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Chronic viral infections are ubiquitous in humans, with individuals carrying multiple 
viruses that can reactivate during physiological stress, including severe illness1. 
Notably, SARS-CoV-2 infection has been shown to reactivate chronic viruses such 
as Epstein–Barr virus and cytomegalovirus, yet the full extent, temporal dynamics  
and immunological impact of viral reactivation in COVID-19 remain incompletely 
understood2–7. Here, leveraging multi-omic longitudinal data from 1,154 hospitalized 
patients with COVID-19 from the Immunophenotyping Assessment in a COVID-19 
Cohort (IMPACC) study, we reveal signi"cant reactivation of Herpesviridae and 
Anelloviridae during acute COVID-19, with distinct temporal dynamics for di#erent 
viruses, and demonstrate that reactivation correlates with disease severity, host 
immune e#ects and clinical outcomes. Although our results do not establish 
causation between virus reactivation and clinical outcomes, we highlight the 
prevalence of chronic viral reactivation during acute COVID-19 and long COVID.  
Our "ndings challenge the prevailing view that chronic viral reactivation is primarily  
a consequence of immunosuppression, demonstrating that reactivations occur 
frequently in immunocompetent individuals during severe illness and in association 
with increased systemic in$ammation. Additionally, we demonstrate persistence  
of viral reactivation in convalescence, and report an association of Anelloviridae  
with long COVID. This study provides immune, transcriptomic and metabolomic 
signatures of viral reactivation that could inform future strategies to prognosticate 
and treat acute COVID-19 and long COVID.

Viruses use diverse strategies to enhance their persistence and dis-
semination, including establishing chronic infection1,8,9. This strategy 
is exemplified by human-infecting viruses, particularly members of 
Herpesviridae and Anelloviridae families, which establish lifelong infec-
tions in a significant portion of the human population10–12. Although 
primary infection typically remains asymptomatic in immunocom-
petent individuals, some chronic viruses contribute to the develop-
ment of autoimmune disorders and cancers, among other adverse 
health outcomes1,13–15. These viruses typically remain dormant, 
but can reactivate during periods of stress, sleep deprivation, sur-
gery, hormonal imbalances or in critical illness16–19. The full range of  

immunological consequences from these viral reactivations remain 
largely unknown.

Since its emergence, SARS-CoV-2 has resulted in more than 774 mil-
lion cases of COVID-19 and 7 million deaths20,21. Owing to the physi-
ological stress introduced by SARS-CoV-2, underlying viral infections 
may reactivate and potentially contribute to the immunological con-
sequences of COVID-19. For example, reactivation of Herpesviridae, 
including Epstein–Barr virus (EBV), cytomegalovirus (CMV), human 
herpesvirus 6 (HHV6) and human herpesvirus 8 (HHV8), is associated 
with worse clinical outcomes in patients with COVID-19 (refs. 2–6).  
Reactivation of CMV and EBV in particular have been linked to more 

https://doi.org/10.1038/s41586-026-10740-z

Received: 19 November 2024

Accepted: 1 June 2026

Published online: 5 August 2026

Open access

 Check for updates

A list of affiliations appears at the end of the paper. *A list of authors and their affiliations appears at the end of the paper. ✉e-mail: esther.melamed@austin.utexas.edu

https://doi.org/10.1038/s41586-026-10740-z
http://crossmark.crossref.org/dialog/?doi=10.1038/s41586-026-10740-z&domain=pdf
mailto:esther.melamed@austin.utexas.edu


Nature | Vol 656 | 20 August 2026 | 701

severe outcomes, including increased mortality2,7. Additionally, 
patients with long COVID develop increased EBV antibody titres, rais-
ing the possibility that reactivation of these viruses may contribute 
to long COVID4,22.

Many of the foundational COVID-19 viral reactivation studies have 
been limited by small sample sizes, focused on a subset of Herpesviridae 
or relied solely on antibody responses to assess viral reactivation2–7,22,23, 
as opposed to measuring transcripts of actively replicating viruses. 
Thus important gaps remain in our understanding of the dynamics 
and biology of viral reactivation during acute COVID-19 and their role 
in long COVID.

To address the knowledge gap in viral reactivation in COVID-19, we lev-
eraged IMPACC, a longitudinal prospective observational study of 1,154 
patients who were hospitalized for COVID-19, which evaluated patients 
during acute hospitalization and for 12 months post-hospitalization. We 
carried out longitudinal, multi-omic analyses of nasal swabs, peripheral 
blood mononuclear cells (PBMCs) and endotracheal aspirates and 
found significant reactivation of chronic viruses, particularly from 
the Herpesviridae and Anelloviridae families, associated with COVID-19 
severity. By integrating host and viral transcriptomics, cytokine profil-
ing, cellular immunophenotyping, metabolomics and proteomics, we 
observed distinct viral reactivation dynamics and striking associations 
between viral reactivation, clinical outcomes, immunologic features 
and patient demographics, both during acute COVID-19 and during long 
COVID. Our results provide insights into the endogenous virological 
landscape of patients with COVID-19, highlighting the complex inter-
play between SARS-CoV-2 infection, chronic viral reactivation, host 
immune responses and clinical outcomes.

IMPACC cohort
The Immunophenotyping Assessment in a COVID-19 Cohort (IMPACC) 
consortium enrolled 1,154 patients who were hospitalized for  
COVID-19 across 20 US hospitals between May 2020 and March 2021 
(Fig. 1a, Extended Data Fig. 1a and Supplementary Table 1). All parti-
cipants were COVID-19 vaccine-naive at the time of enrolment. To 
assess COVID-19 severity, participants were assigned to one of five 
trajectory groups (TG1–TG5) using latent class mixed modelling of 
respiratory status over the first 28 days24. Groups were classified as 
mild (TG1, length of stay (LOS) approximately 3–5 days, n%=%228), mode-
rate (TG2, LOS approximately 7–14 days, n%=%263), severe (TG3, LOS 
approximately 10–14 days and discharged with limitations, n%=%333), 
critical (TG4, critically ill with LOS greater than 28 days, n%=%222) or 
fatal within 28 days (TG5, n%=%108). From each participant, bulk RNA 
sequencing (RNA-seq) was performed on PBMCs, nasal swabs and for 
mechanically ventilated patients, endotracheal aspirates, at up to ten 
visits during one year post-hospital admission (Fig. 1b). Additionally,  
we assessed whole-blood immune cell populations by cytometry by 
time of flight (CyTOF), serum EBV and CMV antibody titres, serum 
cytokine levels by proximity extension assay (PEA), and the plasma 
proteome and metabolome by mass spectrometry.

RNA-seq of reactivated virome
Upon screening RNA-seq data for any human-infecting virus tran-
scripts, we identified viral RNA in nasal, endotracheal aspirate and 
PBMC samples for a diverse range of human-infecting viruses beyond 
SARS-CoV-2, including EBV, CMV, HHV6, human alphaherpesvirus 1 
and 2 (HSV1, HSV2) and several Anelloviridae and enterovirus species 
(Fig. 1c,d and Extended Data Fig. 1b–d). Unsurprisingly, SARS-CoV-2 
was the most prevalent virus, and was primarily found in nasal and 
endotracheal aspirate samples (Fig. 1c). We confirmed that SARS-CoV-2 
abundance measured by RNA-seq highly correlated with results from 
reverse transcription with quantitative PCR (RT–qPCR) (Extended 
Data Fig. 2a,b).

Beyond SARS-CoV-2, most of the other detected viruses were chro-
nically infecting (for example, Herpesviridae and Anelloviridae);  
we focused on these owing to their higher prevalence in our cohort 
(Extended Data Fig. 1b,c). Among Herpesviridae, transcripts of HSV1, 
EBV and CMV were commonly detected across compartments dur-
ing acute COVID-19 (first 40 days after admission) and were detected 
less frequently during the convalescent period (2 months or more 
post-admission) (Fig. 1c). Additionally, we detected a wide range of 
Anelloviridae and acute-infecting enterovirus species (Extended Data 
Fig. 2c,d), and analysed their collective viral load at the family and 
genus level, respectively, owing to the sparsity of individual strains. 
Reactivated viruses were common across recruitment sites (Extended 
Data Fig. 2e) and viral detection rates were comparable across sequenc-
ing cores (Extended Data Fig. 2f), suggesting minimal-to-no enrol-
ment or sequencing site effects. Furthermore, read duplication within 
batches was low (Extended Data Fig. 2g), with detected duplication 
likely ref lecting specific viral gene expression (Extended Data Fig. 2h). 
Finally, viral alignment E values were exceedingly low (Extended Data 
Fig. 2i), providing confidence in the taxonomic alignment.

Notably, each viral species displayed unique temporal dynamics of 
reactivation relative to hospital admission (Fig. 1d). For example, EBV 
reactivated early in the disease course, with 24% of participants hav-
ing detectable transcripts near time of admission (days 1–8, 260 out 
of 1,080 participants), followed by a gradual decline over time. Unlike 
EBV, Anelloviridae transcript frequency remained constant until day 
20 post-admission, followed by a slow decline. By contrast, HSV1 and 
CMV reactivated later in disease course, with HSV1 detected in 43% of 
participants with endotracheal aspirate samples (13 out of 30) and 15% 
of nasal samples (14 out of 90) and CMV detected in 8% of PBMC sam-
ples (9 out of 110) at 19–23 days post-admission (Fig. 1d and Extended 
Data Fig. 3b–e). These temporal dynamics were also reflected in viral 
reads per million (RPM) across samples (Extended Data Fig. 3a). Of 
note, as sample composition changed over time owing to participant 
death, drop-out and discharge, we also assessed viral detection rates 
by time from symptom onset, which showed similar patterns to the 
days-from-hospitalization analysis (Extended Data Fig. 3b–i).

Viral detection varied across compartments, with EBV transcripts 
found to be more common in PBMCs and HSV1 in nasal and endotra-
cheal aspirate samples. Nevertheless, viral transcripts often correlated 
between compartments (Fig. 1e). Furthermore, among participants 
with viral reactivation (47.9%, 550 out of 1,148), most had only one virus 
detected in the acute period (67.6%, 372 out of 550), and co-detection 
of multiple viruses simultaneously was infrequent (Extended Data 
Fig. 4a–d).

