org/10.1016/j.ijantimicag.2020.105954
https://doi.org/10.1016/j.ijantimicag.2020.105954
https://doi.org/10.1126/science.abd4570
https://doi.org/10.1074/jbc.M708033200
https://doi.org/10.1074/jbc.M708033200
https://doi.org/10.1172/jci.insight.139834
https://doi.org/10.1038/s41591-021-01281-1
https://doi.org/10.1038/s41591-021-01281-1
https://doi.org/10.1111/acel.13544
https://doi.org/10.1111/acel.13544

