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Epidemiology

The COVID-19 pandemic, caused by SARS-CoV-2 has disproportionately affected older adults,
who account for the majority of COVID-19-related hospitalizations and deaths. Although disease
severity has declined, periodic surges continue to pose significant risks to aging populations,
exacerbated by age-associated immune dysfunction, or immunosenescence. This dissertation
investigates the immune responses that contribute to protection against SARS-CoV-2 and how
these responses become dysregulated with increasing age. Given the evidence of impaired
antiviral immunity in aged models, we also evaluated the representation of older adults in
COVID-19 vaccine clinical trials to assess whether key age-associated immune differences are
being adequately captured in clinical research.

In Chapter 1, we examined the effects of IFNf pre-treatment on SARS-CoV-2 infection

dynamics in lung epithelial cell models. We identified interferon-stimulated gene signatures



associated with antiviral protection, and found that pre-activation of the IFN pathway
significantly reduced viral replication and dampened inflammatory responses associated with
severe disease.

In Chapter 2, leveraging a cohort of young, mature, and aged mice infected with mouse-adapted
SARS-CoV-2, we performed temporally resolved transcriptomic analyses of lung tissues. Aged
mice exhibited impaired early cytokine and IFN signaling, dysregulated T cell activation during
recovery, and elevated baseline inflammatory signatures, all of which contributed to delayed
viral clearance and worsened disease outcomes. Moreover, these immune response are crucial for
effective vaccine-induced protection against COVID-19.

In Chapter 3, we conducted a cross-sectional analysis of COVID-19 vaccine clinical trials,
quantifying the underrepresentation of older adults and identifying exclusion criteria
disproportionately impacting this group. Our analysis reveals significant underrepresentation of
older adults in these trials, key barriers to their enrollment, and provides recommendations for
improving inclusivity of this group in clinical trials. Together, these studies provide new insights
into the molecular mechanisms underlying age-associated susceptibility to SARS-CoV-2 and
offer a framework for improving immune protection and clinical trial participation for older

adults.
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Chapter 1. EARLY INTERFERON RESPONSES SHAPE ANTIVIRAL
IMMUNITY AND LIMIT INFLAMMATION DURING ANCESTRAL SARS-
COV-2 INFECTION: A FUNCTIONAL GENOMIC ANALYSIS

Chapter 1. SUMMARY

Dysregulation of the interferon (IFN) signaling pathway has been implicated in severe cases of
COVID-19. Type I IFNs have shown promise in reducing viral load in some patients, but their
efficacy depends on multiple factors, including timing, duration, IFN subtype, and host
transcriptional responses. Here, we analyzed the transcriptional response to IFN-§ and SARS-
CoV-2 infection in Calu-3 and HSAEC1-KT lung epithelial cells, revealing distinct IFN-
stimulated gene (ISG) and virus-stimulated gene (VSG) signatures, including waves of ISGs that
define antiviral immunity, immune modulation, and cellular recovery. IFN- treatment prior to
SARS-CoV-2 infection induced a robust ISG response, accelerating viral RNA clearance and
dampening inflammatory pathways linked to severe disease, including NF-«xB activation and
cytokine-mediated signaling. In contrast, post-infection treatment with IFN-f3 had minimal
impact on gene expression, with no significant reduction in viral RNA levels. Furthermore, we
identified a viral-load associated transcriptional signature that was enriched in severe COVID-19
patients, but was mitigated by IFN-f pre-treatment. These findings underscore the importance of
early ISG activation in shaping antiviral defenses and highlight the role of IFN timing in
reducing inflammation and limiting viral replication. Our results provide a comprehensive atlas
of ISG sets with potential therapeutic potential, offering a framework for optimizing IFN-based

therapies against SARS-CoV-2.

1.1  INTRODUCTION



1.1.1  Novel coronavirus outbreak

The coronavirus disease 2019 (COVID-19) pandemic marks the third pathogenic coronavirus
outbreak in the past two decades. Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-
2), the virus responsible for COVID-19, was first identified in Wuhan, Hubei Province, China in
December 2019, and quickly spread worldwide!. The first confirmed case of SARS-CoV-2
infection in the United States was identified in Snohomish County, Washington State on January
19, 2020%. Phylogenetic analysis revealed that this strain, designated USA/WA1/2020 (WA1),
was closely related to early virus samples from China®. The WA isolate has since become the
primary reference strain for research in the United States, serving as a critical tool for
investigating the mechanisms of SARS-CoV-2 infection and immune activation.

1.1.2  SARS-CoV-2 evolution

Like other RNA viruses, SARS-CoV-2 undergoes continuous genomic mutations, resulting in the
emergence of variants that pose significant global public health challenges. Variants of concern
(VOCs), including Alpha (B.1.1.7), Beta (B.1.351), Gamma (P.1), Delta (B.1.617.2), and
Omicron (B.1.1.529), have raised concerns regarding vaccine efficacy, transmissibility, and
disease severity. Despite the emergence of these variants, the WA 1 remains a critical reference
strain for investigating fundamental mechanisms of SARS-CoV-2 infection. Given that innate
immune pathways, including IFN signaling and ISG responses are broadly conserved across
SARS-CoV-2 variants, studying WA provides essential insights into antiviral defense
mechanisms that remain relevant to understanding both ancestral and emerging variant strains.
1.1.3  Clinical features of COVID-19

SARS-CoV-2/WA1 primarily causes lower respiratory tract infections, presenting with

symptoms such as cough, fever, shortness of breath, and muscle aches?. It has been widely



reported that over 80% of COVID-19 patients experience mild disease, requiring neither
hospitalization nor intensive medical care>S. Risk factors for severe disease include advanced
age, male sex, racial and social inequities, and pre-existing comorbidities such as diabetes and
coronary heart disease>’. Despite these known risk factors, the reasons some individuals recover
quickly while others experience severe illness or fail to recover remain unclear.

Early studies suggest that worsening COVID-19 severity is associated with a delayed and
dysregulated interferon (IFN) response, leading to excessive inflammatory cytokine production

characteristic of cytokine storm syndrome®!!

. For example, Hadjadj et al. reported reduced
expression of IFN-stimulated genes (ISGs) in severe and critical COVID-19 cases, coupled with
the absence of IFN-beta (IFN-B) mRNA or protein in infected patients!?. Other studies have
confirmed insufficient type I and III IFN responses alongside elevated levels of inflammatory
cytokines!!. While cytokine signaling is crucial for regulating the innate immune response to
viral infections, dysregulation or hyperactivation of this response can result in significant host
damage'>!*. Elevated levels of pro-inflammatory cytokines, including interleukin (IL)-1, IL-2,
IL-6, tumor necrosis factor (TNF), and IFN-gamma (IFN-y) have been linked to severe COVID-
19 complications, including acute respiratory distress syndrome (ARDS), hemophagocytic
lymphohistiocytosis (HLH), and multi-organ failure!>. These findings suggest that effective IFN
signaling and coordinated ISG production may drive mild COVID-19 outcomes, highlighting
their role in mitigating hyperinflammation and dysregulated responses characteristic of severe
cases.

1.1.4  Canonical antiviral host defenses

Canonical host defense signaling against viruses begins with the detection of pathogen-

associated molecular patterns (PAMPs) by pattern-recognition receptors (PRRs)!¢. In the context
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of SARS-CoV-2 infection, PRR-mediated immune signaling is initiated primarily through
retinoic acid-inducible gene-I (RIG-I)-like receptors (RLRs), including RIG-I and melanoma
differentiation-associated gene 5 (MDAS)!”. This recognition triggers the production of type I
and III IFNs and other antiviral cytokines. Binding of type I/III IFNs to their respective receptor
induces the expression of hundreds of ISGs, collectively combating viral infections through a
variety of mechanisms including inhibition of viral entry, replication, translation, and egress'®.
However, ISG composition and expression kinetics can fluctuate in response to pathogen-
specific factors, cell type specificity, receptor expression levels, and host genetic variation'®.
While numerous ISGs with established antiviral properties, such as MX1, RSAD2, and IFIT2, are
induced upon SARS-CoV-2 infection, a substantial knowledge gap persists in defining the
specific ISGs induced by SARS-CoV-2.

1.1.5 Uncovering SARS-CoV-2 specific gene signatures

Understanding the ISG signature unique to SARS-CoV-2 is crucial for elucidating how the
disrupted IFN response contributes to inflammatory cytokine production and severe disease
outcomes. Moreover, rather than focusing solely on individual effector ISGs, it is essential to
consider how ISGs function collectively to restrict viral infection. Given that IFNs exert their
potency through the concerted action of multiple ISGs, a better understanding of these group
dynamics may provide more clinically relevant insights into therapeutic strategies that mimic
IFN’s broad antiviral properties while mitigating its adverse side effects.

Despite significant progress in understanding host-virus interactions, further research is essential
to understand the mechanisms underlying COVID-19 pathogenesis and inform effective public
health interventions. In this study, we analyzed the response to type I IFN and SARS-CoV-2

infection to reveal the ISG and VSG signature of human lung epithelial cells. Calu-3 cells,
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derived from the human airway epithelium, represent the upper respiratory tract, while HSAEC1-
KT/ACE2 cells, primary human small airway epithelial cells engineered to express ACE2, model
the distal lung. These complementary models capture distinct regional and functional responses
to IFN and viral infection across the respiratory tract. We hypothesized that early induction of
ISGs in lung epithelial cells would restrict SARS-CoV-2 replication in vitro, leading to rapid
viral clearance and inhibition of infection. Our findings identify SARS-CoV-2 (WA1)-specific
ISG subsets that, when activated early, can directly control viral replication and mitigate virus-
induced inflammatory programming.

1.2 RESULTS

1.2.1 IFN-f induces canonical type I IFN signaling in human lung epithelial cells

To evaluate the type I IFN response, we used two human lung epithelial cell lines, Calu-3 and
HSAECI1-KT, highly relevant models for SARS-CoV-2 studies. Human ACE2 was stably
introduced into parental HSAEC1-KT cells to facilitate infection. Upon IFN- treatment, both
cell lines exhibited canonical IFN signaling, evidenced by STAT1 and STAT2 phosphorylation
and a dose-dependent increase in ISG expression, including IFIT1 and IFITM1 (Fig. 1A). Bulk
RNA sequencing (RNA-seq) was performed across four time points (6, 12, 24, and 48 h) and
three IFN-B doses (10, 100, 1,000 IU/mL) (Fig. 1B). Principal component analysis (PCA) on the
mean logz counts per million (CPM) revealed distinct separation between treatments and time
points, validating that the experimental conditions induced distinct transcriptional signatures
(Fig. S1A).

1.2.2  Characterizing the IFNf-stimulated gene signature

Differential expression (DE) analysis revealed 652 and 2,766 interferon-stimulated genes (ISGs)

in Calu-3 and HSAEC1-KT/ACE?2 cells, respectively, with 383 shared ISGs (Fig. 1C). Here,
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ISGs are defined as genes significantly upregulated or downregulated following IFN- treatment.
The number of DEGs increased proportionally with IFN- dose across time points (Fig. 1D).
Unsupervised clustering of logz fold changes (LFC) revealed five temporally distinct co-
expression clusters: Immediate Early, Early, Late, Downregulated 1, and Downregulated 2 (Fig.
1D). Despite differences in gene composition, clusters exhibited similar dynamic expression
patterns across cell lines, with Immediate Early genes peaking at 12 h, Early genes at 24 h, and
Late genes steadily increasing over time (Fig. 1E).

Pathway enrichment analysis revealed that Immediate Early clusters were enriched for canonical
type I IFN responses, complement activation, and viral defense pathways, while Early clusters
were associated with IFN-y response and TNF-a signaling (Fig. 1F). Late clusters showed
enrichment for pathways related to structural organization and cellular regulation pathways,
though with divergent gene membership between cell lines (Fig. S2). Downregulated clusters
revealed reduced expression of genes involved in RNA catabolism, ribosome function, and
translation initiation (Fig. 1F , Fig. S2).

Given the strong cytokine pathway enrichment, we further examined cytokine induction
following IFN-f treatment. Both cell lines upregulated CXCL10, CXCLS, IL-15, IFNLI, IFNL3,
CXCLY, CCL5, IL-7, and IL-6, while HSAEC1-KT/ACE2 cells uniquely showed stronger
induction of anti-inflammatory cytokines /L-/RN and IL-36RN, enhanced modulation of
inflammation (Fig 1G).

Upstream regulator analysis implicated canonical IFN-driven regulators, including IRF1, IRF7,
and STAT1 in Immediate Early and Early clusters (Fig. 1H). Additional immune and stress-
responsive regulators (NONO, SMAD4, SPI1, NFKBI1, and RELA) were also associated with

gene regulation following IFN-f treatment, potentially reflecting secondary regulatory layers.
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Late cluster genes were driven by regulators of chromatin remodeling and cell differentiation
(SMARCAA4, EP300, and EOMES ) which downregulated clusters showed suppression of
metabolic and proliferative programs regulated by ID1, HNF1A, and E2F4. Notably, most TFs in
HSAEC1-KT/ACE?2 cells were predicted to regulate genes across all clusters, suggesting a more
globally coordinated response to IFN-f (Fig. 1H).

1.2.3  SARS-CoV-2 elicits type I IFN signaling

Following SARS-CoV-2 (MOI:5) infection for up to 48 hpi, we identified 3,584 and 3,691 DE
genes, referred to as virus-stimulated genes (VSGs), in Calu-3 and HSAEC1-KT/ACE?2 cells,
respectively (Fig. 2A-B). In Calu-3 cells, nearly all VSGs were DE by 48 h post-infection (hpi),
with peak upregulation at this time, while HSAEC1-KT/ACE2 displayed a faster transcriptional
response, with approximately half of the VSGs responding by 24 hpi (Fig. S3A-S3B). Cytokine
activation mirrored this trend, with antiviral mediators (IFFN-f, IFN-1s, CXCL10) and pro-
inflammatory cytokines (7NF-a, IL-6, CCLJ5) peaking at 48 hpi in Calu-3 cells and 24 hpi in
HSAEC1-KT/ACE?2 cells (Fig. S2C). Again, immunomodulatory cytokines /L/RN and IL36RN
were only DE after SARS-CoV-2 infection in HSAEC1-KT/ACE2 cells (Fig. S3C).