Finally, we validated the detection of viral transcripts in an exter-
nal cohort of COVID-19 whole-blood RNA-seq25,26, observing strik-
ingly similar temporal dynamics for EBV, CMV and Anelloviridae over 
the first 40 days post-symptom onset (Extended Data Fig. 5a–c).

Clinical outcomes of viral reactivation
Next, we evaluated how viral transcript detection within 40 days of 
hospital admission associated with COVID-19 severity, using IMPACC 
trajectory groups24 (Fig. 2a and Extended Data Figs. 5d and 6a). Cumu-
lative link modelling of trajectory groups demonstrated significant 
associations between COVID-19 severity and Herpesviridae and Anello-
viridae transcripts (Supplementary Table 2). Specifically, we found 
associations between severity and transcripts from Anelloviridae 
(PBMC adjusted P%=%5.02%×%10−5), CMV (nasal adjusted P%=%4.83%×%10−4, 
PBMC adjusted P%=%1.66%×%10−3), EBV (nasal adjusted P%=%4.95%×%10−6, 
PBMC adjusted P%=%2.55%×%10−9) and HSV1 (nasal adjusted P%=%5.29%×%10−5). 
When limiting to TG4 participants, those with CMV transcripts in any 
respiratory compartment were more likely to die within 1 year (nasal 
adjusted P%=%0.039, endotracheal aspirate adjusted P%=%0.007). This 
was also true for TG4 participants with detectable nasal EBV (adjusted 
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P%=%0.025) and HSV1 (adjusted P%=%0.015) (Fig. 2a). Notably, prevalence 
of chronic viruses was not significantly different between TG4 and TG5 
(Supplementary Table 2).

We then evaluated whether viral transcripts varied with age, 
adjusting for COVID-19 severity (trajectory groups), and found a sig-
nificant positive association between Anelloviridae in PBMCs and 
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increasing age (Fig. 2b and Extended Data Fig. 5e, adjusted P%=%0.04). 
Of note, Hispanic ethnicity was significantly associated with both CMV 
(adjusted P%=%0.02) and EBV (adjusted P%=%0.02; Extended Data Fig. 6b).  
However, no significant association were found between viral tran-
scripts and biological sex, or treatment with remdesivir or steroids 
(Extended Data Fig. 6c–e).

We next evaluated the association of viral transcripts with comor-
bidities, medications and clinical complications (Fig. 2c and Supple-
mentary Table 2). Anelloviridae transcripts in PBMCs were significantly 

associated with history of solid organ transplantation, immunosuppres-
sive medications, shock, intensive care unit admission and myocardial 
infarction. Notably, although medication-mediated immunosuppres-
sion was strongly associated with Anelloviridae, these participants 
only comprised 17.4% of Anelloviridae-positive participants, demon-
strating that presence of Anelloviridae is not exclusive to long-term 
medication-associated immunosuppression (Extended Data Fig. 6f). 
Furthermore, owing to the correlation between COVID-19 severity, age 
and immunosuppressive medications, we evaluated all three factors 
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simultaneously and identified that Anelloviridae was independently 
associated with each (P%=%8.6%×%10−5, 5.0%×%10−3 and 2.2%×%10−8, respectively; 
Supplementary Table 2).

For Herpesviridae (Fig. 2c), CMV in the nasal compartment was linked 
to pneumothorax, whereas in the PBMCs, CMV was associated with 
bacteraemia, pulmonary vascular disease, renal complications, shock 
and stroke. EBV transcripts in the nasal compartment were associated 
with intensive care unit-level care and shock, whereas EBV in PBMCs cor-
related with liver failure, concurrent infections, shock and the overall 
number of complications. HSV1 in the nasal compartment was signifi-
cantly associated with acute venous thromboembolism and shock, and 
inversely associated with liver disease.

Anti-viral immune responses
We next leveraged our multi-omic data to validate viral reactivation in 
COVID-19 and characterize the host immune responses, incorporating 
serum EBV and CMV antibody levels, immune cell frequencies, serum 
cytokines, plasma metabolomics and host transcriptomics.

First, we observed that participants with EBV transcripts in PBMCs 
had persistently elevated EBV IgG and IgA antibody titres, further 
validating the use of viral transcripts as a meaningful measure of viral 
activity (Fig. 3a and Supplementary Table 3). Similarly, participants with 
CMV transcripts had significantly higher CMV seropositivity rates at 
baseline (Fig. 3b, P%=%0.0018). Furthermore, using mass spectrometry 
proteomics, we found that plasma HSV1 proteins were significantly 
more common in participants with HSV1 transcripts in nasal swabs 
(Fig. 3c, P%=%0.016) and in TG4 participants (Extended Data Fig. 7a, 
P%=%0.0003).

Using CyTOF, we observed significant associations between EBV 
transcription in PBMCs and increased proportions of B-cell plasma-
blasts, the primary host cells of the virus (Fig. 3d). Furthermore, we 
found that CMV transcripts were associated with a significant increase 
in CD4 and CD8 central memory T cell frequency, and a reduction in 
CD27low effector memory CD4 T cells. Of note, detection of both EBV 
(nasal) and CMV (PBMC) was associated with a higher frequency of 
activated CD4+ and CD8+ T cells.

To assess whether changes in circulating cell frequencies may explain 
the association between Herpesviridae and Anelloviridae transcripts 
and COVID-19 severity, we repeated our analysis across trajectory 
groups while controlling for immune cell frequencies, which vary with 
disease severity27. Notably, even after this adjustment, viral transcripts 
remained significantly associated with COVID-19 severity (Extended 
Data Fig. 7b).

Serum cytokines in viral reactivation
Next, we investigated whether Herpesviridae and Anelloviridae tran-
scripts were associated with inflammatory protein changes. Using 
generalized additive mixed modelling (GAMM), we compared longitu-
dinal cytokine dynamics in patients with or without viral reactivation, 
controlling for severity (trajectory groups), sex and age (Fig. 4a and 
Supplementary Table 4, adjusted P%(%0.01). This approach enabled 
identification of severity-independent cytokine changes associated 
with reactivation of different viruses.

We found that different viruses had distinct cytokine profiles 
(Fig. 4a), although several cytokines overlapped between viruses, 
including CXCL10 (Fig. 4b), CXCL11 (Fig. 4c) and IL-18 (Fig. 4d).

EBV in PBMCs was associated with increases in key cytokines, includ-
ing IL-6 (Fig. 4e), CCL7, CCL2, IL-10 (Fig. 4f) and CXCL10, all of which 
are linked with COVID-19 severity28,29 (Fig. 4a). Of these, only CXCL10 
was also associated with EBV in the nasal transcriptomics. EBV in the 
nasal compartment was additionally correlated with increases in IL-18, 
CXCL11, CXCL10, IL-18R1, CD274, IL-15RA, IL22RA1, HGF, IFN), CCL8 
and MMP10 and a decrease in KITLG, suggesting that host immune 

response to viruses may differ between compartments, with nasal 
EBV possibly reflecting a more severe state of viral reactivation. It has 
previously been observed that increased TGF* preceded EBV reactiva-
tion in COVID-19-associated multisystem inflammatory syndrome in 
children30, which we did not observe (Extended Data Fig. 7c,d), possibly 
suggesting that the dynamics of viral reactivation may differ across 
stages of COVID-19.

Similar to EBV, HSV1 (nasal) and CMV (PBMCs) were associated with a 
common set of pro-inflammatory serum cytokines (Fig. 4a). HSV1 and 
CMV both associated with increases in IL-18, CXCL11, CXCL10, IL-18R1, 
CD274, IL-15RA, CD40, CXCL9, CX3CL1, TNF and CDCP1, and HSV1 also 
correlated with increased CCL25, SLAMF1, CD5, FGF23, TNFRSF9 and 
IL-10RB, whereas CMV associated with increased HGF, IFN) (Fig. 4g), 
CCL8, CCL7, LIFR, CD8A, ADA and CXCL8 and decreased MMP1 and IL-4. 
Finally, Anelloviridae were only associated with increases in CXCL11 
and IL-18 and decreases in TNFSF11.

Plasma metabolites in viral reactivation
We next evaluated the association of viral reactivation with plasma 
metabolites (Extended Data Fig. 8 and Supplementary Table 5). 
Viral reactivation was associated with changes in metabolites, 
particularly those belonging to amino acid and lipid metabolism 
(Fig. 5a,b). Notably, CMV was associated with the greatest number 
of metabolome changes, including increased urea and TMAP (N,N,
N-trimethyl-+-alanyl-+-proline betaine) levels (Fig. 5a,c and Extended 
Data Fig. 9a). Additionally, CMV and Anelloviridae were associated with 
increased long chain fatty acids (for example, erucate, arachidate and 
docosadienoate) (Fig. 5d and Extended Data Fig. 9b,c) and dimethy-
larginine (symmetric dimethylarginine and asymmetric dimethylar-
ginine, regulators of nitric oxide synthesis) (Extended Data Fig. 9d). 
We also identified a shared metabolomic signature across multiple 
viruses, including Anelloviridae, HSV1, CMV and EBV, with notable 
reductions in S-methylcysteine sulfoxide and 6-bromotryptophan 
(Fig. 5e and Extended Data Figs. 8 and 9e).

Host PBMC and nasal transcriptomics
To identify a signature for each chronic virus independent of COVID-19 
severity and participant demographics, we evaluated nasal and PBMC 
transcriptomic data for differentially expressed host genes while con-
trolling for COVID-19 severity, SARS-CoV-2 nasal viral load, sex, age and 
days from hospital admission (Supplementary Table 6).

In the PBMC transcriptomics, viral detection in either the PBMC or 
nasal compartments was associated with changes in PBMC gene expres-
sion (Extended Data Fig. 9f,g). Gene set enrichment analysis demon-
strated that Anelloviridae and CMV in the PBMCs, and nasal HSV1 were 
associated with downregulation of diverse RNA processing and protein 
translation pathways. Similarly, EBV, CMV and HSV1 were associated 
with an upregulation of cellular replication pathways. Additionally, 
Anelloviridae and CMV in the PBMCs, and nasal HSV1 and CMV were 
significantly associated with signatures of neutrophil degranulation, 
potentially reflecting presence of low-density neutrophils in the PBMCs 
or involvement of immune genes that are non-specific to neutrophil 
degranulation. Finally, EBV in the PBMCs was uniquely associated with 
platelet activation and signalling.

