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Background. Cellular senescence, involving cell-cycle arrest and inflammatory factor release, may play a role in Long COVID 
development. We investigated the role of senescence-associated genes across multiple postacute sequelae phenotypes.

Methods. Participants from a cohort study were grouped into post-COVID-19 groups: (1) sensory, fatigue/difficulty thinking, 
and difficulty breathing/exercise intolerance, identified through a machine learning analysis of symptom data; (2) cognitive 
impairment, measured using a screening cognitive assessment tool (BRACE); and (3) persistent dyspnea, identified using a 
symptom-scale known to correlate with a 6-minute-walk-test. Postinfection whole-blood samples underwent transcriptomic 
analysis with 47 125 genes used as the reference signature for gene set enrichment analysis against the SenMayo cellular- 
senescence query gene set (n = 125); enrichment were based on normalized enrichment scores (NES).

Results. SenMayo genes were significantly upregulated in the early postinfection period in (1) 56 individuals who subsequently 
developed Long COVID symptom phenotypes, compared to 104 who did not develop Long COVID symptoms (NES = 6.04, 
P = .001); (2) 32 individuals with long-term cognitive impairment compared with 40 without long-term cognitive impairment 
measured by BRACE (NES = 2.58, P = .032); and (3) 26 participants who had persistent dyspnea compared with 53 without 
persistent dyspnea measured by the validated dyspnea instrument (NES = 6.29, P = .001). ETS2 was upregulated across all 
impairment-related phenotypes, while other SenMayo genes showed phenotype-specific variability.

Conclusions. This study suggests a role of senescence-associated genes in the development of Long COVID, including shared 
and unique transcriptomic patterns across phenotypes.
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Long COVID represents a spectrum of symptoms that persist 
beyond acute illness [1]. Manifestations include cognitive, car
diopulmonary, and systemic fatigue symptoms, among others, 
contributing to morbidity and impaired quality of life [1]. 
Despite extensive efforts to investigate its underlying mecha
nisms, the heterogeneity of Long COVID phenotypes poses a 
challenge to understand the underlying pathophysiology.

One emerging hypothesis suggests that cellular senescence- 
associated biological processes and transcriptional programs 
may contribute to the pathogenesis of Long COVID [2–4]. 
Cellular senescence is defined as a stable cell-cycle arrest in re
sponse to physiological stressors such as DNA damage, mito
chondrial dysfunction, or chronic inflammation [5]. This 
process is largely mediated by key pathways, including p53/p21 
and p16INK4a/Rb, which regulate cell proliferation and survival 
[6–8].

Senescent cells are metabolically active and secrete a repertoire 
of proinflammatory cytokines, chemokines, and matrix-degrading 
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proteins, collectively referred to as the senescence-associated secre
tory phenotype (SASP) [9–13]. While cellular senescence plays an 
essential role in tissue repair and immune surveillance, the persis
tent accumulation of senescent cells in aging tissues is associated 
with chronic inflammation, tissue dysfunction, and age-related dis
eases, such as cardiovascular disease, neurodegeneration, and im
mune aging (immunosenescence) [14, 15]. Senescent cells can 
also disrupt the balance of innate and adaptive immunity, particu
larly impacting T cells and B cells, which are crucial for immune 
resilience and recovery [16]. Recent studies have identified bio
markers of cellular senescence in CD3+ T cells, as well as plasma 
proteins [17]. These SASP-associated biomarkers not only reflect 
senescent cell burden but also contribute to systemic inflammation 
and immune dysregulation [18].

To quantify cellular senescence, the SenMayo gene set has 
been developed and validated using a combination of bulk tis
sue, single-cell, cross-species, and intervention-based analyses 
[17]. These transcriptomic signatures provide a validated ap
proach for assessing senescence-associated transcriptional pro
grams in both tissue and blood samples [17], enabling 
investigation of senescence-related biology across a variety of 
disease states. Emerging evidence suggests that viral infections, 
including SARS-CoV-2, can accelerate cellular senescence [19], 
including in human cases and preclinical models [19, 20].