1.2.4  Characterizing the SARS-CoV-2 gene signature

Pathway enrichment analysis revealed that Calu-3 cells activated TNF-a/NF-«xB signaling, [FN-y
response, and RNA Pol II activity at 48 hpi, whereas HSAEC1-KT/ACE2 cells showed earlier
activation of these pathways at 24 hpi (Fig. S3D). Enrichment of IL-2/STAT2 signaling pathways
at earlier time points in HSAEC1-KT/ACE2 cells suggests a more rapid transition toward
immune activation. Both cell lines downregulated metabolic pathways (Fig. S3D). Upstream

regulator analysis highlighted activation of immune-related TFs (STATs, IRFs, RELA, NFKB1),
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stress-related TFs (ATF4, SMARCA4, TP53, NUPR1), and tissue remodeling TFs (SMAD3,
FOXM1, CDKN2B), with earlier activation predicted in HSAEC1-KT/ACE2 cells (Fig. S2E).
1.2.5 ISG signature during infection

Following SARS-CoV-2 infection, the transcriptional dynamics of ISGs identified in Fig. 1D
mirrored the patterns observed during IFN- treatment (Fig. 2C). HSAEC1-KT/ACE?2 cells
quickly induced innate immune signaling, with Immediate Early and Early ISG expression
peaking at 24 hpi compared to 48 hpi in Calu-3 cells, and showing a higher average LFC in these
early time points (Fig. 2D). In both cell lines, ISG induction was greater during infection than
during IFN-f treatment alone, likely due to viral RNA sensing through PRRs and autocrine
amplification of the IFN response (Fig 2D). These timing and strength differences suggest that
HSAEC1-KT/ACE2 cells may limit viral replication more effectively than Calu-3.

1.2.6  IFN-f-independent VSG signature

To identify genes regulated independently of IFN signaling, ISGs were excluded, yielding 2,654
and 1,417 IFN-independent VSGs in Calu-3 and HSAEC1-KT/ACE2 cells, respectively, with
464 shared genes (Fig. S3A). In both cell lines, early transcriptional responses were largely IFN-
mediated, with virus-specific responses emerging predominantly between 24 and 48 hi.
HSAEC1-KT/ACE?2 cells exhibited accelerated transcriptional dynamics compared to Calu-3,
consistent with earlier innate immune activation.

Pathway enrichment of IFN-independent VSGs revealed activation of TNFo/NF-kB and MAPK
signaling, along with epithelial morphogenesis pathways, while metabolic and structural
organization pathways were downregulated (Fig. S4B). Upstream regulator analysis implicated
inflammation-related (NFKB1, RELA, FOS, JUN), stress-responsive (ATF4, KLF6, MYC), and

tissue remodeling (SMAD3, FOXA1, EZH2) TFs (Fig. S4C). These findings demonstrate that

15



although ISG responses dominate early infection, IFN-independent antiviral pathways emerge
later, providing additional layers of host defense that may be particularly important in the context
of impaired IFN signaling or viral immune evasion strategies.

1.2.7 Early IFN signaling attenuates SARS-CoV-2 replication

To investigate the role of early IFN signaling on SARS-CoV-2 infection, viral kinetics were
assessed following 24 h of IFN-f pre-treatment (Fig. 3A). Pre-treatment significantly reduced
viral production in a dose-dependent manner in Calu-3 cells and conferred complete protection
in HSAEC1-KT/ACE2 cells across all IFN-3 doses (Fig. 3B). While high IFN-3 doses (100,
1000 IU/mL) induced mild cytotoxicity in mock-treated Calu-3 cells, HSAEC1-KT/ACE2 cells
maintained 100% cell survival across all doses (Fig. 3C). qPCR analysis demonstrated
significant reductions in viral RNA levels (orflab and N) following IFN-f pre-treatment (Fig.
3D).

Immunoblot analysis confirmed induction of canonical ISGs, including IFIT1 and IFITMI1,
within 24 h, indicating successful IFN pathway activation prior to infection (Fig. 3E). Higher
IFN-f doses were associated with greater reductions in viral N protein levels and suppression of
virus-induced signaling proteins, including phosphorylated (p)-IRF3, p-STAT1, and p-STAT2
levels (Fig. 3E, Fig. 3F). These findings indicate that IFN-f3 pre-treatment effectively attenuates
both viral replication and virus-triggered signaling pathways, mitigating infection-associated
cellular stress.

1.2.8 IFN-f pre-treatment reprograms the host response

To investigate the impact of IFN-f3 pre-treatment on host responses to SARS-CoV-2, we
compared gene expression in pre-treated versus untreated infected cells (Fig. SA). IFN-f priming

significantly reprogrammed transcriptional responses, with 2,995 DE genes in Calu-3 cells, and
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5,830 DE genes in HSAEC1-KT/ACE2 cells (Fig. S5A). Pre-activated antiviral modules were
already elevated at 0 hpi in pre-treated cells and dampened by 24-48 hpi, consistent with viral
suppression (Fig. S5A, Fig. 3B). Pro-inflammatory cytokines (TNF-a, IFN-f, IFNLI-3, IFNL?2,
and CXCLY) strongly upregulated in infection were markedly reduced in IFN-f pre-treated cells
(Fig. S5B). Pathway analysis revealed upregulation of ciliary function, motility, and metabolism
pathways— which were suppressed during infection—suggesting restoration of epithelial
homeostasis (Fig. S5C). Upstream regulators shifted from early ISG drivers (IRFs, STATs) to
metabolic and cell cycle factors (TEADI1, SPI1, E2F4, HNF1A, and MGA) over time (Fig. S5D).
Pre-treatment enhanced early ISG induction, with Immediate Early and Early I1SGs peaking at 0
hpi, followed by reduction at later time points compared to untreated infection (Fig 4A).
Conversely, Downregulated ISG modules exhibited progressive upregulation relative to
untreated infection consistent with transcriptional recovery (Fig. 4A).

1.2.9 IFN-f induces early expression of antiviral ISGs

Among cell line-specific ISGs, 383 genes were conserved across cell lines (Fig. 1C). These ISGs
were clustered into five co-expression modules, and nearly all remained significantly regulated
during IFN-f pre-treatment compared to infection alone (Fig. 4B). Cluster 3 contained key
antiviral ISGs, including RIG-I, OAS1, IFITM1, BST2, IFNLI, HERCS, and ISG15, which

are known SARS-CoV-2 restriction factors (Fig. 4C). Cluster 3 expression was stronger in
HSAEC1-KT/ACE2 cells at early time points but more rapidly attenuated at later timepoints
compared to Calu-3, suggesting a more dynamic antiviral response (Fig. 4C). Pro-inflammatory
ISGs, such as CXCL10, CXCL11, IFNLI, and IFNL3 were also attenuated by IFN-3 pre-

treatment beginning at 24 hpi in both cell lines. These findings suggest that early IFN-f priming
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enhances antiviral gene expression while mitigating excessive inflammatory-related genes,
potentially limiting tissue damage and promoting recovery.

IFN-B pre-treatment suppressed immune-related ISG expression (Clusters 1-4) at later time
points in a dose-dependent manner, except at the lowest dose in Calu-3 (Fig. 4D). While 100 and
1,000 TU/mL effectively suppressed late ISG expression, 10 IU/mL failed to do so, resulting in
sustained activation similar to untreated infection (Fig 4D). This pattern correlated with viral
replication outcomes, where 10 IU/mL IFN- only modestly reduced viral plaques in Calu-3
cells (Fig. 3B). In contrast, HSAEC1-KT/ACE2 cells exhibited complete viral suppression and
tightly regulated ISG expression across all doses (Fig. 4D).

1.2.10 IFNp post-treatment has limited protective effects

To evaluate the protective potential of IFN-f administered after SARS-CoV-2 infection, Calu-3
and HSAECI1-KT/ACE2 cells were treated with [FN-f3 at 24 hpi (Fig. 5A). Plaque assays
revealed a slight dose-dependent reduction in infectious virus in Calu-3 cells, though the effect
was not statistically significant (Fig. 5B). IFN-f} post-treatment had no significant impact on
cytotoxicity (Fig. 5C) or viral RNA levels, with untreated, infected cells showing naturally
declining RNA levels by 72 hpi (Fig. 5D).

Immunoblot analysis confirmed activation of antiviral pathways by SARS-CoV-2 infection at 24
hpi, including phosphorylation of IRF3 (S386), STAT1 (Y701), and STAT2 (Y689), and elevated
ISG expression at 36 hpi (Fig. SE). However, IFN- post-treatment did not significantly alter the
levels of p-Statl, p-Stat2, or p-IRF3 across doses (Fig. 5F). These findings suggest that by 24
hpi, SARS-CoV-2 infection is already well-established, limiting the protective effects of
subsequent IFN- administration.

1.2.11 Post-treatment IFN- weakly alters SARS-CoV-2-induced transcription
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To identify ISGs capable of overcoming virus-induced transcriptional dominance, we compared
the transcriptomic response to increasing doses of IFN-f administered at 24 hpi relative to
untreated. infected cells. DE analysis identified only 65 DE genes in Calu-3 and 15 in HSAEC1-
KT/ACE2, suggesting that SARS-CoV-2-driven transcriptional program remains largely
unaffected by IFN-f post-treatment (Fig. S6A). Restricting the analysis to ISGs revealed 12
significant DE ISGs per cell line, with CXCL10 and GMPR as the only shared genes (Fig. 6A).
These inducible ISGs included antiviral effectors (ZBP1, TRIM22, GBP4, IFIT2, RSAD2) and
immune regulators (CD38, CXCL10, UBD, BATF2, CXCLI11, IDO1, XAFI). Upstream regulator
analyses predicted IRF3, STAT1, and NONO as key TFs orchestrating these responses (Fig. 1H,
Fig. S3E). Interaction networks linking IFN-B-induced ISGs with these regulators revealed cell
line-specific modules capable of residual induction despite established infection, highlighting
potential pathways that remain responsive to IFN signaling at later stages (Fig. 6B).

1.2.12 IFN-p protects against severe COVID-19 signature

To identify gene networks associated with viral load, we performed weighted gene co-expression
network analysis (WGCNA) across all treatment groups in both cell lines, using a soft-
thresholding power of 8 to achieve a scale-free R? value of 0.8 (Fig. S7A). This analysis
identified 36 co-expression modules, with the blue module showing the strongest correlation
with viral reads (r=0.73, p <0.001), suggesting its key role in host responses to SARS-CoV-2
infection (Fig. S7B-C). A significant correlation between gene significance (GS) and module
membership (MM) (r=0.79, p < 0.001) further confirmed that hub genes in this module are
strongly associated with viral load (Fig. 57D).

To assess clinical relevance, we compared the blue module gene signature to a publicly available

transcriptomic dataset (GSE171110) consisting of whole blood RNA-seq from 10 healthy
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controls and 44 severe COVID-19 patients. DE analysis identified 221 of the 2,087 blue module
genes as significantly DE in severe disease (Fig. STE). Expression analysis of these genes across
experimental conditions (Mock, IFN-f treatment, SARS-CoV-2 infection, and IFN-f post-
treatment) revealed highly consistent expression patterns across, except for a distinct subset of 14
genes in Cluster 6 (Fig. 7A).

These 14 genes exhibited low expression in Mock, IFN-f treatment, and IFN-f} pre-treatment
conditions, but were strongly upregulated during SARS-CoV-2 infection and IFN-B post-
treatment, suggesting they are primarily virus-induced rather than IFN-induced (Fig. 7A).
Further analysis of normalized expression counts revealed that early IFN-3 pre-treatment
mitigated the induction of these genes, likely due to early viral suppression and prevention of
persistently activated host stress and immune pathways, whereas IFN-f post-treatment had
minimal impact.

Comparison to severe COVID-19 patient samples confirmed significant upregulation of these
genes in severe disease, except /FNL1, which was reduced (Fig. 7C). Together, these findings
reinforce that early IFN-f priming effectively attenuates gene signatures associated with viral-
load and severe COVID-19, while late IFN-f intervention fails to reprogram the host

transcriptional landscape once infection is established.

1.3 DISCUSSION

1.3.1 Principle findings

This study provides critical insights into the transcriptional responses of human lung epithelial
cells to IFN-f treatment and SARS-CoV-2 infection, revealing temporally distinct waves of ISG
expression that define antiviral immunity, immune modulation, and cellular recovery. By

categorizing ISGs into coordinated transcriptional clusters, we identified pathways critical for
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early viral suppression, inflammation regulation, and homeostasis, highlighting the dynamic and
context-dependent nature of IFN signaling. HSAEC1-KT/ACE2 cells exhibited a more rapid and
robust transcriptional response to both IFN- and SARS-CoV-2 compared to Calu-3 cells,
correlating with more effective viral suppression at lower IFN-f§ doses (Fig. 1D, Fig. S3A, Fig.
5B). This suggests innate differences in epithelial cell responsiveness between these cell lines.
Early IFN-B priming not only suppressed viral replication but also mitigated inflammatory
pathways linked to severe COVID-19, including NF-kB activation, IL-8 production, complement
activation, and PRR signaling (Fig. 3B-F, Fig. 4D). IFN-3 pre-treatment also suppressed adaptive
immune pathways, such as T cell-mediated immunity and antigen processing (Fig. 4D), and
dampened pro-inflammatory ISGs (CXCL10, CXCL11, IFNLI, and IFNL3) at later stages (Fig.
3C). Given that CXCL10 and CXCL11 recruit effector cells and IFN-As modulate epithelial
antiviral defenses, their downregulation by IFN-3 pre-treatment suggests a coordinated
mechanism to limit immune-mediated tissue damage and promote recovery.

1.3.2  Clinical implications

Our findings also reinforce the critical importance of timing in IFN responses. Consistent with
previous studies, such as Viox et al., which demonstrated IFN-o-mediated viral suppression in
Calu-3 cells and rhesus macaques, our work extends these observations by defining distinct ISG
waves and coordinated transcriptional drivers of protection 2°. Despite the potency of early IFN-f3
priming, IFN- post-treatment at 24 hpi failed to substantially reprogram virus-driven
transcription. Nevertheless, select ISGs (TRIM22, RSAD2, IFIT2, CXCL10, CXCL11, CD38)
remained inducible. We did not observe evidence of SARS-CoV-2-mediated inhibition of ISG
activation as no ISGs remained uninduced during infection. Rather, the limited impact of IFN-3

post-treatment likely reflects ISG saturation in infected cells.

21



The intersection of the viral load-associated transcriptional signatures with severe COVID-19
patient datasets revealed a 14-gene cluster mitigated by early IFN-f treatment (Fig. 7B). Genes
involved in chromatin remodeling (H1-4, H2ACS, H2BC18, and HSPA6) suggest that SARS-
CoV-2 may exploit host epigenetic machinery to sustain infection and inflammation. RNA
viruses, including SARS-CoV-2, have been shown to hijack host chromatin remodeling pathways
to evade immune detection and promote inflammatory cytokine production?!-?2, Early ISG
induction may counteract virus-driven epigenetic modifications, preserving transcriptional
integrity and limiting viral exploitation of host chromatin dynamics. Moreover, prior reports
have associated increased expression of DNAH17, ITGAM, FAP, HSPA6, and IL-11 with COVID-
19 infection, further linking this IFN-suppressed signature to dysregulated immune activation*
27, Given that early IFN priming suppressed all genes in this signature, future studies should
investigate whether these genes contribute mechanistically to severe COVID-19 pathogenesis or
are secondary to immune dysregulation.