By contrast, nasally reactivated viruses (EBV, CMV and HSV1) had 
the strongest associations with gene expression changes in the upper 
airway (Extended Data Fig. 9f,h). Furthermore, CMV, EBV and HSV1 
transcripts were all associated with upregulation of interleukin sig-
nalling (including IL-10 signalling), lymphocyte immunoregulatory 
interactions and neutrophil degranulation (Extended Data Fig. 9h). 
Additionally, upper airway CMV and EBV transcripts were associated 
with increased anti-parasite and phagocytosis pathways. EBV was 
also associated with increased expression of genes related to T cell 
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activation. Finally, Anelloviridae in PBMCs was also associated with 
nasal transcriptome changes, including keratinization and downregula-
tion of proteasome-related proteins.

Viral reactivation in long COVID
Given recent reports linking viral reactivation to long COVID4,22,31, 
we assessed viral reactivation across patient-reported outcome 
(PRO) groups, generated from convalescent survey data32. The 
four PRO groups comprised participants reporting minimal to no- 

deficits (minimal), physical deficits (physical disability or fatigue), 
cognitive deficits (cognitive impairment) and global deficits (physical 
and cognitive).

Upon evaluating viral reactivation during the acute stage of COVID-
19, no significant relationship was found with PRO groups (Fig. 6a and 
Extended Data Fig. 10a,b). However, the sample size was limited owing 
to the association of chronic viruses with mortality and participant 
drop-out in the convalescent stage.

We then investigated the correlation between viral detection 
during the convalescent period and PRO groups. Anelloviridae and 
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enteroviruses were the most frequently detected viruses in convales-
cent samples (Figs. 1c and 6b and Extended Data Fig. 10c–e). Notably, 
Anelloviridae transcripts were significantly more prevalent in partici-
pants from the physical PRO group, which was characterized by high 
scores on the PRO Measurement Information System (PROMIS) physical 
function survey, even when controlling for sex, age, immunosuppres-
sive medications and acute COVID-19 severity (adjusted P%=%0.012). This 
finding suggests that detection of Anelloviridae transcripts may serve 
as a potential signature for persistent physical disability in patients with 
long COVID. We further observed that the Anelloviridae-associated 
gene expression signature was consistent between the acute and con-
valescent periods (Fig. 6c and Extended Data Fig. 7).

Discussion
Chronically infecting viruses are prevalent in the general population, 
with individuals carrying 8–12 viruses at any given time1. These viruses 
are generally innocuous and typically do not cause infectious symp-
toms. However, emerging evidence suggests that their reactivation 

may contribute to autoimmune diseases, malignancies and chronic 
fatigue syndrome1,13–15. Additionally, Herpesviridae such as EBV and 
CMV commonly reactivate in severe infections (for example, malaria 
or pneumonia) and sepsis18,33,34 and have more recently been impli-
cated in long COVID4,22,35. Thus, there is an urgent need to understand 
how chronically infecting viruses reactivate in COVID-19 and develop 
strategies to combat their reactivation.

Here we conducted a prospective, multi-omic analysis of 1,154 
patients who were hospitalized due to COVID-19, which revealed 
widespread reactivation of chronic viruses from the Herpesviridae  
and Anelloviridae families. By integrating cellular and cytokine immuno-
phenotyping, metabolomics and transcriptomics, our findings expand 
on the complex interplay between SARS-CoV-2 and chronic viral reac-
tivation and provide a deeper understanding of the host immune 
response. Importantly, our findings demonstrate an association of 
viral reactivation with COVID-19 and long COVID outcomes.

Despite prior studies evaluating viral reactivation in COVID-19   
(refs. 2–7,22,23) and other infections18,33,34, the exact timing and rates 
of reactivation for different viruses have not been clearly established, 
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with prior studies limited to single time points in small cohorts or rely-
ing on antibody titres to identify viral reactivations. Here, leveraging 
a large longitudinally sampled multi-institution cohort, we define 
timing and duration of chronic viral reactivations. Specifically, we 
found that EBV transcripts in PBMCs peaked early in acute disease 
following hospital admission and then decreased over time. Similarly, 
Anelloviridae transcripts were most common early during hospitali-
zation and declined several weeks later. By contrast, CMV and HSV1 
reactivated later and were primarily in respiratory samples, peaking 
about 22 days post-hospitalization. Furthermore, we replicated the 
rates and dynamics of viral reactivations in an external cohort, dem-
onstrating robustness of our findings25,26. Of note, patients with EBV 
transcripts in either the nasal or PBMC compartments at admission 
had higher EBV IgG antibody titres, suggesting that EBV reactivation 
may happen prior to hospitalization for some patients. Furthermore, 
since viruses primarily reactivate in tissues (for example, HSV1 and 
HSV2 in sensory ganglia, CMV in myeloid or dendritic cells and EBV in 
lymphoid tissue), our results based on systemic detection (PBMCs) may 
underestimate tissue-specific reactivations. Collectively, our results 
provide novel insights into the dynamics of the diverse virological 
landscape of COVID-19 signifying ‘dysvirosis’ (a dysregulation of the 
human virome) and reveal that the time course of reactivation varies 
for different viruses.

Exactly how and whether viral reactivations contribute to COVID-19 
clinical outcomes remains unknown. Although our data cannot caus-
ally determine the direct contribution of viral reactivations to acute 
COVID-19 disease severity, we identified several key observations that 
implicate viral reactivation in contributing to disease pathology.

First, multiple cytokines and chemokines, including IL-6, IL-10, 
CXCL10 and CXCL11, which have been previously associated with 
COVID-19 pathology, were elevated in participants with viral reactiva-
tions when controlling for COVID-19 severity. Notably, increased IL-10 
associated with EBV and CMV, which are known to upregulate human 
IL-10 and produce viral IL-10, which may further displace human IL-10 
from IL-10R36,37. We also identified increased circulating activated CD4+ 
and CD8+ T cells and increased cellular replication gene expression in 
PBMCs, suggesting expanding lymphocytes potentially responding 
to these viral reactivations. Furthermore, we observed that for PBMC 
viruses, the associated host inflammatory changes were limited to 
the blood and did not generalize to other compartments where the 
virus was not detected (such as the nasal compartment). Although it 
is possible that chronic viral reactivation may be secondary to disease 
severity, reactivations correlated with expected inflammatory changes  
of a responding immune system. Additionally, we observed increased 
EBV IgG titres at time of hospital admission, suggesting that EBV reac-
tivation likely occurs prior to severe COVID-19 symptoms, raising the 
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suspicion of the potential role of EBV in disease pathophysiology. Thus, 
the integration of findings across our multi-omics datasets suggests 
that viral reactivation may not just be epiphenomena but may magnify 
ongoing inflammation and evoke additional immune responses.

Whereas viral reactivation has frequently been observed in immu-
nosuppressed patients38–43, we find that viral reactivation occurs 
frequently in immunocompetent patients with COVID-19. If viral 
reactivations were only indicative of a dysregulated immune system, 
we would expect reactivation to associate not only with severity, but 
also with immunosuppressive status, which we did not observe for the 
Herpesviridae in our cohort. Thus, viral reactivation may represent a 
broader phenomenon than previously appreciated and should be con-
sidered in a wider range of clinical contexts beyond immunosupression.

Further integrating our multi-omic dataset, we observed associa-
tions between chronic viral reactivations and plasma metabolites. In 
particular, levels of methylcysteine sulfoxide and 6-bromotryptophan, 
which are involved in protection against oxidative stress44,45, were nega-
tively associated with Herpesviridae, suggesting that viral reactivation 
may contribute to oxidative stress and cellular damage. Furthermore, 
6-bromotryptophan has previously been associated with COVID-19 
complications27,46 and impaired kidney function44, and its persistently 
low levels in the context of viral reactivation could imply additional 
risk to kidney health. This finding aligns with sustained increases of 
urea and TMAP in CMV-infected patients, which is indicative of renal 
impairment. Additionally, these data raise the possibility that monitor-
ing for CMV reactivation may be beneficial in patients with COVID-19 
presenting with acute kidney damage. The association between CMV 
and renal dysfunction is also interesting, as CMV infection is one of the 
most common viral complication in kidney transplant recipients43, sug-
gesting that future studies should evaluate the role of CMV reactivation 
across different renal disorders. Collectively, these integrated data 
across our multi-omic study suggest that viral reactivation is associated 
with specific metabolic perturbations, possibly reflecting strategies 
by pathogens to manipulate host cell metabolism to their advantage.

Our findings raise important questions about clinical applications of 
viral reactivation monitoring to guide patient care in acute infections 
such as COVID-19. Notably, there is already validated infrastructure to 
evaluate chronically infecting viruses, via quantitative PCR for different 
Herpesviridae and Anelloviridae (for example, Torque teno virus (TTV)). 
Furthermore, the increasing affordability of metagenomic sequencing 
could further broaden the range of detectable viruses. Additionally, 
for Herpesviridae in particular, there are existing antiviral therapies 
and several antivirals in clinical trials. Thus, these diagnostic and treat-
ment tools could be readily adapted into broader viral reactivation 
monitoring and treatment strategies as future work develops specific 
protocols in patient care.

Importantly, COVID-19 can have ramifications that extend beyond the 
acute period into persistent sequelae, known as long COVID. Patients 
with long COVID develop heterogeneous symptoms that may persist 
for months to years after acute COVID-19 that profoundly affect indivi-
duals’ overall health, often resulting in disability and loss of income32,47,48. 
Long COVID is estimated to affect 10–30% of individuals after COVID-19  
(ref. 49). One of the emerging factors associated with long COVID is 
chronic viral reactivation, particularly reactivation of EBV4,22,31.

We demonstrate that EBV reactivation is extensive in severe acute 
COVID-19 and establish the timing of EBV reactivation relative to 
SARS-CoV-2 infection and hospitalization. Although we did not find 
a higher rate of EBV transcripts in the acute phase of COVID-19 for 
patients who developed long COVID, this result raises the question 
of why increased EBV antibody titres have been frequently observed 
in long COVID4,22 and whether the decoupling of viral load in the 
acute period and antibody titre in the convalescent period reflects 
an underlying pathology in the immune response. Of note, the PROs 
in this study were designed early in the pandemic prior to the defini-
tion of long COVID and thus may not fully capture current long COVID 

phenotypes50, which may have limited our ability to detect association 
between EBV reactivation and long COVID. Thus, future work evaluating 
the dynamics of antibody titres versus viral transcription may continue 
to reveal the role of EBV in long COVID.