While cellular senescence postacute COVID-19 is increas
ingly well described, the contribution of post-SARS-CoV-2 cel
lular senescence to Long COVID remains poorly understood. 
Given the persistent inflammatory state observed in some 
Long COVID studies [21–23], it is plausible that 
senescence-associated and inflammatory pathways contribute 
to tissue dysfunction and clinical phenotypes of Long 
COVID [19]. However, whether senescence is a predictor or 
mechanistic driver of Long COVID pathogenesis remains 
unclear.

In this study, we aimed to explore the relationship between 
early postinfection senescence-associated transcriptional signa
tures and the subsequent development of Long COVID by le
veraging transcriptomic analysis of whole-blood samples. We 
utilized the SenMayo gene set [17] to identify putative molecu
lar pathways associated with senescence in individuals follow
ing SARS-CoV-2 infection. Due to the heterogeneity of Long 
COVID clinical presentations, we explore the association of 
cellular-senescence biomarkers with participant-reported 
symptom-based phenotypes, in addition to objectively evaluat
ed cognitive and cardiopulmonary phenotypes.

METHODS

Study Population and General Study Design

This study utilizes data from the Epidemiology, Immunology, 
and Clinical Characteristics of Emerging Infectious Diseases 
with Pandemic Potential (EPICC) longitudinal cohort study, 

which investigates COVID-19 outcomes in military health sys
tem (MHS) beneficiaries [24–26]. EPICC enrolled participants 
from March 2020 to May 2022, including individuals with con
firmed SARS-CoV-2 infection, COVID-19-like symptoms, and 
high-risk exposures, with later expansion to COVID-19 vacci
nated individuals. Participants were followed at predefined in
tervals with prospective collection of data and specimens 
(Supplementary Table 1).

Upper respiratory tract swabs were collected for 
SARS-CoV-2 detection by RT-PCR. For host response analyses, 
whole-blood samples were collected, including PAXgene Blood 
RNA tubes that were processed for transcriptomic profiling. As 
outlined in Supplementary Table 1, PAXgene whole-blood 
RNA collection only took place up to Day 28 postenrollment. 
These molecular data were integrated with clinical metadata, 
including vaccination status, comorbidities, and acute 
COVID-19 severity. Relevant clinical information was abstract
ed from the MHS data repository and supplemented by struc
tured questionnaires.

Approach to Comparative Long COVID Phenotyping

EPICC enrollment afforded several approaches to phenotyping 
Long COVID (Supplementary Figure 1): (1) chronic self- 
reported postinfectious symptom patterns defined by machine 
learning (ML) based cluster analyses, as described in [27]; (2) 
objective measurement of cognitive impairment via a partici
pant operated mobile app, as described in [28]; and (3) self- 
reported dyspnea by a standardized 12-point dyspnea ques
tionnaire, which we previously demonstrated correlated with 
impaired 6-minute-walk-test (6MWT) scores [29]. In each 
phenotyping approach, we included 2 comparison groups: (1) 
SARS-CoV-2 positive controls without post-SARS-CoV-2 se
quelae, and (2) SARS-CoV-2 negative participants. For each 
phenotype, RNA sequencing was performed on a subset of par
ticipants, based on the availability of appropriately collected 
and stored PAXgene blood samples at the time of analysis.

ML Defined Symptom-based Long COVID Phenotyping
To classify participants based on Long COVID symptoms, a 
ML approach was applied to participant-reported symptom 
data [27] (Supplementary Materials). Analyses were additional
ly restricted to participants younger than 65 years of age with 
no existing comorbidities to reduce potential confounding 
from age-related and baseline comorbidity-associated symp
tom burden. This analysis identified 3 distinct Long COVID 
phenotypes: (1) sensory symptoms (eg, loss of taste and/or 
smell), (2) fatigue/difficulty thinking, and (3) exercise intoler
ance or difficulty breathing (Supplementary Figure 2). This 
classification framework has previously been shown to recapit
ulate ML-based symptom clusters in the RECOVER observa
tional cohort [27, 30].
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Long COVID Cognitive Phenotyping
Cognitive impairment was assessed among both SARS-CoV-2 
infected and uninfected EPICC participants using the Brain 
Baseline Assessment of Cognition and Everyday Functioning 
(BRACE), a validated app-based cognitive testing platform 
which screens for cognitive impairment [28]. Assessment was 
conducted postinfection for SARS-CoV-2 positive individuals 
(Supplementary Material). These assessments extended prior 
subjective cognitive evaluations conducted in the EPICC study 
[31]. Briefly, cognitive function was evaluated across multiple 
domains, including psychomotor speed, executive function 
and mental flexibility, processing speed and interference reso
lution, and visuospatial memory.