Although early IFN priming suppressed this severe COVID-19 gene signature, most viral load-
associated genes identified in lung epithelial cells were not DE in severe COVID-19 blood
samples, likely reflecting differences in tissue-specific responses and timing (epithelial vs. blood,
early vs. late infection). These findings underscore the need to integrate in vitro and in vivo
models to fully capture host-pathogen dynamics.

1.3.3  Strengths and limitations

While our study provides a detailed temporal framework for ISG dynamics, several limitations
exist. This use of WA1 strain does not fully encompass mutations present in later variants (e.g.,
Delta, Omicron) or current circulating variants that could alter IFN sensitivity. The use of high

MOI may noy fully replicate natural infection dynamics. Moreover, our in vitro system, while
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mechanistically informative, does not capture the complexity of multicellular immune responses
in vivo. Longitudinal patient studies with consistent IFN dose, timing, and sample collection
would complement these findings and provide insights into ISG regulation during convalescence.
1.3.4  Conclusions

In summary, this work defines temporally distinct ISG modules and demonstrates that early IFN
signaling is a critical determinant of effective antiviral responses to SARS-CoV-2. Early
activation of cytokine and IFN pathways promotes viral clearance while preventing downstream
inflammation. These findings provide a foundation for optimizing IFN-based therapies that
leverage endogenous antiviral pathways. Future studies should explore the functions of
uncharacterized ISGs and the therapeutic potential of targeting upstream regulators to enhance

early antiviral responses.
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1.6 FIGURE LEGENDS

1.6.1 Figure 1. The effect of IFN- on lung epithelial cells.

Human lung adenocarcinoma Calu-3 (ACE2+) and immortalized small airway epithelial
HSAEC1-KT/ACE2 cells were treated with the indicated concentration of IFN-f (0, 10, 100, and
1,000 TU/mL) for 6, 12, 24, and 48 h. (A) Western blot analysis of ISG protein expression
(IFIT1, IFITM1) and phosphorylation of STAT1 and STAT?2 following IFN-f treatment. (B)
Schematic summary of IFN-f treatment. Samples treated with IFN-f (10, 100, and 1,000 IU/mL)
were compared to their respective mock-treated controls, matched by time point (6, 12, 24, 48 h).
(C) Overlap of differentially expressed genes (DEGs) between Calu-3 (652 DEGs) and
HSAEC1-KT/ACE2 (2,766 DEGs) cells following IFN-f treatment. (D) Hierarchical clustering
of DEGs (p.adj <0.01, LFC >1) in Calu-3 and HSAEC1-KT/ACE2. Five interferon-stimulated
gene (ISG) clusters were identified based on expression kinetics: Immediate Early (IE), Early
(E), Late (L), Downregulated 1 (D1), and Downregulated 2 (D2). The accompanying bar plot
reflects the number of upregulated and downregulated DEGs at each time point. (E) Line plot of
average log2 fold change (LFC) for each ISG subset at 6, 12, 24, and 48 h post IFN- (100
IU/mL) treatment relative to mock controls in both cell lines. (F) Pathway enrichment analysis
using Over Representation Analysis (ORA) with Gene Ontology (GO), KEGG, and Hallmark
databases for clusters identified in panel D. Modules marked with an asterisk (*) did not meet the
statistical significance threshold (FDR < 0.05) for pathway enrichment, but associated Gene
Ontology (GO) terms are shown for biological context. (G) Heatmap of log2 counts per million
(CPM) for cytokine expression during IFN-f (100 IU/mL) treatment at 6, 12, 24 and 48 h in both
cell lines. A mock treatment time point (0 [U/mL) was included as a reference. DE annotations

are shown next to the heatmap. (H) Upstream Regulator analysis of the ISG subsets identified in
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panel D, performed using Ingenuity Pathway Analysis (IPA). Transcription factor (TFs) were
filtered for significance, and significantly predicted TFs were assessed across ISG subsets. Dot
color represents the ISG subset where the TF was significant, dot size corresponds to the p-value
within that subset, and TFs DE by IFN-p are filled in.

1.6.2  Figure 2. Effect of SARS-CoV-2 on ISG expression in lung epithelial cells.

(A) Schematic summary of SARS-CoV-2 infection (MOI:5). Samples infected with SARS-CoV-
2 were compared to their respective mock-treated samples matched by time point (0, 6, 12, 24,
and 48 hpi). (B) Overlap of VSGs between Calu-3 (3,584 VSGs) and HSAEC1-KT/ACE2 (3,691
VSGs) cells. (C) Heatmap of the average LFC expression of ISGs identified in Figure 1D,
showing their behavior in Calu-3 and HSAEC1-KT/ACE2 cells infected with SARS-CoV-2.
Genes are ordered to match the ISG subsets (Immediate Early, Early, Late, Downregulated 1, and
Downregulated 2) defined in Figure 1D. (D) Line plot of the average LFC for each ISG subset at
0, 6, 12, 24, and 48 hpi compared to time-matched mock samples in both cell lines.

1.6.3  Figure 3. IFN-f pre-treatment readily suppresses SARS-CoV-2 virus activity.

(A) Schematic summary of IFN-f pre-treatment. Calu-3 and HSAEC1-KT/ACE2 cells were pre-
treated with increasing concentrations of IFN-f (0, 10, 100, and 1,000 IU/mL) for 24 h prior to
infection with SARS-CoV-2 (MOI:5), followed by incubation for 6, 12, 24, or 48 h. (B) Plaque
assay results quantifying SARS-CoV-2 viral activity in supernatants collected at the indicated
time points. Viral titers are expressed as plaque-forming units per milliliter (PFU/mL).
Statistically significant differences are indicated by *p<0.05 and **p<0.001. (C) Cell survival
analysis following 24 h pre-treatment with IFN-f (0, 1, 10, 100, and 1,000 IU/mL) and
subsequent SARS-CoV-2 infection. Cell viability was measured using CellTiter-Glo reagent. (D)

Quantification of SARS-CoV-2 RNA levels (N and orflab genes) by qRT-PCR at the indicated
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time points post-infection. (E) Representative Western blot analysis of SARS-CoV-2 N protein,
ISGs (IFIT1 and IFITM1), and phosphorylation IRF3, STAT1, and STAT2 in Calu-3 and
HSAEC1-KT/ACE2 cells, following IFN-f pre-treatment and SARS-CoV-2 infection. -actin
served as a loading control. (F) Quantitative analysis of phospho-Statl (Y701), phospho-Stat2
(Y689), and phospho-IRF3 (S386) normalized to B-actin, showing the impact of IFN-f pre-
treatment on downstream signaling in both cell lines.

1.6.4 Figure 4. IFN-f pre-treatment on ISG expression during SARS-CoV-2 infection.

(A) Line plots showing the average LFC expression for ISGs identified in Figure 1D in Calu-3
and HSAECI1-KT/ACE2 cells pre-treated with IFN-f (10, 100, and 1,000 IU/mL) for 24 h before
SARS-CoV-2 infection. (B) Heatmap of log CPM values for conserved ISGs across both cell
lines during IFN-f pre-treatment. Annotations indicate whether each gene was significantly DE
during IFN-f pre-treatment vs. infection at any time point. (C) Heatmap of log CPM values for
Cluster 3 genes from panel B. (D) Average gene expression after SARS-CoV-2 (MOL:5)
infection, stratified by IFN- pre-treatment dose (0, 10, 100, and 1,000 IU/mL) for Calu-3 and
HSAEC1-KT/ACE2 cells. Top pathways identified by enrichment analysis for each cluster are
indicated.

1.6.5 Figure 5. IFN-p post-treatment partly suppresses SARS-CoV-2 virus activity.

(A) Schematic summary of IFN-f post-treatment. Calu-3 and HSAEC1-KT/ACE2 cells were
infected with SARS-CoV-2 (MOL:5) for 1 h, incubated for 24 h, and then treated with increasing
concentrations of IFN-f (10, 100, 1,000 IU/mL) for 6, 12, 24, or 48 h. (B) Plaque assay results
quantifying SARS-CoV-2 viral activity in supernatants collected at 30, 36, 48, and 72 hpi. Viral
titers are expressed as PFU/mL. Statistically significant differences are indicated by *p<0.05 and

**p<0.001. (C) Cell survival analysis following SARS-CoV-2 infection and IFN-f post-
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treatment (0, 1, 10, 100, and 1,000 IU/mL). Cell viability was measured using CellTiter-Glo
reagent. (D) Quantification of SARS-CoV-2 RNA levels (N and orflab genes) by qRT-PCR at
the indicated time points post-treatment. (E) Representative Western blot analysis of SARS-CoV-
2 N protein, ISGs (IFIT1 and IFITM1), and phosphorylation levels of IRF3, STAT1, and STAT2
in Calu-3 and HSAEC1-KT/ACE?2 cells. B-actin served as a loading control. (F) Quantitative
analysis of phospho-STAT1 (Y701), phospho-STAT2 (Y689), and phospho-IRF3 (S386),
normalized to B-actin, showing the impact of IFN-f post-treatment on downstream signaling in
both cell lines.

1.6.6  Figure 6. IFN-f inducible ISGs during an established SARS-CoV-2 infection.

(A) Heatmap of average LFC expression for significant ISGs (p <0.01, LFC > 1) in Calu-3 and
HSAEC1-KT/ACE?2 cells infected with SARS-CoV-2 (MOL:5) for 24 h, followed by IFN-f
treatment (10, 100, 1,000 IU/mL). The first five columns provide a reference ISG expression
profile during IFN-f treatment at 48 h or SARS-CoV-2 infection at 24 and 48 hpi. Note: Gene
names containing ‘IncRNA’ indicate long non-coding RNAs and NCL PSG refers to nucleolin
pseudogene. (B) Network of direct interactions among significant ISGs and their predicted TFs,
including STAT1, IRF3, and NONO. Node color represents the LFC at 100 IU/mL IFN-f post-
treatment, 6 hr post treatment.

1.6.7 Figure 7. Identification of a viral load-associated gene module.

(A) Heatmap of log CPM values for genes in the blue WGCNA module that were significantly
DE in severe COVID-19 patients. (B) Lollipop plots of log CPM values comparing the
expression of Cluster 6 genes across IFN-f treatment, SARS-CoV-2 infection, IFN-f pre-
treatment, and IFN-f} post-treatment in lung epithelial cells. (C) Box plots of normalized gene

counts for Cluster 6 genes, comparing healthy controls and severe COVID-19 patients.
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Statistically significant differences are indicated by *p<0.05, **p<0.001, ***p<0.001,
*HA%p<0.0001.

1.7 SUPPLEMENTAL FIGURE LEGENDS

1.7.1  Figure S1. PCA reveals sample clustering by time and treatment.

(A) PCA of the per-time point mean LFC values using all expressed genes across all treatment
conditions in Calu-3 and HSAEC1-KT/ACE2 cells. Each point represents a sample, with time
indicated by color and treatment represented by symbol.

1.7.2  Figure S2. Overlap of ISGs across transcriptional clusters.

Bar chart showing the number of DE genes in each ISG cluster (IE, E, L, D1, D2) for Calu3
(transparent bars) and HSAEC1-KT/ACE2 (solid bars). Bars are grouped by cluster, with a
dotted line indicating the number of shared genes in each cluster. The exact number of shared
genes is labeled above each dotted line.

1.7.3  Figure S3. Global transcriptomic response to SARS-CoV-2 in lung epithelial cells.

(A) Heatmap of the average LFC expression of virus-stimulated genes (VSGs) in Calu-3 and
HSAEC1-KT/ACE?2 cells following SARS-CoV-2 infection (MOL:5). A total of 3,584 and 3,691
VSGs were identified in at least one time point (p < 0.01, LFC > 1) in Calu-3 and HSAEC1-
KT/ACE2 cells, respectively. Hierarchical clustering was performed using Pearson and Ward.D2
linkage. The vertical bar chart reflects the number of upregulated and downregulated VSGs
significantly DE at each time point. (B) Line plots of the average LFC for each VSG cluster at 0,
6, 12, 24 and 48 hpi in Calu-3 and HSAEC1-KT/ACE2 cells. (C) Heatmap of log CPM values
for cytokines expressed during SARS-COV-2 infection at 0, 6, 12, 24 and 48 hpi in Calu-3 and
HSAEC1-KT/ACE2 cells. Differential expression annotations are shown next to the heatmap.

(D) Pathway enrichment analysis using ORA with GO, KEGG, and Hallmark databases for
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clusters identified in panel A. Modules marked with an asterisk (*) did not meet the statistical
significance threshold (FDR < 0.05) for pathway enrichment, but associated GO terms are shown
for biological context. (E) Upstream Regulator analysis of the VSG clusters identified in panel A,
performed using IPA. TFs were filtered for significance, and significantly predicted TFs were
assessed across ISG subsets. Dot color represents the VSG cluster where the TF was significant,
dot size corresponds to the p-value, and TFs DE by SARS-CoV-2 are filled in.

1.7.4  Figure S4. IFN-independent VSG responses in lung epithelial cells

VSGs that were not significantly induced by IFN-f treatment were classified as IFN-independent
VSGs. (A) Heatmap of the average LFC expression of IFN-independent VSGs in Calu-3 and
HSAEC1-KT/ACE?2 cells infected with SARS-CoV-2. Hierarchical clustering was performed
using Pearson distance and Ward.D2 linkage. The vertical bar chart reflects the number of
upregulated and downregulated IFN-independent VSGs that were significantly DE at each time
point (p <0.01, LFC >1). (B) Pathway enrichment analysis using ORA with GO, KEGG, and
Hallmark databases for clusters identified in panel A. Modules marked with an asterisk (*) did
not meet the statistical significance threshold (FDR < 0.05) for pathway enrichment, but
associated GO terms are shown for biological context. (C) Upstream Regulator analysis of the
IFN-independent VSG clusters from panel A, performed using IPA. TFs were filtered for
significance, and significantly predicted TFs were assessed across all clusters. Dot color
represents the cluster where the TF was significant, dot size corresponds to the p-value, and TFs
DE by SARS-CoV-2 are filled in.

1.7.5 Figure S5. Global transcriptomic response to IFN-f pre-treatment

(A) Heatmap of average LFC expression for significant DEGs (p.adj < 0.01, LFC > 1) identified

at any time point in Calu-3 and HSAEC1-KT/ACE2 cells treated with IFN-f (10, 100, and 1,000
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IU/mL). The first five columns provide a reference expression profile during IFN-f} treatment at
48 h or SARS-CoV-2 infection at 24 and 48 hpi. The vertical bar chart reflects the number of
upregulated and downregulated DEGs at each time point. (B) Heatmap of log CPM values for
cytokines expressed during IFN-f pre-treatment (100 I[U/mL) at 0, 6, 12, 24 and 48 hpi in Calu-3
and HSAECI1-KT/ACE2 cells. DE annotations are shown next to the heatmap. (C) Pathway
enrichment analysis using ORA with GO, KEGG, and Hallmark databases for clusters identified
in panel A. Modules marked with an asterisk (*) did not meet the statistical significance
threshold (FDR < 0.05) for pathway enrichment, but associated GO terms are shown for
biological context. (D) Upstream Regulator analysis of the clusters from panel A, performed
using IPA. TFs were filtered for significance, and significantly predicted TFs were assessed
across all clusters. Dot color represents the cluster where the TF was significant, dot size
corresponds to the p-value, and TFs DE by IFN- pre-treatment are filled in.