We also report a novel association between the long COVID physical 
PRO group and Anelloviridae transcripts post-hospitalization, even 
when controlling for age, chronic immunosuppression by medica-
tions and acute COVID-19 severity. Anelloviridae are a large family of 
negative-sense single-stranded DNA viruses, and some members of this 
family (such as TTV) are found in 80–90% of the population51. Anello-
viridae have been previously linked with chronic conditions, such as 
chronic fatigue syndrome and multiple sclerosis52,53. These conditions 
often present with physical symptoms similar to those reported by 
patients with long COVID, including fatigue, cognitive dysfunction and 
post-exertional malaise. More broadly, Anelloviridae have also been 
associated with immunosenescence states51, suggesting that increased 
viral transcription may underscore a potential state of immune dys-
function and immunosenescence in long COVID. Previously, the role 
of Anelloviridae in disease has been debated owing to the lack of an 
identified pathogenic role51. However, in our study we observed an asso-
ciation between Anelloviridae reactivation and enrichment of genes 
involved in neutrophil degranulation, suggesting that Anelloviridae 
may contribute to an inflammatory host response. Additionally, TTV 
has been shown to replicate preferentially in activated T cells, raising a 
concern for possible pathogenicity rather than just a passive ‘passenger’ 
role54. Our data highlight the need for future research to dissect the 
role of Anelloviridae in patients with long COVID.

There were several limitations to our study. First, the use of tran-
scripts to identify viral loads is less common than RT–qPCR. However, 
the extensive sequencing depth of our samples (25–50 million reads) 
provided sufficient viral identification. Additionally, we only had six 
time points during acute COVID-19, limiting the ability to identify viral 
reactivation between sample collection. Nonetheless, with more than 
1,000 participants, we were able to calculate the global longitudinal 
reactivation patterns for viruses. Furthermore, we only sequenced 
three tissues, which might have missed reactivation in other com-
partments, and endotracheal aspirate samples were only collected in 
ventilated patients, limiting our ability to analyse reactivation in this 
compartment. Similarly, for enteroviruses and Anelloviridae, owing 
to the sparsity of individual virus species, we collapsed reads at the 
genus and family level, respectively, which may have failed to capture 
more specific relationships for individual species. Another limitation 
was participant drop-out during the convalescent stage, particularly 
in patients with acute viral reactivation, limiting the power of analyses 
testing the association of acute viral reactivation with long COVID. 
Finally, IMPACC participants were unvaccinated, hospitalized and 
primarily exposed to ancestral SARS-CoV-2 strains; thus, future stud-
ies should ascertain whether more recent strains similarly drive viral 
reactivation in acute COVID-19 and long COVID in populations with 
hybrid immunity or milder disease.

Conclusions
In this study, we integrated clinical, immunologic, virologic and 
multi-omic data from cellular and cytokine immunophenotyping, 
metabolomics, proteomics and transcriptomics in a longitudinal 
cohort of 1,154 patients with COVID-19 to investigate for reactivation 
of chronic viruses and their association with clinical outcomes in one 
of the largest COVID-19 studies to date. We found that multiple chronic 
viruses reactivate during acute COVID-19 infection, particularly from 
the Herpesviridae and Anelloviridae families. Of note, immunosup-
pression did not explain the high rates of viral reactivation, suggest-
ing that viral reactivation may have a larger role in COVID-19, even 
in immunocompetent individuals. Furthermore, we delineated the 
dynamics and rates of reactivation for various chronic viruses and 
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validated these findings in an external cohort. Additionally, we report 
association of viral reactivation with the host immune response and 
molecular pathways, as well as acute and chronic clinical sequelae of 
COVID-19. Notably, our results raise the possibility that viral reacti-
vation may contribute to the development of severe acute COVID-19 
and long COVID. Our findings underscore the emerging role of viral 
reactivations, highlighting the potential contribution to hyperinflam-
mation, and raise the possibility that management of viral reactivations 
in conditions such as acute COVID-19 and long COVID could improve 
patient outcomes.
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Methods
Study design and participant recruitment
IMPACC is a prospective longitudinal study that enrolled >1,000 hos-
pitalized patients with COVID-19, as previously described27,32,55–58. Par-
ticipants 18 years and older were recruited from 20 hospitals across 
15 academic institutes within the USA (Fig. 1a). All participants were 
confirmed to be SARS-CoV-2-positive by reverse transcription PCR 
(RT–PCR) testing and no participants were vaccinated for SARS-CoV-2 
at time of enrolment. Nasal swabs, blood, and endotracheal aspirate 
(for ventilated patients) were collected within 72%h of hospital admis-
sion (visit 1) and on days 4, 7, 14, 21 and 28 post-hospital admission in 
addition to convalescent samples at 3, 6, 9 and 12 months. Additionally, 
nasal swabs, blood and endotracheal aspirate were also collected (when 
possible) within 24%h and 96%h of escalation to intensive care unit-level 
care or when a participant was readmitted to the hospital >48%h after 
discharge. In the IMPACC dataset, these samples were indicated as 
‘escalation visits’, and in this Article, the escalation visit samples were 
only used for the longitudinal GAMM and the CyTOF cellular association 
analyses to minimize effects of more frequent sampling for critically ill 
participants. Participants were characterized into one of five trajectory 
groups based on latent class mixed modelling of a seven-point ordinal 
scale that characterized degree of respiratory illness and reflected acute 
COVID-19 severity24. Similarly, participants were clustered into 4 PRO 
groups from latent class mixed modelling trajectories of convales-
cent survey responses collected at 3, 6, 9 and 12 months32. The model-
ling used participant responses from the EQ-5D-5L59, health recovery 
score (visual analogue scale of 1–100 to indicate overall physical and 
mental function compared to pre-COVID function), and the follow-
ing PROMIS forms (https://commonfund.nih.gov/promis): PROMIS 
Item Bank v2.0—Physical Function, PROMIS Item Bank v2.0—Cognitive 
Function60, PROMIS Scale v1.2—Global Health Mental 2a61, PROMIS Item 
Bank v1.0—Psychosocial Illness Impact-Positive—Short Form 8a61, and 
PROMIS Pool v1.0—Dyspnea Time Extension62. All PROMIS measures 
were scored and standardized following PROMIS standardized instruc-
tions. Clinical characteristics and demographics for the entire cohort 
are reported in Supplementary Table 1.

Ethics statement
The Department of Health and Human Services Office for Human 
Research Protections (OHRP) and the National Institute of Allergy 
and Infectious Diseases (NIAID) concurred that the IMPACC study 
qualified for public health surveillance exemption. The study proto-
col was sent for review to each site’s institutional review board (IRB), 
with twelve sites conducting as a public health surveillance study, and 
three sites integrating the IMPACC study into IRB-approved protocols 
(The University of Texas at Austin, IRB 2020-04-0117; University of 
California San Francisco, IRB 20-30497; Case Western Reserve Uni-
versity, IRB STUDY20200573) with participants providing informed 
consent. Participants enrolled at sites operating as a public health 
surveillance study were provided information sheets describing the 
study including the samples to be collected and plans for analysis and 
data de-identification. Participants who requested not to participate 
after review of the study plan and information were not enrolled. Par-
ticipants were not compensated while hospitalized but were subse-
quently compensated for outpatient visits and surveys. This study 
was registered at clinicaltrials.gov (NCT04378777) and followed the 
strengthening the reporting of observational studies in epidemiology 
(STROBE) guidelines (Extended Data Fig. 1a).

Sample processing and assays
Samples were processed as previously described27,32,55–58, with the sam-
ple protocol extensively documented in the IMPACC study design and 
protocol paper55. In brief, 10%ml of blood and nasal swabs were collected 
at each visit, with blood processed within 6%h of collection. Blood was 

collected in both a 2.5%ml Greiner Vacuette CAT Serum Separating Tube 
(SST) (454243P) for serum and a 7.5%ml Sarstedt Venous blood collection 
monovette EDTA (NC9453456) for whole blood, PBMCs and plasma. The 
SST was kept vertical at room temperature for at least 30%min before 
centrifuging at room temperature for 10%min at 1,000g. Serum was 
then aliquoted at 100%µl for downstream assays.

From the EDTA tube, it was briefly inverted to mix before aliquot-
ing 270%µl of whole blood for CyTOF. The 270 µl CyTOF aliquot was 
added directly to the Maxpar Direct Immune Profiling Assay tube 
(MDIPA antibodies listed in Supplementary Table 9) and incubated 
for 30%min at room temperature. After incubation, 410%µl of Smart 
Tube Prot1 Stabilizer (SmartTube) was added with a 10%min incuba-
tion at room temperature before storage at –80%°C until shipment 
to the respective processing core. The remaining blood was centri-
fuged at room temperature for 10%min at 1,000g before aliquoting and 
storing 500%µl of plasma at –80%°C for proteomic and metabolomics. 
PBMCs were then isolated from the remaining sample using the Sep-
Mate and Lymphoprep system (StemCell) following manufacturer 
protocol and as previously described55. PBMCs were then stored at 
2.5%×%105 cells in 200%µl of RLT Buffer (Qiagen) and *-mercaptoethanol  
at –80%°C.

Interior nasal turbinate swabs (herein referred to as nasal swabs) 
were collected and stored in 1%ml of Zymo-DNA/RNA shield reagent 
(Zymo Research), before RNA was extracted twice in parallel from 250%µl 
of sample and purified with the KingFisher Flex sample purification 
system (ThermoFisher) and the quick DNA-RNA MagBead kit (Zymo 
Research). The duplicated RNA was pooled and aliquoted at 20%µl for 
the downstream assays (SARS-CoV-2 RT–qPCR and RNA-seq).

When participants were ventilated, an endotracheal aspirate was 
also collected in a 40%cm3 Argyle specimen trap and was processed 
within 2%h of collection. First, 500%µl of 1:1 diluted endotracheal aspirate 
with Maxpar PBS (Ca2+ and Mg2+ free) was mixed with 500%µl of DNA/
RNA shield in a Zymo tube with lysis beads and subsequently stored 
at –80%°C for bulk RNA-seq.