Cardiopulmonary Long COVID Phenotyping
Cardiopulmonary complications of COVID-19 were investi
gated using data from the chronic impairment with pulmonary 
symptoms (ChIPS) EPICC substudy [29] (Supplementary 
Materials). Briefly, this substudy enrolled participants with 
and without chronic dyspnea 3 months post-COVID-19 infec
tion. All participants underwent comprehensive cardiopulmo
nary assessments, including high-resolution CT scans, 
echocardiograms (echo), pulmonary function tests, electrocar
diograms, and 6MWT.

Negative Controls
We further compared transcriptomic profiles of SARS-CoV-2 
positive participants (with and without Long COVID) to a 
SARS-CoV-2 negative-control group (Supplementary 
Materials). Here, we restricted SARS-CoV-2 negative control 
set to younger individuals with no reported comorbidities 
and ensured that controls were matched by sample collection 
timeframes, reducing variation unrelated to infection status.

RNA Sequencing

RNA sequencing was performed on EPICC participants from 
postinfection SARS-CoV-2 PAXgene blood specimens. 
Additionally, we leveraged transcriptomic data generated 
from early postinfection time points (samples collected within 
the initial phase following SARS-CoV-2 infection, typically 
within a median of 4 weeks postinfection) in a subset of 
convenience-sampled participants without Long COVID, as 
well as from a convenience-sampled group of SARS-CoV-2 
negative participants. Additional details are provided in the 
Supplementary Materials.

SenMayo Gene Set

SenMayo gene set comprises 125 genes associated with cellular 
senescence [17], organized into functional categories including 
metalloproteases, cytokines and chemokines, intercellular sig
naling molecules, transmembrane receptors, protease inhibi
tors, and growth factors [17] (Supplementary Table 2).

Transcriptomic and Statistical Analysis

Raw RNA-seq count data were normalized and analyzed using 
DESeq2 [32] to identify differentially expressed genes (DEGs) 
based on the negative binomial distribution. DEGs were iden
tified by comparing experimental conditions, with statistical 
significance determined using the Benjamini–Hochberg false 
discovery rate (FDR) correction. Genes with an adjusted P val
ue (FDR) < .05 were considered significant.

To better understand the cellular composition underlying 
transcriptional changes, we performed cell-type deconvolution 
using the EPIC (estimating the proportion of immune and can
cer cells) tool [33] allowing estimation of immune and stromal 
cell proportions across Long COVID phenotypes.

To identify cellular-senescence genes that contribute to Long 
COVID, gene set enrichment analysis (GSEA) [34] was per
formed using the SenMayo gene set as the query, and 
RNA-Seq expressional profiles for each Long COVID pheno
type as the reference signature, with enrichment significance 
assessed after FDR adjustment for multiple testing 
(Supplementary Figure 3). Enrichment was assessed based on 
normalized enrichment scores (NES) and statistical signifi
cance, enabling the identification of senescence-associated pro
cesses relevant to Long COVID. Descriptive statistics were 
calculated to summarize demographic and clinical characteris
tics of the study populations, with P values determined using 
Fisher's exact test. All figures and statistical analyses were per
formed in R version 4·0·2 [35].

Ethics

This study was approved by the Uniformed Services University 
of the Health Sciences (USUHS) Institutional Review Board 
(IRB) under protocol IDCRP-085 [24]; all participants or their 
legally authorized representative provided informed consent to 
participate.

RESULTS

Demographic, Clinical Characteristics, and Long COVID Phenotyping 
Results Among Those With RNA-Seq Data Available

Among 7911 participants enrolled in the EPICC study, 17% of 
adult participants underwent RNA sequencing of whole-blood 
samples (Supplementary Figure 1). This analysis focuses on 3 
Long COVID phenotypes: ML-based symptom groups [27], 
cognitive outcomes from the BRACE substudy [28], and car
diopulmonary outcomes from the ChIPS substudy [29]. For 
each of these phenotypes, we compared transcriptomic profiles 
to a common SARS-CoV-2 negative-control group (Table 1).