1.7.6  Figure S6. Global transcriptomic response to IFN-f post-treatment

(A) Heatmap of the average LFC expression of significant DEGs identified in at least one time
point (p <0.01, LFC > 1) in Calu-3 and HSAEC1-KT/ACE2 cells infected with SARS-CoV-2
(MOI:5) and subsequently treated with IFN-B (10, 100, and 1,000 IU/mL). The first five columns
provide a reference expression profile during IFN-f treatment at 48 h or SARS-CoV-2 infection
at 24 and 48 hpi. The vertical bar chart reflects the number of upregulated and downregulated
DEGs at each time point.

1.7.7 Figure S7. Co-expression modules highly correlated with SARS-CoV-2 viral load

For this analysis, data from both cell lines were combined and normalized for a joint WGCNA.
(A) Analysis of the scale-free topology index and mean connectivity for various soft-

thresholding powers to identify the optimal power for network construction. (B) Gene
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dendrogram generated using average linkage hierarchical clustering, with module assignments
indicated by the underlying color map. (C) Heatmap showing the correlation between the module
eigengenes (MEs) and the experimental trait, SARS-CoV-2 viral reads. The MEblue module (r==
0.73, p <0.0001) exhibited the strongest correlation with viral reads. (D) Scatterplot of gene
significance (GS) for viral reads vs. module membership (MM) in the blue module. (E) Volcano
plot of DE genes (p.adj < 0.05, LFC > 1) in severe COVID-19 patients compared to healthy
controls. Whole blood RNA-seq data were obtained from the public dataset GSE171110. The top
five genes with the most significant p-values and the top five genes with the greatest absolute

LFC are labeled in the plot.

Chapter 2. TEMPORAL TRANSCRIPTOMIC PROFILING REVEALS AGE-
ASSOCIATED IMPAIRMENTS IN ANTIVIRAL IMUNITY AND RECOVERY
FOLLOWING SARS-COV-2 INFECTION

Chapter 2. SUMMARY

Age is the greatest risk factor for poor COVID-19 disease outcomes. While SARS-CoV-2 is
transitioning into an endemic respiratory pathogen, older adults remain at risk for severe disease,
hospitalization, and death. However, the molecular mechanisms underlying age-related
susceptibility remain incompletely understood. We performed a temporally resolved
transcriptomic analysis of SARS-CoV-2 infection across young, mature, and old mice to examine
age-associated immune responses. Mice were infected with mouse-adapted SARS-CoV-2
(MA10) and lung tissues were collected across early and late stages of infection. Differential
gene expression analysis, pathway enrichment, and immune cell deconvolution were performed.
Aged mice exhibited prolonged viral persistence compared to younger mice. Transcriptomic

profiling revealed age-dependent divergence in host responses, with older mice displaying
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impaired induction of antiviral pathways during early infection. At 2 days post-infection, aged
mice showed reduced activation of interferon-associated transcription factors and cytokine
signaling pathways. By 7 days post-infection, aged mice failed to mount robust T cell activation
signatures, suggesting impaired transition from innate to adaptive immunity. In addition to
infection-induced defects, baseline differences among mock-infected samples highlighted
chronic, low-grade inflammation in older mice, characterized by upregulation of immunoglobin-
related genes, leukocyte migration pathways, and cytokine signaling signatures. Immune cell
deconvolution further revealed increased baseline proportions of plasma cells and memory B
cells in aged mice. Together, these findings reveal that age-associated impairments in both early
innate and later adaptive immune responses, compounded by pre-existing inflammatory
alterations, contribute to delayed viral clearance and poor COVID-19 outcomes in older hosts.

2.1  INTRODUCTION

2.1.1 Age as a risk factor for COVID-19 severity

The COVID-19 pandemic, caused by SARS-CoV-2, has disproportionately affected older adults,
who account for the majority of COVID-19-related deaths. As of April 20, 2025, over 7 million
deaths worldwide and 1.2 million deaths in the United States have been attributed to COVID-
19'. Provisional death data from the Centers for Disease Control and Prevention’s (CDC)
National Center for Health Statistics (NCHS) covering January 1, 2020 through February 28,
2025, estimate that 76% of COVID-19 deaths occurred among individuals aged 65 and older,
despite this group comprising only 17% of the U.S. population®3. While COVID-19 appears to
have transitioned into an endemic, seasonal respiratory infection, older adults and other

vulnerable populations remain at heightened risk for severe disease, hospitalization, and death.
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This disparity is particularly concerning given the rapid expansion of the global older adult
population. According to the World Health Organization, the number of people aged 60 years and
older is expected to double by 2050, reaching roughly 2.1 billion*. This demographic shift comes
with additional challenges for public health systems, particularly in addressing age-related
susceptibility to infectious diseases. Respiratory viruses including SARS-CoV-2, influenza, and
respiratory syncytial virus (RSV), consistently cause more severe disease in older adults, who
experience higher rates of hospitalization and death®>®. Despite this clear risk, the biological
mechanisms by which aging drives severe disease outcomes is unclear.

2.1.2  Immunosenescence

Although increased age is one of the strongest predictors for severe COVID-19, it often coexists
with chronic comorbidities that exacerbate risk. Conditions such as metastatic cancer,
cardiovascular disease, liver disease, renal disease, and dementia both increase in prevalence
with age and are associated with poor COVID-19 outcomes’. However, aging itself drives
fundamental changes in immune function, collectively termed immunosenescence. These age-
related immune alterations include impaired clearance of senescent cells, weakened anatomical
barriers, increased circulation of pattern- and damage-associated molecular patterns (PAMPs and
DAMPs), reduced lymphocyte function and chemotaxis, reduced naive B and T cell pools,
limited clonal expansion, and dysregulated antibody production!®-!°, These changes are often
accompanied by a state of chronic low-grade inflammation known as inflammaging,
characterized by elevated cytokine levels?°. Together, immunosenescence and inflammaging
compromise antiviral responses, but their effects are difficult to disentangle from comorbidities
in human studies.

2.1.3 Mice as model organisms
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To address this challenge, animal models offer a valuable platform to study the direct effects of
aging on immune responses. While early SARS-CoV-2 strains such as the WA1 isolate could not
naturally infect standard laboratory mice, later variants and mouse-adapted strains enabled the
development of murine models of infection?!-?*. These models have successfully recapitulated
key clinical manifestations of human COVID-19, including viral replication, lung pathology, and
elevated cytokine production. Importantly, studies using aged mice have revealed age-dependent
increases in viral persistence, lung damage, and mortality, coupled with blunted innate immune
activation.?>> Qur previous work demonstrated that aged mice infected with mouse-adapted
SARS-CoV-2 exhibited greater susceptibility to infection, delayed weight recovery, sustained
viral replication with systemic spread, and persistent inflammation compared to younger mice.
Collectively, these results highlight failure to resolve infection and inflammation with age?:.
Although dysfunctional immune responses in aged individuals with COVID-19 have been
widely documented, the molecular mechanisms underlying impaired antiviral immunity in aged
animals remain incompletely characterized. Recent transcriptomic and proteomic studies in the
lungs of infected mice have revealed elevated baseline inflammatory and tissue repair signatures
in older mice, along with dampened antiviral responses and activation of complement and
coagulation pathways following infection?. However, these studies were limited to a single early
time point, constraining insights into the dynamic evolution of immune responses over the course
of infection.

2.1.4  Uncovering age-associated factors of severe COVID-19

Here, we present a temporally resolved transcriptomic analysis of mouse-adapted SARS-CoV-2
infection across young, mature, and old mice, spanning early to late stages of infection. By

capturing dynamic transcriptional responses across multiple time points, our study provides
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insights into how aging shapes the kinetics of immune activation, viral control, and inflammatory
resolution. We identify age-associated impairments in gene expression programs spanning both
innate and adaptive arms of the immune response, offering a deeper understanding of the
molecular mechanisms underlying age-dependent differences in antiviral control and disease
progression.

2.2 RESULTS

2.2.1 Distinct transcriptomic profiles by age

To assess the transcriptomic landscape of SARS-CoV-2 infection in C57BL/6 mice, animals
were challenged with 10* PFU of the mouse-adapted SARS-CoV-2-MA 10 strain, as previously
described®’. Lung tissue was collected from infected and mock-infected controls for bulk RNA-
sequencing at days 2, 4, and 7 post-infection (Fig. 1A). Principal component analysis (PCA) of
all lung transcriptomes revealed that age contributed to variation in the dataset, with samples
from 2-year-old mice forming a distinct cluster compared to 10-week-old and 20-week-old mice
(Fig. 1B). We also observed a temporal separation of samples by days post-infection (dpi),
mirroring trends in viral load measured by qPCR, which peaked at 2 dpi. Viral read counts
confirmed peak viral load at 2 dpi, with additional age-related differences observed at 7 dpi.
Both 2-year-old and 20-week-old mice retained significantly higher viral read counts compared
to 10-week-old mice at this time point, suggesting ongoing viral persistence in older animals
(Fig. 10).

2.2.2 Differential gene expression during infection

To identify infection-responsive genes across age groups, we next performed differential gene
expression analysis, comparing samples collected from 2, 4, and 7 dpi to their respective age-

matched mock controls (Fig. 2A). At 2 dpi, the number of differentially expressed genes (DEGs)
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increased with age, primarily driven by an expansion in downregulated genes in 2-year-old mice
(Fig. 2B). Across all age groups, the number of DEGs declined over time, consistent with the
resolution of infection and declining viral replication by 7 dpi. Despite variability in the total
number of unique DEGs between age groups, more than 2,000 genes were significantly DE
across all age groups, indicating a conserved SARS-CoV-2-responsive signature independent of
age.

Across all age groups, we identified 4,957 significant DEGs at one or more time points. These
genes were clustered based on expression profiles, resulting in six distinct co-expression
modules. To characterize the biological functions associated with each module, we performed
over representation analysis (ORA). Clusters 1 and 2 were enriched for genes involved in early
innate immune responses, including cytokine-mediated signaling, type I IFN signaling,
phagocytosis, and MHC protein binding. These clusters exhibited peak activation at 2 dpi,
although a slight reduction in activation was observed in 2-year-old mice. In contrast, Clusters 5
and 6 captured late-stage responses peaking at 7 dpi, enriched for pathways related to DNA
replication and repair, T cell receptor signaling, and regulation of leukocyte activation. Notably,
expression within these late-response clusters was dampened in 2-year-old mice, suggesting
impaired activation of crucial adaptive immune programs during recovery.

2.2.3  Pathway enrichment during infection

To further examine age-associated differences at the pathway-level, we extracted the DEGs from
the top uniquely enriched pathways within each cluster and averaged expression by age group
(Fig. 1E). With the exception of Cluster 3, the average expression of these pathway-associated
DEGs was reduced in 2-year-old mice across the infection time course. Cluster 3, enriched for

pathway related to proteasome function, angiogenesis, and oxidoreductase activity, and
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glycolysis/gluconeogenesis, exhibited heightened activation in aged animals at 2dpi (Fig. 1D,
Fig. 1E). This pattern suggests an age-related amplification of metabolic and stress response
pathways that correlate with peak viral load and are more efficiently resolved in younger
animals. In contrast, Cluster 6 pathway genes were notably downregulated during infection in 2-
year-old mice, while younger mice exhibited peak upregulation at 7 dpi. These findings highlight
impaired activation of late-stage immune pathways in older animals, potentially contributing to
diminished viral clearance and delayed recovery.

2.2.4 Baseline expression of enriched pathways by age

Given the established association between aging and baseline inflammation, we next examined
the expression of pathway-associated DEGs in mock-infected animals across age groups?’.
Cluster 2, encompassing early immune response pathways, was significantly upregulated at
baseline in 2-year-old mice compared to both 10-week-old and 20-week-old mice. This cluster
included genes involved in inflammation (SAA1, SAA3, LCN2, IL10), antiviral defense (OAS3,
ZBP1, GBP11), and chemokine mediated leukocyte recruitment (CXCL9, CCL20, CXCL13),
suggesting that aged lungs harbor a primed yet potentially dysregulated immune environment
even prior to infection. This pre-activation of immune and stress-related pathways in aged mice
may contribute to their impaired ability to mount effective responses upon SARS-CoV-2
infection.

2.2.5 Impaired innate and adaptive immune coordination in aged mice

Cluster 1, enriched for IFN and cytokine-mediated signaling pathways, exhibited peak
expression at 2 dpi across all groups. To further characterize these responses, we curated a list of
interferons and cytokines and assessed their expression dynamics across the infection time

course. Type I and III IFNs, including IFNB, IRFA4, IFNAS, and IFNL2, exhibited prolonged
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upregulation in 2-year-old mice, suggesting sustained antiviral signaling. However, key
chemokines involved in immune cell recruitment, such as CXCL9, CXCL10, and CXCL5, were
reduced at early time points in aged animals, potentially impairing effective immune cell
mobilization. Similarly, proinflammatory cytokines TNF, IL-6, and IL-1p showed blunted early
induction in older mice, indicating a dampened inflammatory response during the critical early
window of infection.

2.2.6 Cytokine and IFN network is attenuated in aged mice

To further explore the cytokine signaling dynamics, we constructed a DEG network based on
curated interactions from Ingenuity Pathway Analysis (IPA), centered on top predicted upstream
regulators (IFN-f, IFN-y, TNF-a, and IL-1B). Nodes were organized by cellular localization and
colored according to log: fold change (LFC) at 2 dpi for each age group. Notably, while IFN-3
expression was elevated in 2-year-old mice, TFs critical for propagating antiviral responses—
including IRF7, IRF9, and RELB, were markedly reduced. In parallel, immunomodulatory genes
such as IL1R2, ZFP36, NFKBIZ, and TRIM30a were downregulated, suggesting impaired
regulation of cytokine feedback loops. Components of the NLRP3 inflammasome, including
CASPI1, NLRP3, IL-1B, and IL-18, were also suppressed in older mice, potentially contributing
to impaired IL-1 family cytokine production and reduced chemokine induction (CXCLI10,
CXCLI11). Reduced IRF1 expression in aged mice may further explain diminished induction of
IRF-stimulated chemokines and weakened early amplification of antiviral responses.
Collectively, these findings reveal that despite elevated IFNf expression, older mice demonstrate
broader attenuation of IFN and cytokine activation at 2 dpi, characterized by reduced TF
activation, impaired inflammasome signaling, and limited effector cell recruitment. Blunted early

antiviral responses likely contribute to higher viral loads and delayed viral clearance in aged
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animals, setting the stage for subsequent over compensatory immune activation observed at later
time points.