Collected samples were then shipped and processed for nasal, 
PBMC, and endotracheal aspirate RNA-seq, plasma proteomics, serum 
cytokine PEA, serum EBV and CMV antibody titres, whole-blood CyTOF, 
and plasma metabolomics at their respective processing cores as 
previously described27,32,55–58. Each assay is described in brief below 
with additional technical details in the prior publications27,32,55–58, and 
a list of analytes evaluated from the PBMC RNA-seq, nasal RNA-seq, 
serum cytokines and chemokines, and plasma metabolomics assays 
is reported in Supplementary Table 8.

Nasal, endotracheal aspirate and PBMC RNA-seq
Nasal transcriptomics data were processed using a workflow man-
aged on the Galaxy platform. RNA extracted from the nasal swabs 
was DNase-treated and depleted of human ribosomal RNA before 
amplification with random hexamers (Ribo-Zero Plus kit), except for 
the convalescent samples (3, 6, 9 and 12 months) which instead used 
poly-A amplification for library prep (SMART-seq V4). Before sequenc-
ing, libraries were quantified on both a Quant-it dsDNA High Sensitivity 
Assay and Fragment Analyzer (Advaced Analytical; kit ID DNF474), 
with samples containing adapter dimers as more than 4% of electro-
pherogram area failed before sequencing. Technical controls (K562, 
Thermo Fisher Scientific, AM7832) were compared across batches to 
ensure minimal batch variability. Libraries were normalized to 10%nM 
before base calls were generated on the NovaSeq6000 instrument (RTA 
v3.1.5) at 100%bp paired-end read length, and demultiplexed unaligned 
BAM files were produced using Picard’s ExtractIlluminaBarcodes and 
IlluminaBasecallsToSam tools (https://broadinstitute.github.io/ 
picard/). These BAM files were converted to FASTQ format using Sam-
tools bam2fq (v1.4)63. Adapter trimming and quality filtering were 
performed using Trimmomatic (v0.36.5)64, with reads trimmed by 
one base at the 3, end and further trimmed from both ends to ensure 
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a minimum base quality score of Q30. Adapter sequences were also 
removed. Trimmed reads were aligned to the GRCh38 human refer-
ence genome65 using STAR (v2.4.2a)66 with gene annotations from 
Ensembl release 91 (ref. 67). Gene-level counts were generated using 
HTSeq-count (v0.4.1)68. Quality control metrics were compiled using 
Picard (v1.134), FASTQC (v0.11.3) (https://www.bioinformatics.babra-
ham.ac.uk/projects/fastqc/), and Samtools (v1.2). Samples with poor 
quality (defined as median coefficient of variation (CV) in gene cover-
age >0.8 or aligned counts <1 million) were excluded from downstream 
analysis.

RNA extracted from endotracheal aspirate specimens was DNase- 
treated and depleted of human ribosomal RNA. Complementary 
DNA (cDNA) was synthesized using random hexamers to capture 
both coding and noncoding transcripts. Libraries were sequenced 
with 100%bp paired-end reads on the NovaSeq6000 instrument with 
NovaSeq S4 flow cells (200 cycles) targeting 50 million reads per sam-
ple. Human reads were aligned to the GRCh38 reference genome65 and 
quality-controlled. Raw counts were normalized across libraries using 
the TMM method implemented in the edgeR package69. To control for 
batch effects, participant and control samples were co-sequenced 
within each batch.

For the PBMC transcriptomics, RNA was extracted from the 2.5%×%105 
cells stored in RLT Buffer (Qiagen) using the Quick-RNA MagBead Kit 
(Zymo) with DNase digest. RNA quality was then evaluated with both 
a Quibit HS RNA assay and Fragment Analyzer (Agilent) before cDNA 
was prepared with the SMART-Seq v4 Ultra Low Input RNA Kit (Takara 
Bio) from an input of 10%ng of RNA. After a bead-based clean-up, the 
Nextera XT DNA Library Preparation kit (Illumina) was used to prepare 
the sequencing libraries which were validated by capillary electro-
phoresis with a Fragment Analyzer (Agilent). The resulting libraries 
were pooled at equimolar concentrations and sequenced on an Illu-
mina NovaSeq6000 at 100%bp paired-end read length with a target of 
25 million reads per sample. Adapter trimming and quality filtering 
were performed using Cutadapt (v1.14). Reads were aligned using STAR 
(v2.4.2a) to a composite reference genome that included the human 
genome (GRCh38, Ensembl release 91)65 and SARS-CoV-2 (NCBI strain 
MN908947.3)70. Gene counts were computed using HTSeq-count inter-
nally within the STAR alignment step. Quality control metrics were 
assessed using FASTQC (v0.11.5), Picard tools (v2.22), and STAR log 
outputs. QC metrics included average base quality per read (>Q30), 
per cent and absolute counts of reads uniquely mapped to annotated 
transcripts, and other alignment-based quality statistics.

Taxonomic alignments for human-infecting viruses from the PBMC, 
nasal and endotracheal aspirate RNA-seq data were obtained from 
CZID71, which removes host reads before aligning remaining reads 
against the National Center for Biotechnology Information (NCBI) 
nucleotide and non-redundant databases. A sample was considered 
positive for a virus if it had at least one read that mapped to both the 
nucleotide and non-redundant database. At least one water control 
was included on each plate/batch from all transcriptomics, with no 
water control samples having detectible reads for the human-infecting 
viruses evaluated in this Article, supporting the low threshold for 
positivity. When evaluating for potential batch effects of viruses, we 
identified one plate from the nasal transcriptomics that had an above 
average rate of HSV1 positivity (>60% compared to the average batch 
approximately 10%), which may have been due to cross-contamination 
from a sample in the batch with an extremely high HSV1 viral load 
(about 250,000%RPM). As a result, we excluded this one plate from 
contributing to identifying HSV1 positivity and from all host trans-
criptomic analyses. Additionally, some samples were sequenced mul-
tiple times across batches, in the case of a sample sequenced multiple 
times, the mean RPM of each virus across the samples was used for that 
participant event.

In addition to the IMPACC PBMC RNA-seq, RNA-seq data were 
retrieved from the Mount Sinai COVID-19 Biobank (syn35874390)25,26. 

The retrieved raw fastq were processed as outlined above through  
CZID to identify reads belonging to human-infecting viruses.

Nasal SARS-CoV-2 RT–qPCR
SARS-CoV-2 viral load was assessed from nasal swab samples using 
RT–qPCR targeting the N1 and N2 regions of the nucleocapsid gene, fol-
lowing the CDC protocol (https://www.cdc.gov/flu/php/laboratories/
influenza-sars-cov-2-multiplex-assay.html). Reactions were performed 
using Quantabio One-Step RT–qPCR ToughMix on a QuantStudio 5 
instrument. Cycle threshold (Ct) values for N1 and N2 were used as 
the primary readout.

Whole-blood CyTOF
Whole-blood CyTOF prepared samples were thawed according to the 
SmartTube Prot1 Thaw/Erythocyte lysis protocol before samples were 
barcoded with the Fluidigm Cell-ID 20-Plex Palladium Barcoding Kit. 
After barcoding, samples were pooled and additional surface anti-
body staining was performed (antibodies listed in Supplementary 
Table 9) at a final concentration of 1%µl antibody per 10 million cells 
in a volume scaled to cell number (100%µl for every 10 million cells), 
with a 30%min incubation on ice. After surface staining, samples were 
washed twice (each 1%ml of CyFACS (1× PBS%+%0.2% BSA%+%0.05% NaN3) 
at 800g%×%3%min) and subsequently fixed and permeabilized with BD 
Biosciences Fixation/Permeabilization solution (100%µl per 5 million 
cells) with a 20%min incubation on ice. Samples were then washed twice 
with 1× BD Perm Wash buffer (800g%×%3%min) before staining with an 
intracellular antibody for GZMB (Supplementary Table 9) at a final 
concentration of 1%µl antibody per 10 million cells in a volume scaled 
to cell number (100%µl for every 10 million cells), with a 30%min incu-
bation on ice. Finally, samples were fixed with paraformaldehyde and 
simultaneous iridium/osmium cell labelling. CyTOF samples were then 
acquired using the Fluidigm Helios mass cytometer and normalized/
concatenated with Fluidigm’s CyTOF software. Further cleaning was 
done using Mt Sinai’s internal pipeline, which removed acquisition 
outliers, EQ beads, and low DNA signal events. Demultiplexing was 
performed using Pd barcoding and cosine similarity, removing low 
signal-to-noise cells and acquisition multiplets. Each sample was clus-
tered into 1,000 k-means groups. A subset was manually annotated via 
Clustergrammer2 (https://github.com/ismms-himc/clustergrammer2) 
to generate a reference matrix. For annotation, cluster similarity to 
reference cell types was computed, and assignments were made based 
on highest or consensus similarity. Cell-type labels were then mapped 
back to single cells for downstream quantification. Antibodies used 
are listed in the supplemental reporting summary.

Plasma proteomics
Plasma samples underwent protein depletion using perchloric acid 
to remove the most abundant proteins, enhancing the detection of 
lower abundance proteins72–74. The prepared samples were loaded 
onto Evotips and analysed using the EVOSEP One system (EVOSEP). 
The system operated using the 60 samples per day method, which 
corresponds to a 21%min gradient, optimizing throughput without com-
promising data quality. The EVOSEP One was coupled to a timsTOF Pro 
mass spectrometer (Bruker Daltonics) operating in Data-Dependent 
Acquisition Parallel Accumulation–Serial Fragmentation (DDA-PASEF) 
mode. HSV1 proteins evaluated included the Swiss-Prot reviewed pro-
teins attributed to human herpesvirus 1 (strain 17, UniProt Proteome 
ID: UP000009294).

Plasma metabolomics
Plasma metabolite profiling was performed by Metabolon using their 
in-house standards75,76. Samples were randomized, extracted with 
methanol precipitation, and divided into fractions for analysis via 
UPLC–MS/MS under both positive and negative ion modes using RP 
and HILIC chromatography. Analyses were conducted with a Thermo 
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Q-Exactive mass spectrometer. Metabolites were identified based 
on retention index, accurate mass (±10%ppm), and MS/MS spectral 
matching to Metabolon’s reference library, following Metabolomics 
Standards Initiative guidelines76.