In the ML-based symptom phenotyping analysis, RNA se
quencing was performed on 160 participants with and without 
moderate–severe symptoms at 3–9 months post-COVID-19. 
These participants were categorized into 4 distinct clusters 
[27]: sensory symptoms (n = 12), characterized by loss of taste 
and/or smell; fatigue/difficulty thinking (n = 17), associated 
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Figure 1. Differential gene set enrichment analysis (GSEA) of SenMayo gene set (measured early postinfection) across Long COVID phenotypes. A, Participants who sub
sequently reported any moderate–severe symptoms at 3–9 m (“Long COVID”) versus those who did not report any moderate–severe symptoms at 3–9 m symptoms (“No 
Persistence Symptoms”), (B-D) GSEA of machine learning (ML)-based symptom groups (sensory, fatigue/difficulty thinking, and difficulty breathing/exercise intolerance) at 
3–9 m versus participants without moderate-to-severe symptoms at 3–9 m, (E) Participants with chronic objective cognitive impairment (“Impaired”) versus those without 
impairment (“Not Impaired”), (F ) Participants with chronic dyspnea (“Dyspnea”) versus those without chronic dyspnea (“No Dyspnea”), note that chronic dyspnea correlated 
with objective 6-minute-walk-test decrement; plots display normalized enrichment scores (NES) and associated P values. G, Heatmap display genes across different Long 
COVID phenotypes: ML-based symptom clusters (Sensory, Fatigue/Difficulty thinking, and Difficulty breathing/Exercise Intolerance), cognitive impairment (BRACE), and car
diopulmonary impairment (ChIPS). Cooler colors (dark blue) indicate upregulation and warmer color (yellow) indicate downregulation relative to acute COVID comparators. Top 
panel shows BRACE and symptom phenotypes only, as no distinct leading-edge genes were observed in ChIPS for that subset. Middle and bottom panels further illustrate 
gene overlaps and distinctions across phenotypes.
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with cognitive issues such as brain fog; difficulty breathing/ex
ercise intolerance (n = 27), dominated by respiratory symp
toms; and no symptoms (n = 104), comprising participants 
without Long COVID symptoms at 3–9 months postinfection 
(Supplementary Table 3). COVID-19 hospitalization was 
more common in fatigue/difficulty thinking cluster (35%) 
than in other clusters (0% to 15%). No significant differences 
in age group, sex, or race were observed across the clusters. 
Blood sample collection timing was similar across all groups 
though the range is wide.

The BRACE substudy (Supplementary Table 4) investigated 
cognitive outcomes at a median of 9 months among partici
pants (n = 72) with a history of SARS-CoV-2 infection, com
paring those with and without cognitive impairment. 
Participants with a history of SARS-CoV-2 infection who had 
RNA-seq data were retained for this analysis. No significant dif
ferences in the timing of postinfection blood sample collection 
were found between those with and without cognitive impair
ment. However, younger age and female sex were more com
mon with BRACE impairment in this dataset.

In the ChIPS substudy (Supplementary Table 5), 79 partici
pants with early RNA sequencing with and without chronic 
dyspnea at 3 months postinfection were compared. 
Hospitalization was more frequent in the dyspnea group 
(42.3%) compared with no dyspnea (18.9%). Assessments 
showed that participants with dyspnea had shorter 6MWT dis
tances (1300 ± 247.4 feet vs 1400 ± 425.6 feet). No significant 
differences were observed in sex between the 2 groups. Severe 
obesity was more common in those with dyspnea (41.7%) com
pared with 13.5% of those without dyspnea.

Transcriptomic Signatures in Long COVID

ML-based Symptom Phenotypes
Transcriptomic analyses revealed significant enrichment of the 
SenMayo gene set in the ML-based symptom phenotyping 
analysis (Figure 1A-D). Participants who reported any symp
toms at 3–9 months post-SARS-CoV-2 infection showed strong 
upregulation of the SenMayo signature (NES = 6.04, P = .001) 
(Figure 1A), with top leading-edge genes including IQGAP2, 
GDF15, GMFG, FGF2, and EGF.