2.2.7 T-cell activation network is impaired with age

Given these defects in early innate immunity, we next examined the adaptive immune responses
during the resolution phase of infection. Cluster 6 encompassed genes involved in T cell receptor
signaling and leukocyte activation, which were upregulated at 7 dpi in younger mice but
remained blunted in 2-year-old mice. Several key genes regulating cytotoxicity (GZMB and
NKG7) and leukocyte migration (CXCR3, CX3CR1, CXCR6, CCR2, and CCR4) exhibited
progressive downregulation with increasing age (Fig. 3C). TFs essential for T cell differentiation
and activation, including TCF7, IRF4, NFATS, STAT3, TBX21, and GATA3, were also reduced
in aged animals, suggesting a compromised transcriptional network required for effective T cell-
mediated protection.

2.2.8 Immune cell-type deconvolution

To evaluate whether changes in immune cell composition contributed to these functional
impairments, we performed CIBERSORT deconvolution analysis of lung transcriptomes. At 2
dpi, 2-year-old mice had reduced proportions of activated dendritic cells (DCs) and natural killer
(NK) cells compared to younger counterparts (Fig. 3D, Fig.S1), likely contributing to early
innate immune deficits. By 7 dpi, aged mice showed an increased proportion of activated CD8" T
cells but concurrent decreases in CD4" follicular helper T (Trn) cells, naive CD8" T cells, and
regulatory T cells (Tregs), suggesting impaired coordination of adaptive immunity (Fig. 3D, Fig.
S1). Furthermore, 2-year-old mice showed elevated baseline levels of plasma cells, CD8"

memory T cells, and CD4" memory T cells compared to younger mice, reflecting a skewed
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homeostatic immune state characterized by ongoing antigen exposure and accumulation of long-
lived immune cells (Fig. 3D, Fig. S1).

2.2.9 Aged mice exhibit heightened immune activation at baseline

During our analysis of the immune response to SARS-CoV-2 infection, we observed that several
gene clusters were significantly upregulated at baseline in 2-year-old mice (Fig. 2G). This
prompted broader investigation of transcriptional differences age groups at homeostatic
conditions. We conducted DE analysis comparing mock-infected samples across age. We
identified only 33 DEGs when comparing 20-week-old to 10-week-old mice(Fig. 4A). In
contrast, 375 DEGs were observed when comparing 2-year-old to 20-week-old mice, and 510
DEGs were identified between 2-year-old and 10-week-old cohorts, with the majority of DEGs
upregulated in older mice. Notably, the number of uniquely upregulated DEGs at baseline
increased progressively with age (Fig. 4B).

2.2.10 Pathway enrichment of baseline immune activation

Co-expression analysis of all DEGs identified in at least one comparison (n=596) revealed three
distinct clusters (Fig. 4C). Pathway analysis of the downregulated cluster identified circadian
rhythm and rhythmic process with genes including PER1/2/3, RETN, and CIART. Cluster 2,
although not enriched for canonical pathways, contained over 90 immunoglobulin-related genes,
consistent with heightened plasma cell activity observed through CIBERSORT deconvolution
analysis (Fig. 3D). Cluster 3 was enriched for pathways associated with leukocyte activation and
migration, T cell activation, phagocytosis, immune modulation, and cation homeostasis (Fig.
4D). The predominance of immune-related DEGs at baseline in aged mice was unexpected, as
we anticipated a broader range of age-associated transcriptional changes. However, over 80% of

baseline DEGs by age overlapped with genes DE during SARS-CoV-2 infection (Fig. 4C). These
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findings suggest that immune system alterations are a central feature of aging in the lung,
potentially compromising the ability to mount effective responses to infections like SARS-CoV-
2.

2.3  DISCUSSION

2.3.1 Principle findings

Age is the strongest risk factor for severe COVID-19 outcomes, yet the underlying mechanisms
remain incompletely understood®’. In this study, we utilized a C57BL/6 mouse model spanning
various life stages to investigate age-related transcriptional differences throughout the course of
SARS-CoV-2 infection. Our analyses revealed that transcriptional reprogramming correlates
with age-associated changes in viral load dynamics, peaking at 2 dpi, with significantly higher
viral loads observed in 2-year-old mice and 20-week-old mice compared to younger
counterparts. Through transcriptomic profiling, we identified widespread age-associated
dysregulation in immune responses. Older mice exhibited attenuated expression of
proinflammatory cytokines and IFN signaling pathways at 2 dpi, coinciding with reduced
activation of DCs and NK cells—key mediators of early innate immunity and viral clearance. By
7 dpi, aged mice showed impaired activation of T cell and leukocyte migration pathways,
suggesting delayed or dysfunctional adaptive immune responses. Notably, several of these
pathways were already upregulated at baseline in older animals, alongside increased expression
of genes involved in phagocytosis, immunomodulation, and cellular cation homeostasis.

2.3.2  Clinical implications

Baseline DE analysis demonstrated that immune dysregulation is a predominant driver of
transcriptional differences in the aged ling, with over 80% of baseline DEGs also participating in

the infection response. Among baseline differences, we identified a strong enrichment for
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immunoglobulin-related genes in aged mouse lungs, accompanied by elevated plasma cell
frequencies. This finding mirrors previous reports showing >20-fold upregulation of
immunoglobulin heavy chain genes (Igmh, Igha, Ighg) in aged lungs and establishing
immunoglobin production as a signature of inflammaging*'. Co-expression module analyses
have similarly identified immunoglobulin-dominated networks, including kappa, lambda, heavy,
and J chains, underscoring a fundamental remodeling of humoral immunity with age, even in the
absence of infection*?. This skewing toward constitutive antibody production likely reflects
chronic immune activation and reduced immune flexibility, impairing the rapid generation of
effective responses to novel pathogens such as SARS-CoV-2 and contributing to delayed viral
clearance and worse disease outcomes.

We also identified disruption of circadian rhythm and rhythmic process pathways in aged lungs,
consistent with emerging evidence that aging impairs cellular circadian clocks and reduces
resilience to stressors*’. This signature has recently been proposed as a new hallmark of aging.
Collectively, these findings reveal that aged mice harbor a pre-activated yet dysfunctional
immune landscape, priming them for impaired antiviral defense during SARS-CoV-2 infection.
In addition to baseline immune alterations, our findings align with previous studies identifying
age-associated defects in the activation of key immune populations during aging. Reduced
production of proinflammatory cytokines with age has previously been reported. For example,
transcriptional profiling of blood mononuclear cells (PBMCs) from older adults had delayed and
diminished induction of antiviral cytokines and chemokines, including TNF-a, IL-6, IL-1f,
IFNy, CCI2, and CCL7, upon stimulation with RIG-I agonists, a major pattern recognition
receptor involved in SARS-CoV-2 sensing**. These results mirror our observation of attenuated

early cytokine induction at infection onset in aged mice. Similarly, a study investigating
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breakthrough SARS-CoV-2 infections in aged mice reported dysregulated IFN and adaptive
antibody responses, leading to increased viral replication and more severe disease
manifestations®. These patterns are consistent with studies on influenza infection in aged mice,
where delayed induction of early cytokines, impaired IFN-stimulated gene expression, and
prolonged inflammatory responses have been identified as key contributors to disease severity.
Together, these observations reinforce that age-associated immune remodeling impairs both the
timing and quality of antiviral responses.

Age-related alterations in T-cell function and subsets are well described. Aging is characterized
by a loss of naive CD4" and CD8" T cells and expansion of memory T cell compartments*¢. Our
results validate these trends and extend them by demonstrating reduced cytotoxic potential of
aged T cells, as evidenced by reduced GZMB and NKG7 expression. This decline in cytolytic
function is consistent with in vitro analyses of naive CD8" T cell responses in older adults, which
revealed impaired priming and significantly reduced granzyme B expression following
activation*’. While we observed an increase in activated CD8" T cells in aged mice during
infection, these findings suggest that aged T cells may be functionally compromised, limiting
their ability to effectively clear virus-infected cells. Moreover, impaired induction of chemokine
receptors critical for leukocyte trafficking, including CXCR3 and CCR2, suggests that aging not
only compromises T cell effector function but also limits the efficient recruitment of immune
cells to sites of infection.

T cell responses are also critical for generating robust vaccine-induced immunity and have been
found to be compromised during the aging process. Zhou et al., reported reduced cytolytic T-cell
responses to both seasonal and pandemic strains of influenza in vaccinated older adults*.

Granzyme B activity, which we found to be attenuated during infection in aged mice, has been
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identified as a predictor for influenza vaccine efficacy in older adults**. Moreover, responses to
mRNA SARS-CoV-2 vaccination resemble the response to natural infection characterized by
robust induction of antigen-specific Tra and Tul cells®®. However, older adults produced fewer
spike-specific circulating Tyl cells compared to younger adults following COVID-19 mRNA
booster vaccination®!. Our findings suggest that the age-related impairments identified here, both
at baseline and during infection, not only reduce the ability to control viral replication but may
also undermine vaccine efficacy in older individuals.

2.3.3 Strengths and limitations

While our study provides valuable insights into age-associated transcriptional dynamics across
SARS-CoV-2 infection timepoints, several limitations should be acknowledged. First, although
mouse models are widely used for aging studies due to their controlled environments and
relatively short life spans, they do not recapitulate all age-associated diseases and physiological
changes observed in humans>2. Additionally, differences in immune cell composition, immune
function, and viral pathogenesis between mice and humans may limit direct extrapolation of our
findings to human aging. Second, our use of bulk RNA-sequencing captures average
transcriptional changes across heterogenous cell populations, and future single-cell approaches
could more precisely resolve the cell-type dynamics underlying age-associated antiviral
responses. Despite these limitations, our findings reveal conserved patterns of immune
impairment with aging and offer mechanistic insights into drivers of increased disease severity in
older hosts.

2.3.4 Conclusions

Together, these data highlight the intersection of age-associated dysfunction across innate,

humoral, and cellular arms of the immune system that collectively impair antiviral defense.
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Given the ongoing circulation of SARS-CoV-2 and its disproportionate impact on older adults,
our study underscores the urgent need to target age-related immune dysfunctions. By identifying
specific immune pathways dysregulated with aging—including attenuated cytokine signaling,
impaired T cell responses, and baseline humoral skewing—our findings offer a framework for
developing interventions aimed at enhancing antiviral immunity and improving COVID-19

outcomes in older populations.
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2.6 FIGURE LEGENDS

2.6.1 Figure 1. Aged lung samples separate by age and viral load

(A) Study design. (B) Principal component analysis of normalized logz CPM-transformed
counts, overlaid with metadata including sex, age, day post-infection (DPI), and viral load. (C)
Logio transformed SARS-CoV-2 read counts by DPI and age group, highlighting significantly
higher viral loads in aged mice at day 7. Statistical comparisons between age groups were
conducted separately for each DPI using pairwise Wilcoxon rank-sum tests, with p-values
adjusted for multiple comparisons using the false discovery rate (FDR) method. Significance
thresholds were defined as p.adj <0.05 (*), p.adj <0.01(**), and p.adj <0.001 (***).

2.6.2  Figure 2. Infection transcriptomic responses are dysregulated with age

(A) Differential expression (DE) analysis design. (B) Number of DEGs per time point across all
age groups. (C) Venn diagram of overlapping DEGs per age group. (D) Hierarchical clustering of
DEGs (p.adj <0.01, [log2FC| > 1) in aged lung samples. (E) Pathway enrichment analysis using
over representation analysis (ORA) with KEGG and Gene Ontology databases. Pathways with
>75% overlapping genes were removed to reduce redundancy. Dotplot visualization of the top
uniquely enriched pathways in each cluster. The color of the dot represents the adjusted p-value,
the size represents the number of overlapping DEGs in the total gene set. (F) Average logoFC
expression of cluster-specific DEGs within the uniquely enriched pathways by age. (G) Boxplots
of the average normalized logio CPM expression of cluster-specific DEGs within the uniquely
enriched pathways by age. Statistical comparisons between age groups were conducted
separately for each cluster using unpaired t-tests, with p-values were adjusted for multiple
comparisons using the false discovery rate (FDR) method. Significance thresholds were defined

as p.adj <0.05 (*), p.adj <0.01(**), and p.adj <0.001 (***).
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2.6.3 Figure 3. Early and late antiviral programs are dysregulated with age

(A) Heatmap of log2FC values for cytokines and interferons differentially expressed (DE) during
infection across DPI and age groups. (B) De novo network created from top cytokine upstream
regulators (TNF, IL1B, IFNG, and IFNB) and direct interactions among DEGs from Cluster 2
(see Fig. 2D). Node color represents log2FC values comparing infected samples to age-matched
mock controls at 2 dpi for each age (10-week-old, 20-week-old, 2-year-old). (C) De novo
network created from top transcription factors (NFAT, STAT3, GATA3, TBX21, TCF7, and
TET1) and direct interactions among DEGs from Cluster 6 (see Fig. 2D). Node color represents
logoFC values comparing infected samples to age-matched mock controls at 7 dpi for each age.
(D) Heatmap of immune cell composition by age group, scaled by z-score across cell types. Cell
types with no variance across groups were excluded. Rows and columns were clustered using
Ward’s D2 hierarchical clustering.

2.6.4 Figure 4. Aged mice have elevated inflammatory signatures at baseline

(A) Number of baseline DEGs across age groups. (B) Venn diagram of overlapping baseline
DEGs per age group. (C) Hierarchical clustering of baseline DEGs (p.adj <0.01, |logo2FC|> 1)
in aged lung samples. (D) Pathway enrichment analysis using over representation analysis
(ORA) with KEGG and Gene Ontology databases. Pathways with >75% overlapping genes were
removed to reduce redundancy. Dotplot visualization of the top enriched pathways in Cluster 3
(green cluster). The color of the dot represents the adjusted p-value, the size represents the

number of overlapping DEGs in the total gene set.