Serum cytokines and chemokines
All samples were analysed using the Olink Inflammation panel (Olink 
Bioscience), which measures 92 inflammation-related proteins via PEA. 
In brief, oligonucleotide-labelled antibody pairs bind to target proteins, 
enabling formation of PCR targets upon proximity. After overnight 
incubation at 4%°C, PCR amplification was performed, and protein levels 
were quantified using a microfluidic qPCR system (Biomark, Fluidigm), 
including built-in controls for quality assurance.

Serum EBV and CMV antibody titre
Serum anti-viral antibodies for EBV (gp350) and CMV (gB) were 
measured via a Luminex platform as previously described58. The 
gp350 and gB antigens (Sino Biological) were conjugated to bar-
coded beads as recommended by Luminex. Serum samples were 
diluted 1:400 in PBS/0.5% Triton X-100 before 25%µl was added to an 
assay plate containing the antigen-coupled beads and incubated 
on an orbital shaker at 500–600%rpm for 2%h at room temperature. 
Each well also had Assay Chex Control beads (Radix Biosolutions) 
to measure non-specific binding. The plate was then washed with a 
Bio-Tak Magnetic washer (ELX-405, Bio-Tek) before a secondary anti-
body goat-anti human IgG (Fc fragment, NC9822979) or Anti-IgA Fc 
coupled to Phycoerythrin (501941614) were diluted and added to the 
plate and incubated on an orbital shaker at 500–600%rpm for 30%min 
at room temperature. The plate was then washed again with again with 
a Bio-Tak Magnetic washer (ELX-405, Bio-Tek) before 130%µl of wash 
buffer was added to the wells and read on a Luminex Flex 3D instru-
ment (lower bound of 50 beads per target antigen). This assay was 
only performed for half of the cohort (n%=%479). The data for the EBV 
titre values were normalized by regressing the values of the four dif-
ferent Assay Chex control beads as well as the batch and plate before  
analysis.

For an additional 497 participants, CMV serostatus at visit 1 was also 
measured using a CMV IgG ELISA assay (Aviva, GWB-BQK12C). Serum 
samples were assessed in duplicate, with an average antibody index 
value%>1.1 considered positive, <0.9 considered negative, and values 
between 0.9 and 1.1 equivocal per manufacturer specifications. For 
this study, equivocal status was considered seropositive. The resulting 
calculated serostatus from both CMV assays were combined to evalu-
ate rate of serostatus at hospital admission between CMV transcript 
positive and negative patients (Fig. 3b).

Statistics and reproducibility
All IMPACC sites followed a standard protocol55 for biological sample 
collection. To mitigate batch effects, samples were randomized to 
batches while ensuring longitudinal samples from the same individual 
were run in the same batch. The randomization was stratified by disease 
severity (mild and moderate versus severe) and age (younger versus 
older) with representation across batches. Furthermore, race, ethnicity, 
gender, and enrolment site were then confirmed to be well represented 
across batches. As this was an observational study, we prioritized bio-
logical replicates over technical replicates, except where needed to 
evaluate for batch effects. Thus, all data used in this study were reflec-
tive of data collected as single measurements for each participant at 
each time point, unless otherwise specified in the methods.

All P values calculated in this manuscript were adjusted using the 
Benjamini–Hochberg procedure and are indicated as adjusted P values 
(circumstances where no adjustments were necessary report as only  
P values). Across all multi-omic analyses, adjustments were corrected 
for all comparisons or models ran on a per virus basis. The exact statisti-
cal approaches used for each analysis are detailed below.

Clinical features and demographics. For testing the association 
of detection of chronic viral transcripts with trajectory groups and 
age, we used cumulative link mixed modelling (clmm) from the ordi-
nal (v2019.12-10) R package77. Due to both COVID-19 severity and age 
quantiles being ordinal, cumulative link mixed modelling allowed for 
this ordinal relationship to be accounted for in addition to including 
enrolment site as a random effect. However, due to the TG4 and TG5 
contributing a majority of the endotracheal aspirate samples, for 
comparison of the endotracheal aspirate viruses a Fisher’s exact test 
comparing only TG4 and TG5 was used instead of a clmm. The follow-
ing R formulae were used with the clmm2 function from the ordinal  
(v 2019.12-10) R package77:

Trajectory_group ~ virus_status, random = enrollment_site

Admit_age_quintile ~ virus_status + trajectory_group, random
= enrollment_site

For the testing of association of virus positivity status with ethnic-
ity, sex, and steroid and remdesivir administration in Extended Data 
Fig. 6b–e, a chi-squared test of independence was calculated using the 
rstatix (v0.7.2) R package78.

For the testing of virus positivity status with long-term mortality 
within trajectory group 4, a Cox proportional hazards model was used 
that included steroid and remdesivir administration as fixed effects 
and enrolment site as a random effect. All clinical outcomes, including 
mortality, were captured by clinical staff from the electronic medical 
record in accordance with protocol and then verified by the IMPACC 
Clinical and Data Coordinating Center. If death was not ascertained, 
the model was right censored with the date of participant lost to follow 
up or completion of the study. The following R formula was used with 
the coxme function from the coxme R package (v2.2-16)79:

Surv(time_to_event, right_censoring) ~ ever_steroids
+ ever_remdesivir + virus_status + (1|enrollment_site)

For testing of association with other clinical features including com-
plications, comorbidities and medication usage, a logistic mixed effect 
model was used that also included sex, age quintile and trajectory 
group as fixed effects and enrolment site as a random effect. Of note, 
participants positive for a virus in a given tissue were only compared 
against participants who also had the respective tissue sequenced at 
least once and were negative at all time points checked. The following 
R formula was used with the glmer function from the lme4 R package 
(v 1.1-28)80:

Clinical_feature ~ virus_status + sex + age_quintile
+ trajectory_group + (1|enrollment_site)

To further decouple association of Anelloviridae with COVID-19 
severity, immunosuppressive medications and age, we conducted an 
additional logistic mixed effect model that included sex, age quintile, 
trajectory group and immunosuppressive medication status as fixed 
effects with enrolment site as a random effect. The following R formula 
was used with the glmer function from the lme4 R package (v 1.1-28)80:

Anelloviridae_status ~ ever_immsupp + trajectory_group
+ sex + discretized_admit_age_quantile + (1|enrollment_site)

For testing of association of virus detection status with the PASC PRO 
groups, a linear model was used that also included sex, age quintile, 
trajectory group and immunosuppressed status by medication as fixed 
effects in the model. The following R formula was used with the glmer 
function from the lme4 R package (v 1.1-28)80:



PRO_group ~ virus_status + immunosuppressed_status
+ trajectory_group + sex + age_quintile + (1|enrollment_site)

Cellular immunophenotyping. For testing the association of partici-
pant events positive for viruses with changes in immunophenotypes of 
circulating cells, a linear mixed effect model was used that also included 
trajectory group, sex, age quintile, and visit number as additional main 
effects in addition to enrolment site and participant as nested ran-
dom effects in the model. The normalized abundances for cell types 
were computed by calculating the relative abundance after removing 
granulocytes from the total before a log1p transformation and scaling. 
The following R formula was used with the lme function from the nlme  
(v 3.1-149) R package81:

Normalized_celltype_abundance ~ virus_status + trajectory_group
+ sex + discretized_admit_age_quantile + event_type, random

= ~ 1|enrollment_site/participant_id

Serum cytokines and plasma metabolomics. To evaluate both the 
serum proximity extension array cytokine assay (Olink Inflammation 
panel) and the plasma metabolomics, GAMM from the gamm4 (v 0.2-6) 
R package82 was used to evaluate for differences in individual analytes 
between patients who had detected transcripts for a chronic virus 
compared to patients who never had human-infecting viral transcripts 
detected (other than for SARS-CoV-2). Analytes were modelled against 
days from admission using cubic regression splines with interactions 
of both status for a given chronic virus (that is, detected transcript 
at any collected time point) and trajectory group in addition to fixed  
effects of status for the chronic virus being evaluated, trajectory group, 
sex, age at time of admission sorted into quintiles, and SARS-CoV-2 
nasal viral RPM at the time of that sample. As chronic viral status is 
both a main effect and interaction term in the model, we used a lower 
adjusted P value cutoff of 0.01 to account for the fact that a feature was 
significant if either term was significant. Only participant visits with 
both PBMC and nasal transcriptomics were used for this analysis. The 
following R formula was used with the gamm function from the gamm4 
(v0.2-6) R package82:

Analyte ~ s(days, bs = ‘cr’) + s(days, bs = ‘cr’, by = ‘virus_status’)
+ s(days, bs = ‘cr’, by = ‘trajectory_group’) + virus_status
+ sex + trajectory_group + age_quintile
+ sarscovs2_nasal_log_rpm, random

= ~ (1|enrollment_site/participant_id)

Nasal and PBMC RNA-seq. To analyse the signature of host gene 
expression associated with chronic viruses, the limma (v 3.46.0)  
R package83 was used for both the nasal and PBMC RNA-seq to evalu-
ate differential expressed genes associated with participants who had 
detectable chronic viral transcripts. The following R formula was used:

~age_quintile + sex + visit_number + trajectory_group
+ sarscov2_nasal_log_rpm + virus_status

Upregulated and downregulated differentially expressed genes were 
then evaluated separately with hypergeometric pathway enrichment 
using the Reactome database (v95)84 and the clusterProfiler R package 
(v 3.18.1)85.

Reporting summary
Further information on research design is available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability
The IMPACC Data Sharing Plan aims to support broad data dissemina-
tion while safeguarding participant privacy and data integrity through 
de-identification and masking of sensitive data fields. All IMPACC 
data, including those produced as part of this study, have been sub-
mitted to the Immunology Database and Analysis Portal (ImmPort), a 
repository supported by the NIAID Division of Allergy, Immunology 
and Transplantation under accession code SDY1760, as well as to the 
NLM’s Database of Genotypes and Phenotypes (dbGaP) under acces-
sion number phs002686.v2.p2. Both raw and processed datasets are 
available through restricted access in accordance with the NIH pub-
lic data sharing policy for IRB-exempted public health surveillance 
studies. Access may be requested through AccessClinicalData@NIAID 
(https://accessclinicaldata.niaid.nih.gov/study-viewer/clinical_trials)  
with typical response times of approximately 2–4 weeks. Further 
detailed guidance on data access is provided on ImmPort (https://
docs.immport.org/home/impaccslides). For alignment of host tran-
scripts from the PBMC, nasal and endotracheal aspirate RNA-seq, the 
GRCh38 reference genome and Ensembl release 91 were used. The 
Reactome database (v95) was used for hypergeometric enrichment 
of differentially expressed genes. The CZID pipeline used the NCBI 
nucleotide (nt) and NCBI non-redundant (nr) databases. HSV1 pro-
teins for the plasma mass spectrometry were retrieved from UniProt 
for Swiss-Prot reviewed proteins attributed to human herpesvirus 1 
(strain 17, UP000009294). Publicly available data for Extended Data 
Fig. 5a–c were retrieved from the Mount Sinai COVID-19 Biobank which 
is available in the data repository Synapse (SynID: syn35874390, https://
www.synapse.org/Synapse:syn35874390/wiki/618989). Source data 
are provided with this paper.