When stratified by symptom-defined clusters (Figure 1B-D), 
individuals in fatigue/difficulty thinking cluster (NES = 7.9, 
P = .001) showed prominent upregulation of HGF, IGFBP2, 
MMP9, PLAU, and IQGAP2. Difficulty breathing/exercise in
tolerance cluster (NES = 7.11, P = .001) was enriched for 
NAP1L4, FGF2, CD9, FAS, and EGF. In contrast, those with 
sensory symptoms (eg, anosmia and ageusia) demonstrated a 
trend toward downregulation (NES = −1.79, P = .057), with 
lower expression of JUN, TNFRSF1A, CXCL1, CXCL8, and 
SELPLG, suggesting a biological distinct phenotype.

We further validated these findings by comparing pheno
types in negative-control participants who had not been 

infected with SARS-CoV-2 at the time of whole-blood collec
tion. A similar pattern was observed (Supplementary 
Figure 4A-C): SenMayo gene expression was significantly upre
gulated in fatigue/difficulty thinking (NES = 6.84, P = .001) 
and difficulty breathing/exercise intolerance (NES = 6.2, P  
= .001) clusters, but downregulated in sensory cluster (NES = 
−2.5, P = .007), suggesting a biologically distinct phenotype.

Objectively Measured Cognitive Phenotype
In the BRACE substudy, participants with cognitive impair
ment at a median of 9 months postinfection demonstrated 
modest enrichment of the SenMayo gene set compared with 
those without impairment (NES = 2.58, P = .032) 
(Figure 1E). Top 5 leading-edge genes contributing to this en
richment included TNFRSF1B, CSF2RB, ICAM3, SELPLG, and 
CXCR2, several of which are associated with neuroinflamma
tion and immune signaling.

However, when compared with the uninfected control group 
(Supplementary Figure 4D-E), neither the impaired nor the un
impaired participants showed statistically significant enrich
ment. The impaired group showed upregulation (NES = 1.52, 
P = .25), while the nonimpaired group showed a nonsignificant 
downregulation (NES = −1.09, P = .42). Furthermore, in sensi
tivity analyses restricted to samples collected within a defined 
postinfection time window, the enrichment signal did not re
main statistically significant (Supplementary Figure 4H).

Cardiopulmonary Outcomes
In the cardiopulmonary Outcomes (ChIPS) substudy, the 
SenMayo gene set was significantly enriched in participants 
with chronic dyspnea at 3 months postinfection compared 
with those without dyspnea (NES = 6.29, P = .001) 
(Figure 1F). Leading-edge genes driving this enrichment in
cluded PECAM1, LCP1, IGFBP2, HGF, and SPX.

When compared with the uninfected control group 
(Supplementary Figure 4F-G), participants with chronic dysp
nea also demonstrated significant upregulation of the SenMayo 
gene set (NES = 6.05, P = .001). Participants without dyspnea 
showed no significant enrichment (NES = 2.19, P = .093). 
Enrichment remained statistically significant in sensitivity 
analyses restricted to participants without severe obesity and 
without prior hospitalization (Supplementary Figure 4I).

Comparative Analysis Across Long COVID Phenotypes

Comparative transcriptomic analyses across all Long COVID 
phenotypes revealed both shared and distinct SenMayo gene 
expression patterns (Figure 1G; Supplementary Figure 5). 
Some genes, such as ETS2, were expressed across all pheno
types, indicating a shared senescence-related response. Other 
genes displayed phenotype-specific variability, for example 
MMP2, IL10, IL18, IL6ST, NRG1, and CXCL10 were upregu
lated in both fatigue/difficulty thinking and difficulty 
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breathing/exercise intolerance clusters. In contrast, BEX3, 
IL1B, and SERPINE2 were elevated in all phenotypes except 
sensory. Genes such as CSF2RB, CXCL16, CXCR2, ICAM3, 
IGFBP5, and TNFRSF1A were expressed in ML-sensory, 
BRACE (cognitive impairment), and ChIPS (dyspnea) pheno
types but not in fatigue/difficulty thinking and difficulty 
breathing/exercise intolerance phenotypes. Additionally, EGF, 
FAS, HGF, and VEGFC were commonly upregulated in fa
tigue/difficulty thinking, difficulty breathing/exercise intoler
ance, and ChIPS groups. Finally, ANG and CCL7 were 
uniquely expressed in the ML-based symptom-based 
phenotypes.