2.7  SUPPLEMENTAL FIGURE LEGENDS

2.7.1 Figure S1. Immune cell-type deconvolution by age
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(A) Boxplots represent the mean estimated proportion by day post-infection (DPI) and age group
for the following cell types: activated dendritic cells (DCs), activated natural killer cells (NKs),
activated CD8" T cells, CD™ T follicular helper cells, naive CD8" T cells, regulatory T cells
(Tregs), plasma cells, CD8* memory T cells, and CD4" memory T cells. Statistical comparisons
between age groups were conducted separately for each cell type at each DPI using Kruskal-
Wallis tests. P-values were adjusted for multiple comparisons using the false discovery rate
(FDR) method. Significance thresholds were defined as p.adj <0.05 (*), p.adj <0.01(**), and
p.adj <0.001 (¥**),

Chapter 3. AGE-BASED CRITERIA AND THE UNDERREPRESENTATION
OF OLDER ADULTS IN SARS-COV-2 VACCINE CLINICAL TRIALS

Chapter 3. SUMMARY

Older adults (>65 years) are historically underrepresented in clinical trials. Since the start of the
pandemic, hundreds of SARS-CoV-2 vaccine clinical trials have been registered on
ClinicalTrials.gov; however, the extent of older adult representation remains unclear. We
conducted a cross-sectional analysis of SARS-CoV-2 vaccine clinical trials registered through
November 23, 2024, to estimate the proportion of older adult enrollment. Of 337 identified trials,
93 met inclusion criteria and were analyzed. Among 524,452 enrolled participants, the weighted
mean age was 44.2+ 7.3 years. Despite adults >65 accounting for approximately 76% of
COVID-19-related mortality, only 8% of trial participants were in this age group. Only 41% of
studies had explicit upper age limits. However, we identified common study exclusion criteria,
such as hypertension, diabetes, obesity, cancer, and chronic lung disease, that are significantly
more prevalent among older adults and may contribute to their underrepresentation in these

vaccine trials. These findings highlight potential reasons for the continued underrepresentation of
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older adults in biomedical research and point to actionable opportunities to design more inclusive
clinical trials by reconsidering exclusion criteria that disproportionately affect this high-risk
population.

3.1 INTRODUCTION

3.1.1 Vaccine development for COVID-19

As of March 30, 2025, the COVID-19 pandemic has resulted in over 778 million cases and 7
million deaths.! However, the rapid development, approval, and distribution of COVID-19
vaccines in under a year represents one of the most remarkable achievements in modern
medicine. The unmatched speed of vaccine development was driven by global urgency, decades
of research in vaccine platforms, and unprecedented public and private collaboration that enabled
parallel trial phases and accelerated regulatory review.

3.1.2  Mass vaccination lead to remarkable protection

COVID-19 vaccines have been instrumental in preventing severe illness and death, particularly
among the most vulnerable populations. According to the Commonwealth Fund, from December
2020 to November 2022, COVID-19 vaccines in the U.S. prevented more than 3.2 million deaths
and saved an estimated $1.15 trillion in medical costs.? A modeling study in Europe similarly
estimated that between December 2020 and March 2023, COVID-19 vaccines saved
approximately 1.6 million lives, with 96% of lives saved among individuals aged 60 or older,
and 52% among those aged 80 or older.? These findings highlight the well-established
observation that mortality rates throughout the pandemic have been disproportionately higher
among older adults (>65 years). Given their consistently elevated risk of COVID-19-related
hospitalization and death, the CDC’s Advisory Committee on Immunization Practices (ACIP)

expanded its initial vaccination priority groups — originally focused on health care workers and
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residents and staff of long-term care facilities — to include older adults, making them one of the
first populations to be vaccinated at scale.*® As of April 26, 2023, 94% of U.S. adults aged 65
and older were fully vaccinated against COVID-19, representing the highest vaccination
coverage of any age group.’

3.1.3 COVID-19 disease burden by age

Despite bearing a disproportionate burden of many chronic and severe health conditions, older
adults have historically been underrepresented in clinical research across the biomedical field.® !4
Numerous studies have documented the frequent use of arbitrary upper age limits, poorly
justified exclusion criteria, and inadequate age representation relative to the disease burden being
studied.®!* Underrepresentation of any population in clinical trials limits the generalizability of
findings and hinders a full understanding of a treatment’s safety and efficacy once it becomes
available to the broader public. This issue is especially critical for older adults, who not only
experience the greatest disease burden but also account for the highest rates of medication use.!’
In response to this persistent disparity, the National Institutes of Health (NIH) implemented the
Inclusion Across the Lifespan policy to require individuals of all ages, including older adults, be
appropriately included in NIH-funded research and any age-related exclusions be scientifically
justified.'® However, early reviews of COVID-19-related clinical trials reported that this
continued in these trials.!”!” These early findings raised concerns that even the most well-
funded, high-profile, and globally coordinated trials failed to meet longstanding calls for
equitable age representation.

3.1.4  Evaluation of COVID-19 vaccine clinical trials

The objective of this study was to evaluate the representation of older adults in Phase II and

higher SARS-CoV-2 vaccine clinical trials registered on ClinicalTrials.gov between November 1,
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2019 and November 23, 2024. We compared the estimated proportion of older adults enrolled in
these trials to the distribution of COVID-19-related mortality among older adults and found that
older adults were significantly underrepresented relative to both their U.S. age distribution and
disease burden. We extended prior research by evaluating potential reasons why older adults may
be excluded despite recent policies highlighting the importance of greater inclusion. To do so, we
evaluated exclusion criteria for their affect burden in older adults and compared the percentage
of trials excluding each condition to its estimated prevalence among older adults in the U.S.
These findings highlight ongoing barriers to older adult enrollment and suggest opportunities for
more equitable clinical trial designs.

3.2 RESULTS

3.2.1 Mean age of trial participants

A total of 337 registered SARS-CoV-2 vaccine clinical trials were identified on
ClinicalTrials.gov and screened according to predefined eligibility criteria (Fig. 1). Of these, 93
Phase II or higher SARS-CoV-2 trials with available enrollment and participant age data were
included in the final analysis. Across these trials, the weighted mean age of participants was
442+ 7.3 years, representing a total of 524,452 enrolled individuals (Table 1). When stratified
by phase, Phase 2/3 trials had the highest mean age at enrollment (50.0%3.4 years), followed by
Phase 4 (45.749.4 years), and Phase 2 (43.11+12.4). Phase 4 trials contributed just 1% (6,465) of
enrolled individuals, but still reported a relatively higher mean age. While 54 (58%) trials
reported the proportion of older adults enrolled, only 33 (35%) included age-adjusted analyses.
Additionally, 38 (41%) trials imposed an upper age limit, and only 15 (16%) explicitly included
an older adult enrollment requirement in their study design.

3.2.2  Age distribution highlights older adult underrepresentation
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Based on the estimated proportion of participants in predefined older age groups, individuals
younger than 65 accounted for 92% of SARS-CoV-2 vaccine clinical trial participants (Table 2).
In contrast, an estimated 3.75% were aged 65-69, 2.17% were aged 70-74, 1.13% were aged 75-
79, and only 0.89% were aged 80 or older.

To validate these estimates, we compared them to a subset of 46 trials that reported the true
proportions of older adults in specific age categories of interest. Estimated and reported values
were highly correlated across all age groups (Pearson’s » range:0.96-1; p <0.001), supporting the
reliability of our truncated normal distribution approach (Fig. S1).

3.2.3 Older adults are underrepresented relative to disease burden and population size

These older adult proportions were significantly lower than the corresponding age group
distributions in the U.S. population (Fig. S2), and even more so when compared to the age
distribution of COVID-19-related mortality (Fig. 2). For example, individuals aged 65 and older
made up just 8% of trial participants but 76% of COVID-19-related mortality. The disparity
between participation and mortality increased progressively with age, with the most pronounced
underrepresentation observed among individuals aged 80 and older.

3.2.4 Enrollment criteria significantly impacts older adult participation

The number of studies excluding each of the top 10 chronic conditions affecting older adults, as
identified by the NCOA, is summarized in Table 3 and stratified by trial phase.?*! Heart failure
(46%) was the most frequently excluded condition, followed by coronary heart disease (42%),
chronic kidney disease (38%), hypertension (33%), and diabetes (29%). The prevalence of these
conditions was significantly higher among adults aged >65 compared to those under 65,
suggesting that at least one-third of SARS-CoV-2 clinical trials employed exclusion criteria that

may disproportionately impact older adults. When stratified by trial phase, heart failure, coronary
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heart disease, chronic kidney disease, hypertension, and obesity were most frequently excluded
in Phase II trials, whereas diabetes, cognitive disorders, and mental health conditions were most
commonly excluded in Phase IV trials. Stratified prevalence estimates across older adult
subgroups further illustrate this disparity, with the prevalence of all conditions—except depression
and other mental health conditions—increasing with age (Fig. S3). Nineteen trials (21%) excluded
participants with cognitive disorders, and while this data was not assessed in NHANES, it is
estimated that 10% of adults aged >65 have dementia and 22% have mild cognitive
impairment.??

In addition to predefined chronic conditions, several studies excluded conditions that
disproportionately affect older adults, including immunosuppressive therapy (83%), bleeding
disorders (66%), and cancer or malignancy (55%) (Table 4). Among conditions excluded in
clinical trials and assessed by NHANES, history of blood transfusion, cancer, heavy alcohol use,
liver conditions, hepatitis B, chronic lung conditions, and thyroid conditions were all
significantly more prevalent among older age groups (Fig. S4). The most frequently listed
exclusion criteria overall was a vague descriptor, “according to PI discretion,” which appeared in
85% of trials. History of COVID-19 and prior COVID-19 vaccination were also commonly
listed, serving as exclusion criteria in 80% and 53% of studies, respectively. Notably, criteria
such as prescription drug-use, technology access, group living, frailty, and transportation needs—
often cited as potential barriers to older adult enrollment—were explicitly identified in fewer than
5% of trials, if at all. Taken together, these findings highlight the widespread use of exclusion
criteria that may disproportionately restrict older adult participation in SARS-CoV-2 vaccine

trials.

3.3 DISCUSSION
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3.3.1 Principle findings

In this cross-sectional analysis of registered SARS-CoV-2 vaccine clinical trials, we found that
older adults were routinely underrepresented, likely due to exclusion criteria other than age itself.
The proportion of enrolled older adults was significantly lower than both their representation in
the U.S. population and their share of COVID-19-related mortality. Among 93 trials and over
half a million participants, only 8% of enrollees were aged >65, despite older adults accounting
for 17% of the U.S. population and 76% of COVID-19-realted deaths. Stratified estimates
revealed a striking decline in representation with increasing age, with the lowest participation
among individuals aged 80+, the group at greatest risk for severe COVID-19 outcomes. This
aligns with a prior analysis of ten SARS-CoV-2 vaccine RCTs published through 2021, which
reported a mean age of 45.2+11.9 years, and in studies that reported participant age distributions,
only 10% of participants were aged >65.!8 Despite clear prioritization of older adults for
vaccination, our analysis demonstrates that they were significantly underrepresented in the
clinical trials responsible for informing vaccine rollout.

3.3.2  Relevance to previous work

While upper age limits may account for a portion of this underrepresentation, we also found that
9 out 10 of the top chronic conditions affecting older adults were used as exclusion criteria in at
least one study. Notably, conditions like hypertension, diabetes, and obesity, which are
significantly more prevalent in older adults, were listed as exclusions in 33%, 29%, and 24% of
studies, respectively. A study of COVID-19 clinical trials through 2020 found that among 18
vaccine trials, 100% of trials included either age cutoffs or vague exclusion language.!” While
the exclusion of participants with significant comorbidities may be justified in specific contexts,

such decisions should be balanced by a deliberate effort to include older adults in vaccine
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research. As our findings show, even trials without upper age limits can inadvertently impact
older populations, ultimately limiting the generalizability of trial results to the groups most
affected by COVID-19.

3.3.3 Clinical implications

In our review, the most frequently listed exclusion criterion was “according to PI discretion,”
which appeared in 85% of trials. This broad and non-specified phrasing lacks a transparent
scientific rationale and is inconsistent with guidance from the NIH’s Inclusion Across the
Lifespan policy, which states that age-related exclusions must be clearly justified.!® A subset of
trials also included criteria allowing for the exclusion of participants deemed unable to adhere to
the protocol or provide informed consent due to social or psychological conditions. While these
considerations may be appropriate in certain contexts, they introduce subjectivity into enrollment
decisions and may inadvertently contribute to age-related bias. Without clear documentation of
who is excluded and why, these vague criteria undermine both the inclusivity and reproducibility
of vaccine trials.

Clinical trials have shown that vaccine efficacy tends to be lower in older adults, including
reduced concentrations of neutralizing antibodies.?>*> Although COVID-19 vaccines were highly
effective at preventing severe outcomes and death across all age groups, this diminished or more
rapidly waning immunity in older adults highlights key biological differences that should be
accounted for in clinical trial design. Such differences may inform decisions around vaccine
dosing, scheduling, and booster recommendations specifically tailored to aging populations.
Several recently registered clinical trials are now evaluating the safety and efficacy of
combination vaccines targeting COVID-19 along with other respiratory viruses such as influenza

and RSV-a shift that reflects the transition of SARS-CoV-2 into an endemic seasonal pathogen.
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Given that these viruses disproportionately impact older adults, future vaccine trials must
prioritize equitable inclusion of this population to ensure that combination vaccine strategies are
both effective and generalizable.

3.3.4 Strengths and limitations

This study has several limitations. Our analysis was limited to trials registered on
ClinicalTrials.gov, which may not capture all global SARS-CoV-2 vaccine trials or those without
publicly available age-related data. We used a truncated normal distribution to estimate age
subgroup proportions, which relies on reported mean age, standard deviation, and enrollment,
and may not fully reflect actual participant age distributions. While we focused on listed
enrollment criteria, this may not account for upstream barriers to participation, such as digital
access, recruitment practices, or site-level bias. Some exclusion criteria could not be assessed
using NHANES data and were therefore not included in our prevalence comparisons. In other
cases, proxy variables were used. Lastly, exclusion criteria were often vaguely defined, limiting
our ability to consistently categorize or quantify their frequency.