Code availability
All code for this study is publicly available in a Bitbucket repository 
https://bitbucket.org/kleinstein/impacc-public-code/src/master/
chronic_viruses_manuscript/ and deposited in Zenodo (https://doi.
org/10.5281/zenodo.19657241)86.
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Extended Data Fig. 1 | Strengthening the Reporting of Observational 
Studies in Epidemiology (STROBE) Cohort Diagram and Chronic Virus 
Prevalence in IMPACC Cohort. a) STROBE cohort diagram modified from 
Ozonoff A. et al. 2022. Percent of IMPACC participants with detected viruses 
besides SARS-CoV-2 in b) any transcriptomic sample or c) in only PBMC or nasal 
samples (excluding EA samples) ≤ 40 days post-hospitalization (n%=%1148).  
d) Smoothed curves demonstrating the percent of total samples that were 

positive for six common viruses in the nasal and PBMC transcriptomics  
(a version of Fig. 1d with 95% confidence intervals). Curves were calculated  
by the percent of samples positive for each day ± two days (a rolling window 
approach), followed by a local polynomial regression fitting, denoted as the 
central solid line in the graph. Shaded region denotes 95% confidence interval 
which were calculated for each day based off the same day ± two days rolling 
window approach, but without subsequent smoothing.
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Extended Data Fig. 2 | See next page for caption.



Extended Data Fig. 2 | Diverse Chronic Viral Reactivation Occurs in Acute 
COVID-19. Pearson correlation (two-sided) of Betacoronavirus reads per 
million (RPM) from the nasal transcriptomics with a) Nucleocapsid 1 cycle 
threshold and b) Nucleocapsid 2 cycle threshold. c) Cladogram of the detected 
Anelloviridae in the PBMC transcriptomics (these were collectively collapsed in 
Anelloviridae for all analyses). d) Cladogram of the detected enteroviruses in 
the nasal transcriptomics (these were collectively collapsed in enterovirus for 
all analyses). e) Percent of participants positive for each virus that belonged to 
each recruitment site. f) Percent of PBMC RNA-sequencing samples positive 
for the most common PBMC viruses between the two sequencing sites of  
the study demonstrating internal reproducibility. g) Percent of reads 

duplicated across all reads in the study, within either PBMC sequencing site 
(UCSF or Emory), and the average rate of duplication within each batch. h) Read 
alignment of all reads for EBV and CMV in the PBMC RNA-sequencing and HSV1 
in the nasal RNA-sequencing reveals specific gene expression explaining rate of 
duplicated reads in (g). i) Average E value of read alignments for a virus in each 
sample relative to the standard 1e-5 threshold (dashed red line). Of note, E values 
for HSV1 and HSV2 are shown prior to reassignment based on total ratio of 
reads found in the sample (see Methods). Boxplots denote median (center line), 
interquartile range (box), and 1.5x the interquartile range (whiskers). n%=%675, 
386, and 122 for total number of PBMC, Nasal, and EA samples analyzed and which 
contributed average E values for one of the plotted viruses in (i) respectively.
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Extended Data Fig. 3 | See next page for caption.



Extended Data Fig. 3 | Dynamics of Viral Reactivation Over Time. a) Reads 
per million (RPM) of detected viral transcripts overtime with individual 
participants’ samples connected by a gray line. For b-i, graphs depict smoothed 
curves demonstrating the proportion of total samples that were positive for 
viruses. Curves were calculated by the proportion of samples positive for each 
day ± two days (a rolling window approach), followed by a local polynomial 
regression fitting. Below curves in c-e and g-i, graphs showing the trajectory 

group of samples contributing to the calculated rate on that day are shown.  
b) The smoothed rate of detection for all viruses in all transcriptomics by days 
from hospitalization, with c) subsetted to only the EA samples, d) subsetted  
to only the nasal samples, and e) subsetted to only the PBMC samples. f) The 
smoothed rate of detection for all viruses in all transcriptomics by days from 
symptom onset, with g) subsetted to only the EA samples, h) subsetted to only 
the nasal samples, and i) subsetted to only the PBMC samples.
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Extended Data Fig. 4 | Conditional Probability Table of Detected Viral 
Transcripts Within a Visit and Within All of a Participant’s Samples.  
a) Heatmap depicting the percent of samples that were simultaneously positive 
for the virus denoted in the column when the virus in the row was present.  
b) Heatmap depicting the percent of participants that had the virus denoted  

in the column detected in any of their samples if the virus in the row was also 
detected in any of their samples. Percent of IMPACC participants with 0, 1, 2, 3, 4,  
5, or 6 viruses detected besides SARS-CoV-2 (including Anelloviridae, CMV, EBV, 
HSV1, HSV2, and enteroviruses) in the acute period in c) any transcriptomic 
sample, and d) only nasal and PBMC samples (excluding EA samples).



Extended Data Fig. 5 | Validation of Chronic Virus Transcript Detection  
in an External Hospitalized COVID-19 Cohort (Mount Sinai Biobank).  
a) Distribution of available PBMC RNA-sequencing samples (n%=%165) as days 
since COVID-19 symptom onset from Charney et al. 202025 and Thompson et al. 
202326 by COVID-19 severity. Lines inside the distribution denote the median 
and interquartile range. b) A graph that depicts smoothed curves demonstrating 
the proportion of total samples that were positive for viruses as a function  
of days from symptom onset. Curves were calculated by the proportion of 
samples positive for each day ± two days (a rolling window approach), followed 
by a local polynomial regression fitting. c) Reads per million (RPM) of detected 
viral transcripts overtime with individual participants’ samples connected by  

a gray line. d) Percent of participants in the cohort who had detectable viral 
reads in at least one sample within 40 days of hospital admission (IMPACC 
Visits 1-6). Participants were split by each trajectory group (on the left),  
a measure of COVID-19 severity, and participants in TG4 were further subsetted 
by their long-term mortality outcome (on the right). Error bars denotes  
95% confidence interval. e) Percent of participants in the cohort who had 
detectable viral reads in at least one sample within 40 days of hospital 
admission (IMPACC Visits 1-6) split by age quantiles. Error bars denotes 95% 
confidence interval. In (d-e) Benjamini-Hochberg adjusted p-values of (0.05, 
(0.01, (0.001, and (0.0001 are represented by *, **, ***, and **** respectively. 
Sample sizes for each group in (d-e) are reported in the figure legend.
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Extended Data Fig. 6 | Relationship of Chronic Viral Reactivation with 
Additional Clinical Demographics and Medication Usage. a) Percent of 
patients positive for each virus and compartment within the first 40 days 
post-hospitalization (only using IMPACC visits 1-6 samples) that are in each 
trajectory group (TG). Percent of participants positive for each virus in the 
respective compartments for any sample within the first 40 days post- 
hospitalization (only using IMPACC visits 1-6 samples) split by b) ethnicity,  

c) sex, d) administration of steroids during acute COVID-19, e) administration 
of Remdesivir during acute COVID-19. Error bars in (b-e) denote 95% confidence 
interval. Significance calculated using chi-square test of independence with 
p-value corrections following Benjamini-Hochberg procedure, * indicates 
adj.p%(%0.05. Sample sizes for each group in (b-e) are reported in the figure 
legend.



Extended Data Fig. 7 | EBV Associates With COVID-19 Severity Even While 
Controlling for Changes in Circulating Blood Cell Composition. a) Percent 
of each trajectory group (TG) with detectable HHV1 proteins in plasma via mass 
spectrometry at any sample within 40 days of hospital admission. b) Percent of 
participants in the cohort who had detectable viral reads in at least one sample 
within 40 days of hospital admission for the respective virus in the PBMC split 
by each TG. On the right, adjusted p-value for cumulative link mixed modeling 
testing for association of viral prevalence with TG in models with or without 
correcting for circulating levels of significantly associated cell types (as 
determined from Fig. 3d) from whole blood CyTOF. The cumulative link mixed 

model with cell type correction added all significantly associated cell types 
associated with the virus from the analysis in Fig. 3d as main effects in addition 
to virus status with enrollment site as a random effect. GAMM model of TGF-*1 
as a function of c) days from hospitalization and d) days from symptom onset 
for comparison to the findings of Goetzke et al. 202530 with EBV reactivation in 
COVID-19-associated multisystem inflammatory syndrome in children. Shaded 
interval in (c-d) denotes 95% confidence interval calculated from GAMM 
model. The control group in (c) and (d) was comprised of 492 participants 
without any detected chronic virus transcripts in the acute period ((40 days 
post-hospitalization).
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Extended Data Fig. 8 | See next page for caption.



Extended Data Fig. 8 | Chronic Viral Reactivation Correlates with Widespread 
Changes in the Metabolome. Summary heatmap of Benjamini-Hochberg 
adjusted p-values from generalized additive mixed models (GAMM) evaluating 
the effects of chronic viral reactivation on plasma metabolite dynamics over 
time. The control group was comprised of 488 participants without any detected 
chronic virus transcripts in the acute period ((40 days post-hospitalization). 

The adjusted p-values were signed and colored by direction of the associations 
of the cytokine/chemokine with the virus. The heatmap cell was only colored  
if adj.p%(%0.01, for either the main effect or time interaction term for viral 
reactivation in the model. Increasingly red color represents a more significant 
positive association, and increasingly blue color represents a more significant 
negative association.
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Extended Data Fig. 9 | See next page for caption.