Immune Cell Deconvolution Reveals Phenotype-specific Signatures

To better understand the cellular context of transcriptomic 
changes, we performed immune cell deconvolution analysis, 
which revealed distinct phenotype-specific patterns 
(Supplementary Figure 6). Participants in fatigue/difficulty 
thinking cluster exhibited transcriptomic findings consistent 
with reduced CD4+ T cells and elevated endothelial cells (likely 
reflecting endothelial-derived transcripts detected in peripheral 
blood) compared with those in sensory, difficulty breathing/ex
ercise intolerance, no Long COVID symptoms, and control 
groups. In contrast, individuals with cognitive impairment in 
the BRACE substudy showed increased CD4+ T-cells frequen
cies compared with the cognitively not impaired and control 
groups. In the ChIPS dyspnea cohort, elevated B cells and 
CD4+ T cells were observed compared with those without dysp
nea and in the uninfected control group.

Robustness and Specificity Analyses of SenMayo Enrichment  
Across Long COVID Phenotypes

To further evaluate the robustness and specificity of these find
ings, we performed GSEA using established inflammatory gene 
sets (Hallmark TNF-alpha Signaling via NF-kB; Hallmark IL-6/ 
JAK/STAT3 Signaling; Hallmark Interferon-Gamma 
Response). This demonstrated comparable or greater enrich
ment across several phenotypes, indicating substantial overlap 
between senescence-associated and broader inflammatory 
transcriptional programs (Supplementary Figure 7A).

Finally, FDR correction across all GSEA comparisons yield
ed results consistent with nominal P values, and adjustment for 
EPIC-derived cell proportion did not materially alter the ob
served enrichment patterns (Supplementary Figure 7B).

DISCUSSION

This study identified enrichment of senescence-associated 
transcriptional signatures derived from the SenMayo gene set 
across multiple Long COVID phenotypes within a cohort of 
MHS beneficiaries. Our analyses underscore the heterogeneity 
of gene expression signatures associated with different Long 
COVID-19 phenotypes. This heterogeneity may be due, in 

part, to true biological differences of pathogenesis underlying 
different Long COVID phenotypes, but it may also be driven 
by differences in how Long COVID is measured and defined, 
differences in cell populations, and/or other causes of tran
scriptomic “noise,” which is inherent in bulk transcriptomic 
analysis. Still, our results highlight both shared and unique can
didate molecular genes underpinning varying forms of Long 
COVID and prompt further mechanistic study, which may of
fer further insights into its pathogenesis and potential thera
peutic targets.

While these findings are consistent with enrichment of 
senescence-associated transcriptional programs, they should 
not be interpreted as definitive evidence of cellular senescence. 
SenMayo enrichment may reflect a combination of 
senescence-associated biology and postinfectious immune acti
vation, as parallel GSEA using established inflammatory 
Hallmark gene sets demonstrated comparable, and in some cas
es stronger enrichment. Notably, sensory phenotype showed 
relative downregulation of SenMayo-associated signatures, in 
contrast to the enrichment observed in other phenotypes. 
This heterogeneity suggests that Long COVID may comprise 
biologically distinct subtypes with differing contributions 
from senescence-associated and inflammatory pathways. 
Together, these findings highlight the close interplay between 
senescence-associated and broader inflammatory transcrip
tional programs [36].

We observed increased ETS2 expression across multiple 
Long COVID phenotypes, whereas the sensory phenotype 
demonstrated relative downregulation of ETS2. Evidence for 
ETS2 enrichment was also attenuated in some BRACE sensitiv
ity analyses. ETS2 has been described as a broadly acting tran
scription factor [37] involved in inflammatory signaling, 
macrophage function [38] and endothelial activation [39] and 
is inducible by viral and inflammatory stimuli [40]. 
Therefore, its upregulation in whole blood may represent a 
shared inflammatory regulatory node rather than a 
senescence-specific marker, highlighting the overlap between 
senescence-associated and broader immune activation 
pathways.