3.3.5 Conclusions

Despite these gaps, opportunities for improving older adult representation in clinical trials are
both feasible and within reach. Of the 93 trials reviewed, only five were exclusively designed for
older adults, underscoring how rarely this population is the focus of vaccine research, despite
their vulnerability. Yet, at least four studies specifically allowed for flexible informed consent
options, including video consent or consent via caregiver proxy, which may facilitate broader
participation among older individuals. Additionally, providing more transparent justification for
eligibility criteria and incorporating explicit inclusion targets for older adults, may mitigate

barriers related to older adult enrollment. Additional proposed strategies that address barriers
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upstream of formal eligibility include geriatric training for clinical trial personnel to address bias
and ageism, improving federal monitoring and accountability, increasing incentives to enroll
older adult participants, and expanding healthcare coverage of out-of-pocket costs associated

with participation in clinical trials.®?
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Age-Related Characteristics of SARS-CoV-2 Vaccine Trials

Phase2 Phase2/3 Phase3 Phase4 Total
Participant Characteristics
Age, mean (SD) 431 (12.4) 50(3.4) 435 (7) 457 (94) 44.2(7.3)
Total Participants 20642 53246 444099 6465 524452
Trial Characteristics
Reports Older Age Proportion 16 4 28 6 54 (58%)
Upper Age Limit 21 0 10 6 37 (40%)
Reports Age Adjusted Analyses 8 4 16 5 33 (35%)
Includes Older Adults by Design 6 2 5 2 15 (16%)
Number of Trials 39 6 37 11 93 (100%)

Table 1
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Estimated Age Distribution of SARS-CoV-2 Vaccine Trial Participants

Age Cutoff Estimated Participants Percent of Total (%)
<65 480,856 92.06%
65-69 19,569 3.75%
70-74 11,314 2.17%
75-79 5,915 1.13%
80+ 4,665 0.89%
All 522,319 100%
Table 2
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Exclusion of Top Chronic Conditions Among Older Adults in SARS-CoV-2 Vaccine Trials vs. U.S. Prevalence
Excluded in SARS-CoV-2 Clinical Trials

Characteristic

Phase2 Phase2/3 Phase3 Phased4 Trials Excluded, N (%)

U.S. Prevalence

% of U.S. <65

% of U.S. 265

Heart Failure 26 1 12 4 43 (47%) 1% 7%
Coronary Heart Disease 22 1 12 4 39 (42%) 2% 12%
Chronic Kidney Disease 19 2 12 2 35 (38%) 2% 7%
Hypertension 18 0 7 5 30 (33%) 24% 60%
Diabetes 16 1 4 6 27 (29%) 8% 28%
Obesity 18 1 2 1 22 (24%) 33% 41%
Cognitive Disorders 9 0 7 3 19 (21%)
Mental Health Conditions 6 0 1 2 9 (10%) 9% 7%
Arthritis 0 0 1 0 1(1%) 20% 56%
High Cholesterol 0 0 0 0 0 (0%) 8% 9%
Total 38 6 37 M 92 (100%)

Table 3
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Common Exclusion Criteria in SARS-CoV-2 Vaccine Trials vs. U.S. Prevalence
Excluded in SARS-CoV-2 Clinical Trials

Phase2 Phase2/3 Phase3 Phased Trials Excluded, N (%) % of U.S. <65 % of U.S. 265

Characteristic

U.S. Prevalence

According to Pl 35 5 29 9 78 (85%)
Immunosuppressive Therapy 33 6 28 9 76 (83%)
History of COVID-19 30 5 29 9 73 (79%)
Recent Blood Donation/Transfusion 29 4 28 8 69 (75%) 6% 21%
Bleeding Disorder 25 4 23 8 60 (65%)
Cancer 25 2 17 6 50 (54%) 7% 29%
Prior COVID-19 Vaccination 20 1 22 5 48 (52%)
HIV/AIDS 18 2 17 6 43 (47%)
Immunocompromised 17 3 16 6 42 (46%)
Drug or Alcohol Dependency 17 1 13 3 34 (37%) 13% 16%
Liver Disease 16 2 10 2 30 (33%) 4% 6%
Spleen Disorder n 1 10 7 29 (32%)
Hepatitis B 16 1 7 0 24 (26%) 3% 7%
Hepatitis C 15 1 7 0 23 (25%) 1% 1%
Chronic Lung Condition 17 0 3 1 21(23%) 7% 16%
Angioedema 9 0 5 5 19 (21%)
Asthma 12 0 3 1 16 (17%) 16% 12%
Gastrointestinal Disorder 8 1 6 0 15 (16%)
Tuberculosis 9 0 3 3 15 (16%)
Endocrine Disorder 7 1 6 0 14 (15%)
Thyroid Disease 6 0 1 3 10 (11%) 10% 22%
Prescription Drug Use 4 0 0 0 4 (4%) 68% 98%
Technology-Related 1 0 3 0 4 (4%)
Group Living 2 0 1 0 3(3%)
Frailty or Physical Limitations 0 0 0 0 0(0%)
Transportation-Related 0 0 0 0 0 (0%)
Total 38 6 37 1 92 (100%)

Table 4
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2017-March 2020 NHANES Variables Used to Estimate U.S. Prevalence

Data Source Documentation File NHANES Variable(s) Estimation Notes

Characteristic

Heart Failure

Coronary Heart Disease
Chronic Kidney Disease
Hypertension

Diabetes

Obesity

Mental Health Conditions
Arthritis

High Cholesterol

Recent Blood Donation/Transfusion
Cancer

Drug or Alcohol Dependency
Liver Disease

Hepatitis B

Hepatitis C

Chronic Lung Condition
Thyroid Disease

Prescription Drug Use

Questionnaire
Questionnaire
Questionnaire
Questionnaire
Questionnaire
Examination
Questionnaire
Questionnaire
Laboratory
Questionnaire
Questionnaire
Questionnaire
Questionnaire
Laboratory
Laboratory
Questionnaire
Questionnaire

Questionnaire

P_MCQ
P_MCQ
P_KIQ_U
P_BPQ
P_DIQ
P_BMX
P_DPQ
P_MCQ
P_TCHOL
P_MCQ
P_MCQ
P_ALQ
P_MCQ
P_HEPBD
P_HEPC
P_MCQ
P_MCQ
P_RXQ_RX

MCQ160B
MCQ160C
KIQ022
BPQ020
DIQO10
BMXBMI
DPQO010:DPQ090
MCQ160A
LBXTC
MCQ092
MCQ220
ALQ151
MCQ160L
LBXHBC
LBDHCI
MCQ160P
MCQ160M
RXDUSE

History of Weak/Failing Kidneys

BMI=30 kg/m”2

PHQ-9210

=240 mg/dL

History of Blood Transfusion

History of Heavy Drinking

History of Hepatitis B
History of Hepatitis C

History of COPD/Emphysema/Chronic Bronchitis

Table S1
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3.6 FIGURE AND TABLE LEGENDS

3.6.1 Figure 1. Clinical trial inclusion selection process.
The diagram outlines the identification, screening, eligibility assessment, and inclusion of

registered SARS-CoV-2 vaccine clinical trials used in this analysis.
3.6.2 Table 1. Age-related characteristics of SARS-CoV-2 vaccine trials

Mean participant age (SD) and total enrollment in SARS-CoV-2 vaccine clinical trials, stratified
by trial phase. The table also summarizes the proportion of trails that reported key age-related

characteristics.
3.6.3 Table 2. Estimated age distribution of participants in SARS-CoV-2 vaccine clinical trials.

Estimates are derived using truncated normal distributions based on reported mean age, standard
deviation, and total enrollment, incorporating trial-specific lower and upper age limits. Age

groups reflect clinically relevant older adult subcategories.
3.6.4 Figure 2. Proportional representation versus COVID-19 mortality by age

Participation estimates were generated using truncated normal distributions with trial-specific
age limits, based on reported mean age, standard deviation, and enrollment per trial. Mortality
data represent total COVID-19 deaths by age group as reported by the CDC from January 1,
2020 to June 14, 2023. " COVID-19 mortality was significantly higher than clinical trial
participation for all age groups >65 ( p<0.001). ? Clinical trial participation was significantly
higher than COVID-19 mortality among participants <65 years (p <0.001). 3 Differences

between trial participation and mortality were significant across all age groups (p<0.001).
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3.6.5 Table 3. Exclusion of common chronic conditions among older adults in clinical trials

compared to U.S. prevalence

The table presents the top 10 chronic conditions affecting older adults in the U.S., as identified
by the National Council on Aging, alongside the number of SARS-CoV-2 vaccine trials that
listed each condition as an exclusion criterion, stratified by trial phase. Exclusion frequencies
were extracted from trial eligibility criteria and categorized by condition. U.S prevalence

estimates are based on NHANES 2017-2020 data for adults aged <65 and >65, where available.
3.6.6 Table 4. Common exclusion criteria in clinical trials compared to U.S. prevalence

The table presents frequently listed exclusion criteria across SARS-CoV-2 vaccine trials, along
with the number of trials that excluded each condition, stratified by age. U.S. prevalence

estimates are based on NHANES 2017-2020 data for adults aged <65 and >65, where available.

3.7 SUPPLEMENTAL FIGURE LEGENDS

3.7.1 Figure S1. Comparison of estimated age distribution of participants in SARS-CoV-2
vaccine clinical trials and the U.S. population.

Participation estimates were generated using truncated normal distributions with trial-specific
age limits, based on reported mean age, standard deviation, and enrollment per trial. U.S.
population estimates by age group were based on the 2023 U.S. Census Bureau data. ! For all age
groups =65, the proportion of individuals in the U.S. population was significantly higher than
their representation in clinical trials ( p<0.001). 2 Individuals <65 were significantly
overrepresented in clinical trials compared to their proportion in the U.S. population (p <0.001). 3
Differences between trial participation and population distribution were statistically significant

across all age groups (p<0.001).
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3.7.2  Figure S2. Correlation between estimated and reported age group proportions among

participants in SARS-CoV-2 vaccine clinical trials.

Each scatterplot shows the relationship between the estimated and reported proportion of
participants in each age group, using only trials that reported the true values. Estimated
proportions were derived using truncated normal distributions based on each trial’s mean age,
standard deviation, and enrollment size. Age groups reflect clinically relevant older adult

subcategories.

3.7.3 Figure S§3. Prevalence of the top 10 chronic conditions affecting older adults in the U.S.

Prevalence estimates were obtained from 2017-2020 NHANES data and stratified by age.
Weighted estimates reflect the population-level burden across clinically relevant older adult
subcategories. Conditions were selected based on National Council on Aging (NCOA) reports

identifying the most common chronic conditions among adults aged >65.

3.7.4 Figure §4. Prevalence of common exclusion criteria among U.S. adults.

Prevalence estimates were obtained from 2017-2020 NHANES data and stratified by age.
Weighted estimates reflect the population-level burden across clinically relevant older adult
subcategories. Conditions were identified as frequently listed exclusion criteria across SARS-

CoV-2 vaccine trials.

3.7.5 Table S1. NHANES variables used to estimate U.S. prevalence of exclusion criteria.

This table summarizes the NHANES source file, variable(s), and definition used to estimate the

prevalence of exclusion criteria included in the analysis. Where applicable, notes clarify how
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each condition was operationalized based on available NHANES data from the 2017-2020 pre-
pandemic cycle.

Chapter 4. METHODS

4.1 CHAPTER 1 METHODS

4.1.1 Experimental design

The experiments reported in this study were performed in human lung epithelial cells, Calu-3
and HSAECI1-KT, using an identical protocol. Prior to the experiment, human ACE2 gene was
stably introduced into parental HSAEC1-KT cells using a lentivirus system followed by cell
sorting. We evaluated the effect of both IFN- and SARS-CoV-2(WAT1) on Calu-3 and HSAECI-
KT cells. Furthermore, we investigated the effect of IFN-B administration 24 hours before and 24
hours after SARS-CoV-2 infection. Cells were treated with IFN-f at 10, 100, or 1000 IU/mL.
SARS-CoV-2 Isolate USA-WA1/2020 was derived from BEI Resources. Viral infections were
performed as previously described 8. Three biological replicates were harvested at each time
point for each treatment group. Supernatant was collected from each sample for transcriptomic
analysis.

4.1.2  Cell culture

Human lung adenocarcinoma cell line Calu-3 and immortalized normal human lung-derived
small airway epithelium cell line HSAEC1-KT were obtained from The American Type Culture
Collection (ATCC) (Manassas, VA, USA). Calu-3 cells were cultured in Opti-MEM
supplemented with 4% fetal bovine serum, 20 mM HEPES, 10 mM GlutaMAX (Gibco Catalog
No. 35050), and 1X penicillin-streptomycin. HSAEC1-KT were cultured in Small Airway

Epithelial Cell Growth Medium (MilliporeSigma, St. Louis, MO, USA) supplemented with
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penicillin-streptomycin. Both cells were split using trypsin (0.05%) in phosphate-buffered saline
(PBS) following PBS wash.

4.1.3  Viral preparation

All experiments using live virus were performed in the Biosafety Level-3 (BSL-3) facility at the
University of Washington in compliance with the BSL-3 laboratory safety protocols (CDC
BMBL 5th ed.) and the recent CDC guidelines for handling SARS-CoV-2. The preparation of
SARS-CoV-2 was described previously. 28 In brief, SARS-Related Coronavirus 2, Isolate USA-
WA1/2020 (SARS-CoV-2) was obtained from BEI Resources (NR-52281) and propagated in
VERO cells (USAMRIID), and the concentrated viral stock was stored at -80 °C.

4.1.4 Plague assay

Viral preparations and culture supernatant from SARS-CoV-2-infected epithelial cells were
titered using a plaque assay. Briefly, Vero cells (250,000 cells/well) were seeded in a 12-well
plate and incubated for 1 h at 37 °C with serial 10-fold dilutions of virus-containing media. A
solution of 1:1 2.4% Avecil-RC-591 and 2X DMEM supplemented with 4% heat-inactivated
FBS, L-glutamine, 1X penicillin-streptomycin (Gibco), and 220 mg/mL sodium pyruvate was
layered on top of the cells, followed by incubation at 37 °C for 48 h. After washing PBS and
fixing the cells with 10% formaldehyde, the layer was removed, and cells were stained with 1%
crystal violet solution in 20% ethanol. Plaques were counted, and the virus titer in the original
sample was assessed as plaque formation unit per mL (PFU/mL).

4.1.5 Viral infection

Calu-3 and HSAEC1-KT/ACE2 cells were seeded into 6-, 12- or 96-well plates. After 2 days, the

cells were infected with diluted SARS-CoV-2 (MOI = 5) in Opti-MEM and incubated for 1 h at
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37 °C. (non-infected [mock] control cells were incubated without virus). Cells were then washed
with PBS and cultured in the culture medium for the indicated times.

4.1.6 Cell viability assay

Calu-3 and HSAEC1-KT/ACE2 cells (5 x10° cells/well) were seeded to an optical-bottom plate
(Thermo Scientific™) and were incubated for 48 h. For the IFN-f3 followed by SARS-CoV-2
infection group, cells were incubated in a fresh culture medium in the presence of various
concentration of IFN-$ (0, 10, 100, and 1000 IU/mL) for 24 h. Cells were then infected with
SARS-CoV-2 (MOI = 5) for 1h. After infection, the cells were further incubated for 72 h. For the
SARS-CoV-2 infection followed by IFN- treatment group, cell viability was assayed with Real-
time Glo reagent (Promega). Relative percentages of cell viability were calculated after
normalization to a mock treatment group.

4.1.7 Immunoblot

Cells were lysed with RIPA Buffer (25 mM Tris, ImM EDTA, 1% Triton X100, 150 mM NaCl)
supplemented with protease inhibitor (Sigma-Aldrich) and phosphatase inhibitor cocktail
(Sigma-Aldrich) on ice for 15 min. Lysates were then centrifuged at 20,000 g for 10 min at 4 °C.
Protein concentration was measured with Bradford Assay (Bio-Rad). Immune complexes were
detected using SuperSignal™ West Pico PLUS Chemiluminescent Substrate (Thermofisher-Life
Technologies) and band intensities were measured using a ChemiDoc Imaging Systems (Bio-
Rad, Hercules, CA, USA). Each blot was independently performed for three times. Relative
protein levels were calculated after normalization to an internal standard, B-actin.