Other gene expression profiles were shared across smaller 
numbers of phenotypes, or individual phenotypes. For exam
ple, in fatigue/difficulty thinking ML-based phenotype, 
MMP9 was elevated, and this gene has been linked to Long 
COVID symptom severity, neurologic involvement, and 
blood–brain barrier disruption, suggesting a potential role in 
post-COVID cognitive and inflammatory symptoms [41]. In 
addition, the High Mobility Group Box 1 (HMGB1), a nuclear 
protein and proinflammatory damage-associated molecular 
pattern molecule [42] known as a neuroinflammation marker 
[43], was significantly elevated in the fatigue/difficulty thinking 
and difficulty breathing/exercise intolerance phenotype, which 
may align with its known role in lung dysfunction and chronic 
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inflammation [44, 45]. Hepatocyte growth factor (HGF), a 
pleiotropic protein involved in tissue repair, angiogenesis, in
flammation, and fibrosis was elevated in cardiopulmonary 
(ChIPS), fatigue/difficulty thinking, and difficulty breathing/ 
exercise intolerance phenotypes [46]. Taken together, these dif
ferences in transcriptomic signatures across different pheno
types suggest that Long COVID is unlikely to represent a 
single unified senescence-driven process and instead may com
prise multiple biologically distinct subtypes with differing con
tribution from senescence-associated and inflammatory 
pathways. These findings highlight the importance of 
phenotype-specific investigations when studying Long 
COVID biology.

Several limitations should be acknowledged. First, bulk tran
scriptomic analyses are influenced by cellular composition, and 
although adjustment using EPIC-derived cell proportion esti
mates did not materially alter enrichment patterns, residual 
confounding cannot be excluded. Additional validation using 
quantitative PCR, PBMC-based senescence markers, or single- 
cell RNA sequencing could strengthen these findings. 
Furthermore, while the SenMayo gene set is a validated 
measure of senescence-associated transcriptional programs, 
it may not fully distinguish cellular senescence from post
infectious inflammation, which are closely interconnected pro
cesses [36].

A further limitation is that the SenMayo gene set was devel
oped and validated in nonblood tissues, although SenMayo has 
been used in peripheral blood analyses of other 
senescence-associated tissue specific disorders (eg, breast can
cer [47] and myeloma [48]). Interpretation of circulating 
senescence-associated signatures remains uncertain. In whole 
blood, enrichment of SenMayo genes may reflect systemic im
mune activation, shifts in immune cell composition, or inflam
matory responses occurring secondary to tissue injury rather 
than directly measuring tissue-level senescent cells burden. 
Therefore, the observed enrichment should be interpreted as 
evidence of senescence-associated transcriptional programs in 
circulation rather than definitive evidence of senescent cell ac
cumulation within specific tissues.

Timing of blood sampling is also a limitation of this analysis. 
The single time point design limited discrimination of persis
tent senescence-associated biology from delayed resolution of 
postinfectious inflammation and BRACE sensitivity analyses 
restricted to a narrower early postinfection window attenuated 
the observed enrichment. Other sensitivity analyses also atten
uated BRACE findings, suggesting that the cognitive impair
ment findings should be considered exploratory and 
hypothesis-generating pending validation in independent co
hort, particularly as BRACE is a screening tool. Finally, we em
ployed multiple classification approaches, incorporating both 
subjective symptom reports and objective phenotyping. This 
led to differences in participant characteristics between the 

Long COVID phenotyping approaches, which could have in
fluenced observed transcriptomic differences across the pheno
types. For example, symptom-cluster analyses were restricted 
by age and excluded participants with prior comorbidities, 
and hospitalization rates differed between phenotypes.

Taken together, these results open potential avenues for ad
ditional studies. Interventions targeting senescence-associated 
[49] and inflammatory pathways may hold promises for miti
gating the effects of Long COVID. Early identification of at-risk 
individuals through senescence-related transcriptional bio
markers, interpreted within the caveats and limitations of the 
current analysis, could enable targeted treatments interven
tions aimed at reducing senescence burden and improving 
recovery.

Supplementary Data

Supplementary materials are available at The Journal of 
Infectious Diseases online (http://jid.oxfordjournals.org/). 
Supplementary materials consist of data provided by the author 
that are published to benefit the reader. The posted materials 
are not copyedited. The contents of all supplementary data 
are the sole responsibility of the authors. Questions or messages 
regarding errors should be addressed to the author.
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