4.1.8 RT-qPCR

Cells were washed once with PBS and incubated with 300 uL per well of RNA lysis buffer

(Zymo Research, Irvine, CA 92614, USA) for 10 min at room temperature. The lysates were
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stored at -80 °C until further use. RNA was extracted using Quick-RNA kit (Zymo). cDNA was
prepared with iScript cDNA synthesis kit (Bio-Rad). qPCR for virus detection was performed
with Premix Ex Taq™ (TaKaRa, Shiga, Japan). Using 10 ng of cDNA and 400 nM of each
primer and a specific probe labelled with a dye label (FAM) on the 5’ end and a minor groove
binder (MGB) and non-fluorescent quencher (NFQ) on the 3° end. qPCR was run on a ViiA 7
Real-Time PCR System (Thermofisher-Life Technologies). Data was analyzed using the AACt
method. Gene expression of GAPDH was used as an internal control.

4.1.9 Bulk RNA sequencing

For each cell line, we designed experimental groups for transcriptomic analysis as follows; (i)
IFN-B treatment (0, 10, 100, and 1000 IU/mL) for 0, 6, 12, 24, and 48 h, (ii)) SARS-CoV-2
infection (MOI=5) for 0, 6, 12, 24 and 48 hpi, (iii) [FN-B treatment (0, 10, 100, and 1000 IU/mL)
for 24 h followed by SARS-CoV-2 infection (MOI = 5) for 0, 6, 12, 24, and 48 hpi, and (iv)
SARS-CoV-2 infection (MOI = 5) for 24 h followed by IFN-f treatment (0, 10, 100, and 1000
IU/mL) for 30, 36, 48, and 72 hpi. Total RNA was extracted from the cells as described above.
Bulk mRNA-seq data were generated by constructing mRNA-seq libraries using the KAPA
mRNA HyperPrep kit (Kapa Biosystems). 250 ng of RNA was used for Calu-3 cells and 180 ng
of RNA was used for ACE2/HSAECI1-KT cells. The RNA and resulting libraries were quality
controlled and quantified using a 4200 TapeStation System (Agilent Technologies, Inc.) and a
Qubit Fluorometer (Invitrogen). Libraries were sequenced on an Illumina NovaSeq using S2 v1.5
200 cycle flow cell which generates paired-end reads of one hundred nucleotides. Each sample
was sequenced to a minimum of twenty million mapped reads.

4.1.10 Differential gene expression analysis
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Identical bioinformatic analyses were completed on the Calu-3 and HSAEC1-KT/ACE2 samples
using the R statistical programming language (v 4.3.1). Genes with less than ten raw counts
averaged across all samples were removed. Counts were normalized using Trimmed Mean of M-
values (TMM) via edgeR ?° and transformed into log, CPM with the voom function in the R
library limma *°. Differential expression analysis was performed using the /mFit function in
limma to test the following comparisons at matched time points: (i) IFN-f treatment relative to
mock, (i1) SARS-CoV-2 infection relative to mock, (iii) IFN-f treatment 24 h before SARS-CoV-
2 infection relative to SARS-CoV-2 infection, and (iv) IFN-f treatment 24 h after SARS-CoV-2
infection relative to SARS-CoV-2 infection. Genes with a Benjamini-Hocberg (BH)-adjusted p-
value of <0.01 and absolute log, fold change (LFC) above 1 in at least one time point were
considered significantly differentially expressed (DE). We also ran DE analysis on the public
dataset GSE171110 to obtain LFCs of genes associated with severe COVID-19 compared to
healthy controls.

4.1.11 Principal component analysis

The prcomp function from the R library stats was used to perform principal component analysis
(PCA) on the transformed logz CPM using all genes that passed initial filtering.

4.1.12 Pathway enrichment analyses

The union of all differentially expressed genes were grouped into co-expression clusters using
Ward clustering and Pearson distance on the LFC values using the WGCNA and heatmap.2
packages in R3!2 Over-representation analysis (ORA) was performed on each cluster using
WebGestaltR?**. Functional categories among the Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathways, the non-redundant Gene Ontology database, and the Hallmark Community

Contributed 50 database were tested for enrichment®*3%, Upstream regulator analysis was
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performed on the co-expression clusters of DE genes using QIAGEN Ingenuity Pathway
Analysis (QIAGEN Inc., https://digitalinsights.qiagen.com/IPA). For each co-expression module,
bar plots of highly significant pathways and bubble plots of significant upstream regulators were
created using ggplot2 37. For the IFN-B post-treatment networks, significant transcription factors
(STATI, IRF 3, and NONO) were defined as central nodes interconnected with cell line-specific
DE genes using IPA, in conjunction with Cytoscape3®.

4.1.13 Weighted gene co-expression network analysis

Weighted gene correlation network analysis (WGCNA) is a method used to identify modules of
co-expressed genes and their association with external traits of interest. To identify a viral-load
associated gene signature in lung epithelial cells, we used the WGCNA R package to construct a
gene co-expression network and correlated these modules to SARS-CoV-2 viral reads across all
samples. We identified a highly correlated co-expression module, whose eigengene showed a
significant association with viral load. A scatterplot of Gene Significance (GS) vs. Module
Membership (MM) confirmed that hub genes within this module were highly correlated with
viral reads.

4.1.14 Additional analyses

The average gene expression of each ISG cluster was presented as line plots using ggplor2*”.
When IFN-f treatment was present, the average expression was calculated using the LFC values
from the 100 IU/ml dose. A curated list of cytokines including various interleukins and
interferons was generated using public literature. Cytokines with more than ten raw counts
averaged across all samples were transformed using the ntile function from the dplyr R
package®. Heatmaps displaying normalized cytokine expression values were also created using

ggplot2®’. Lollipop plots of normalized gene counts for the viral-load associated gene signature
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and box plots of normalized gene counts for severe COVID-19 patients vs. healthy controls
(GSE17110) were created using ggplot2.3” Statistically significant differences are indicated by

%p<0.05, **p<0.001, ***p<0.001, ****p<0.0001.

4.2 CHAPTER 2 METHODS

4.2.1 Experimental design

Lung samples from C57BL/6 mice infected with SARS-CoV-2 were collected and prepared for
RNA-sequencing as previously described in Davis et al. (2022)?3. Processing of the raw read
counts was conducted in-house. Our analysis began with the normalized count matrix and
focused on differential expression, co-expression network analysis, pathway enrichment, and
cell-type deconvolution to characterize age-associated immune responses during infection.

4.2.2  Data processing and differential gene expression analysis

All bioinformatic analyses were conducted in R using RStudio (v2024.12.0.467). Genes with low
expression were filtered prior to normalization. After transforming raw counts to counts per
million (CPM), genes with CPM >2 greater in at least three samples were retained.
Normalization was performed using the trimmed mean of M-values (TMM) method
implemented in edgeR package?’. Differential expression (DE) analysis was performed using the
limma package with voom transformation to model the mean-variance relationship of log-
transformed expression values®®. Contrasts were fit using contrasts.fit and empirical Bayes
moderation (eBayes) with robust estimated was applied. DEGs were identified using decideTests
with a Benjamini-Hochberg (BH)-adjusted p-value of <0.01 and absolute log: fold change (LFC)
> 1 in at least one time point.

4.2.3 Pathway enrichment analyses
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The union of all differentially expressed genes were grouped into co-expression clusters using
Ward’s D2 hierarchal clustering and Pearson distance on the LFC values using WGCNA and
heatmap.2 packages®3°. Over-representation analysis (ORA) was performed on each cluster
using WebGestaltR*'. Functional categories among the Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathways and the non-redundant Gene Ontology (GO) database?*3. To
reduce redundancy in pathway enrichment results, a custom function was implemented to filter
overlapping gene sets. Pathways with >75% overlap in genes relative to the smaller gene set
were compared, and the term with the higher false discovery rate (FDR) was removed. Pathways
unique to a single co-expression cluster were further selected and visualized as dotplots using
ggplot2**, Upstream regulator analysis was performed on the co-expression clusters of DEGs
using QIAGEN Ingenuity Pathway Analysis (IPA) (QIAGEN Inc.,
https://digitalinsights.qiagen.com/IPA). De novo networks were created using IPA’s curated
knowledge base to predict connections between top upstream regulators and DEGs. Cytoscape
was used for network visualization®?.

4.2.4  Immune cell-type deconvolution

Immune cell composition was estimated using CIBERSORT with a mouse-specific ImmuCC
signature matrix3¢3’. CPM-normalized, non-log transformed lung expression values were used as
input, with quantile normalization disabled and 100 permutations performed. Immune cell
composition was visualized using a heatmap of mean estimated cell type proportions across age
groups, scaled by z-score across cell types. Cell types with no variance across groups were
excluded. Rows and columns were clustered using Ward’s D2 hierarchical clustering and
visualized using pheatmap?®.

4.2.5 Additional analyses
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Venn diagrams of DEGs were created using ggVennDiagam’®. Average log, fold change (log2FC)
line plots, mock expression boxplots, and cell-type-specific proportion boxplots were also
generated using ggplot2.

4.3 CHAPTER 3 METHODS

4.3.1 Clinical trial selection

The selection process is outlined in Figure 1. Clinical trials were identified using
ClinicalTrials.gov by searching the condition/disease terms, “COVID-19”, “SARS-CoV-2”, and
“COVID,” along with additional intervention-related terms including, “vaccine”, “vaccination”,
“inoculation”, and “immunization.” The search was restricted to trials registered between
November 1, 2019 and November 23, 2024. Phase I, observational, and non-randomized trials
were excluded, resulting in an initial pool of 337 studies.

Each trial was reviewed for relevance and eligibility. We excluded studies that: (1) did not
include adult participants, (2) focused exclusively on populations that implicitly excluded older
adults (e.g., pregnant individuals, healthcare workers), (3) were withdrawn, not yet recruiting,
recruiting, active but not recruiting, or terminated, (4) had fewer than 50 participants, or (5) were
not SARS-CoV-2 vaccine trials. After applying these criteria, 156 trials remained.

We conducted a literature search to identify published data on participant enrollment and mean
age for each study. Trials without publicly available information were excluded unless data could
be obtained from study investigators. Of those contacted, only one investigator responded and
provided the requested information. In total, 93 trials were included in the final analysis.

4.3.2 Data extraction

The following information was abstracted for each eligible study by a trained researcher (TJ):

ClinicalTrials.gov identifier (NCT number), principal investigator, study title, study status,
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intervention(s), outcome measures, study phase, design, sex, enrollment number, location(s), and
study URL. For studies with publicly available enrollment data, additional variables were
recorded, including: start date, actual enrollment number, participant gender distribution,
reported mean age (SD), median age, participant age range, lower and upper age limits, and
whether an explicit older adult inclusion criterion was present.

We also documented whether trials reported the proportion of older adults enrolled, stratified age
group data, and whether age-adjusted analyses were conducted. When trials reported age-based
proportions (e.g., <65, 65+, 65-74,), these were extracted into corresponding columns. From this,
we derived discrete age bins (<65, 65-69, 70-74,75-79,>80, and >65) for downstream
comparisons with our estimated age proportions.

All inclusion and exclusion criteria were reviewed and recorded. Studies were flagged if they
included criteria likely to disproportionately impact older adults, such as upper age limits or
exclusions based on chronic conditions in aging populations (Table 4). We identified the top 10
chronic conditions identified by the National Council on Aging, as well as other factors such as
history of COVID-19 vaccination or infection, transportation-related exclusions, technology
access or literacy requirements, group-living exclusions, and frailty-related criteria. To do this,
we analyzed free-text exclusion criteria from the 93 trials using a keyword tokenization and
grouping approach. Terms were cleaned, tokenized, and grouped into clinically relevant
exclusion categories to common patterns (e.g., “hepatic” and “liver” grouped under “Liver
disease”).

4.3.3 Trial participant age distribution

The weighted mean age and pooled SD across all 93 trials were calculated using each trial’s

reported mean age and actual enrollment number. The weighted mean reflects the average
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participant age across trials, adjusted for sample size. The pooled SD represents the variability in
mean age between trials, weighted by the number of participants in each study.

To estimate the proportion of participants in predefined older age subgroups, we used a truncated
normal distribution to model the age distribution for each trial based on its reported mean age,
SD, and trial-specific lower and upper age limits. Proportions of participants aged <65, 65-69,
70-74,75-79, and 80+ were calculated and aggregated across all trials. To validate this approach,
we identified a subset of 46 trials that reported participant proportions within these discrete age
groups. Estimated proportions were then compared to the reported values by age group. Pearson
correlation analysis demonstrated a strong agreement between estimated and reported values (r
range: 0.96-1, p <0.0001), supporting the reliability of our modeling approach.

4.3.4 COVID-19 mortality by age

To compare the proportion of older adults enrolled in SARS-CoV-2 vaccine trials to their
representation in the U.S. population, we obtained 2023 U.S. age distribution estimates from the
U.S. Census Bureau. We calculated the distribution of participants across the following age
groups in both clinical trials and the U.S. population: <65, 65+, 65-74, 75-84, and 85+. We also
compared trial age distributions to COVID-19 mortality by age group using data from the
Centers for Disease Control and Prevention (CDC) “Deaths by Select Demographics and
Geographic Characteristics ,” covering January 1, 2020 to June 14, 2023. To assess statistical
significance, we used two-sample proportion tests to compare estimated trial participation
proportions to both population and mortality proportions within each age group.

4.3.5 U.S. Prevalence data comparisons

We compared the top 10 chronic conditions affecting older adults, as defined by the NCOA, to

their estimated prevalence in the U.S. population using data from the 2017-2020 National Health
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and Nutrition Examination Survey (NHANES). When a direct match to NHANES variables was
not available, the most appropriate proxy variable was used. A full list of NHANES variable IDs
used in comparison analyses is provided in Supplementary Table 1.

Additionally, we compared the frequency of variables corresponding to the exclusion criteria
previously reported to disproportionately affect older adult enrollment to estimated prevalence of
these conditions in the U.S. population based on NHANES.

For estimates with corresponding NHANES variables, U.S. prevalence estimates were compared
across the following age groups: <65, 65-69, 70-74, 75-79, and 80+. To assess statistical
differences, we used two-sample tests for proportions to compare the prevalence in each older
age group to the <65 reference group.

4.3.6 Computational tools and data visualization

Initial clinical trial filtering, statistical analyses, bar plot generation, scatterplots, and table
formatting were performed in RStudio (version 2024.12.0.467) using R (version 4.4.1).
Visualizations were created using the ggplot2 package (version 3.5.1), and summary tables were

formatted with the gt package (version 0.11.1).
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