Extended Data Fig. 9 | Chronic Viral Reactivation is Associated with 
Alterations in Host Metabolome and Gene Expression. Boxplots depict  
the largest-magnitude GAMM residuals for each participant by virus, next to 
longitudinal GAMM-predicted means and 95% confidence intervals over days 
from hospitalization for the individual metabolites a) TMAP, b) Arachidate,  
c) Docosadianoate, d) Dimethylarginine, and e) S-methylcysteine sulfoxide. 
Boxplots denote median (center line), interquartile range (box), and 1.5x the 
interquartile range (whiskers). Results for (a-e) also shown in Extended Data 
Fig. 8. f) Number of differentially expressed genes (DEGs) for chronic viruses 
detected (adjusted p-values%(%0.05, determined with the limma package,  
see Methods). The graph is split by the number of DEGs detected for the nasal 
host gene expression and PBMC host gene expression (columns) as well as by 
which compartment the virus was detected (rows). X marks denote virus not 
detected frequently enough in the tissue for analysis (i.e. HSV1 in the PBMCs and 

Anelloviridae in the nasal). This plot demonstrates that viral reactivation in the 
nasal compartment affects both the nasal and PBMC host gene expression, 
whereas reactivation in the PBMC only substantially affects gene expression  
in the PBMCs. g) The top enriched pathways (determined via lowest adjusted 
p-values) from hypergeometric enrichment of differentially expressed genes 
(adj.p%(%0.05) in the PBMC transcriptomics associated with reactivation of 
chronically infecting viruses. h) The top enriched pathways (determined via 
lowest adjusted p-values) from hypergeometric enrichment of differentially 
expressed genes (adj.p%(%0.05) in the nasal transcriptomics associated with 
reactivation of chronically infecting viruses. Results for (g) and (h) calculated 
using hypergeometric enrichment of pathways from Reactome, separately on 
the positive and negative differentially expressed genes. Dot only shown for a 
pathway if adjusted p-value%(%0.01.
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Extended Data Fig. 10 | Chronic Viral Reactivation Correlates With Lower 
Responses on Convalescent Surveys and Anelloviridae are More Frequent 
in Convalescent Samples from the Physical PRO Group. a) Percent of 
participants who either died, did not respond to convalescent symptom surveys 
(non-responders), or did respond and were grouped with an LC-affiliated patient- 
reported outcomes (PRO) group or the PRO minimal group displaying minimal 
deficits by virus positivity status in the acute COVID-19 period (first 40 days 
after hospitalization, IMPACC Visits 1-6). b) Percent of each PRO group and 

non-responders that had viruses detected in the acute COVID-19 period (first 
40 days after hospitalization, IMPACC Visits 1-6). c) Percent of PRO group that 
had Anelloviridae detected in the outpatient convalescent samples, split by 
visit. d) Percent of each PRO group that gave 1, 2, 3, or 4 convalescent samples 
demonstrates no elevated rate in the physical group. e) Viral reads per million 
of Anelloviridae across the four convalescent visits (visits 7, 8, 9, and 10) for 
each of the PRO groups. Participants’ visits are connected by a line across the 
timepoints.
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Statistics
For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

n/a Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided 
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested

A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient) 
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted 
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code
Policy information about availability of computer code

Data collection No open source or custom code was used to collect data in this study.

Data analysis All code for this study is publicly available in a Bitbucket repository https://bitbucket.org/kleinstein/impacc-public-code/src/master/
chronic_viruses_manuscript/ and deposited in Zenodo (https://doi.org/10.5281/zenodo.19657241). Briefly, software and packages used 
included Samtools (v1.2), Samtools bam2fq (v1.4), Trimmomatic (v0.36.5), STAR (v2.4.2a), HTSeq-count (v0.4.1), Picard (v1.134), Picard tools 
(v2.22), FASTQC (v0.11.3 and v0.11.5), Cutadapt (v1.14), CZID, R 4.0.3, ordinal (v2019.12-10), rstatix (v0.7.2), coxme (v2.2-16), lme4 (v1.1-28), 
nlme (v3.1-149), gamm4 (v0.2-6), edgeR (v4), limma (v3.46.0), clusterProfiler (v3.18.1), Clustergrammer2 (https://github.com/ismms-himc/
clustergrammer2).

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and 
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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Data
Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable: 
- Accession codes, unique identifiers, or web links for publicly available datasets 
- A description of any restrictions on data availability 
- For clinical datasets or third party data, please ensure that the statement adheres to our policy 

 

The IMPACC Data Sharing Plan aims to support broad data dissemination while safeguarding participant privacy and data integrity through de-identification and 
masking of sensitive data fields. All IMPACC data, including those produced as part of this study, have been submitted to the Immunology Database and Analysis 
Portal (ImmPort), a repository supported by the NIAID Division of Allergy, Immunology and Transplantation under accession code SDY1760 (https://
www.immport.org/shared/study/SDY1760), as well as to the NLM's Database of Genotypes and Phenotypes (dbGaP) under accession number phs002686.v2.p2. 
Both raw and processed datasets are available through restricted access in accordance with the NIH public data sharing policy for IRB-exempted public health 
surveillance studies. Access may be requested through AccessClinicalData@NIAID (https://accessclinicaldata.niaid.nih.gov/study-viewer/clinical_trials). Further 
detailed guidance on data access is provided on ImmPort (https://docs.immport.org/home/impaccslides).  
 
For alignment of host transcripts from the PBMC, Nasal, and EA RNA-seq, the GRCh38 reference genome and Ensembl release 91 were used. The Reactome 
database (v95) was used for hypergeometric enrichment of differentially expressed genes. The CZID pipeline utilized the NCBI nucleotide (nt) and NCBI non-
redundant (nr) databases. HSV1 proteins for the plasma mass spectrometry were retrieved from UniProt for Swiss-Prot reviewed proteins attributed to Human 
Herpesvirus 1 (strain 17, UP000009294). Publicly available data for Extended Data Figure 5a-c were retrieved from the Mount Sinai COVID-19 Biobank which is 
available in the data repository Synapse (SynID: syn35874390, https://www.synapse.org/Synapse:syn35874390/wiki/618989).

Research involving human participants, their data, or biological material
Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation), 
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Patient self-reported biological sex was evaluated for an association with chronic viral transcripts in Supplemental Figure 2 
and found no significant association. For the generalized additive mixed modeling analysis used for the serum cytokines and 
plasma metabolomics as well as for the nasal and PBMC RNA-seq analyses, sex was included as a covariate in the models.

Reporting on race, ethnicity, or 
other socially relevant 
groupings

Patient self-reported ethnicity was evaluated for an association with chronic viral transcripts in Supplemental Figure 2.

Population characteristics Full cohort characteristics are presented in Supplementary Table 1. Briefly, the IMPACC study cohort comprised 1,154 adults 
hospitalized with COVID-19, with a median age of 59 years.  61% were male and 39% were female. In terms of ethnicity,  48% 
were Caucasian, 22% Black, and 31% Hispanic. Most common co-morbid conditions included hypertension (58%), diabetes 
(37%), chronic cardiac disease (27%), chronic lung disease (20%), and chronic kidney disease (15%). At enrollment, 
participants had varied requirements for respiratory support (23% on no supplemental oxygen, 47% on supplemental oxygen, 
18% on non-invasive ventilation, and 12% on invasive mechanical ventilation.) Most common medications during 
hospitalization included anticoagulation (88%), steroids (68%), remdesivir (62%), and antibiotics (57%).  (please refer to 
Supplementary Table 1 for further details).

Recruitment Hospitalized COVID-19 patients were recruited as reported in the clinical trial outline (clinicaltrials.gov (NCT0438777)) from 
20 hospitals across 15 academic institutes. Patients enrolled at sites operating as a public health surveillance study were 
provided information sheets describing the study including the samples to be collected and plans for analysis and data de-
identification. Patients at sites with IRB-approved protocols obtained participant informed consent. Participants who 
requested not to participate after review of the study plan and information were not enrolled. 

Ethics oversight The Department of Health and Human Services Office for Human Research Protections (OHRP) and NIAID concurred that the 
IMPACC study qualified for public health surveillance exemption. The study protocol was sent for review to each site’s 
institutional review board (IRB), with twelve sites conducting as a public health surveillance study, and three sites integrating 
the IMPACC study into IRB-approved protocols (University of Texas at Austin, IRB 2020-04-0117; University of California San 
Francisco, IRB 20-30497; Case Western Reserve University, IRB STUDY20200573) with participants providing informed 
consent.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting
Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

Life sciences Behavioural & social sciences  Ecological, evolutionary & environmental sciences
For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf
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Life sciences study design
All studies must disclose on these points even when the disclosure is negative.

Sample size Following the scientific objectives and goal of the IMPACC network to generate further hypotheses, the analysis of primary endpoints was 
planned to be descriptive with additional goals to generate hypotheses for future studies. Therefore, the sample size considerations that were 
most relevant to the study pertained to precision of estimates and minimum detectable effect sizes. Assuming N=1,000 participants, Type I 
error rate of 5% i.e. alpha level 0.05, and Type II error rate of 20% (=80% power) i.e. beta level 0.20, estimates of binary endpoints we 
calculated that the we would have a 95% CI no wider than ± 3.1%.

Data exclusions All assays in IMPACC were evaluated by a Clinical and Data Coordinating Center (CDCC) which performed quality control on all data. All data 
that passed quality control were used without any data exclusion.

Replication Due to the large sample size and variety of assays, no replication experiments were performed.

Randomization The IMPACC study was a prospective, longitudinal observational cohort study designed to characterize immune response trajectories in adults 
hospitalized with acute COVID-19 and relate them to immune and clinical outcomes. Randomization was not applicable to this design because 
IMPACC did not assign an investigational intervention. All participants in the study received standard clinical care.

Blinding Blinding was not relevant to the IMPACC study as it was an observational study without a drug intervention arm.

Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response. 

Materials & experimental systems
n/a Involved in the study

Antibodies

Eukaryotic cell lines

Palaeontology and archaeology

Animals and other organisms

Clinical data

Dual use research of concern

Plants

Methods
n/a Involved in the study

ChIP-seq

Flow cytometry

MRI-based neuroimaging

Antibodies
Antibodies used CD8a-146Nd  Fluidigm  Cat#3146001B; RRID:AB_2687641  

 Granzyme B Antibody, anti-human/mouse/rat, REAfinity  Miltenyi  Cat#130-116-486  
 Goat Anti-Human IgA-UNLB  Southern Biotech  Cat#2050-01  
 Purified anti-human IgM Antibody  Biolegend  Cat#314502  
 Mouse Anti-Human IgG1 Fc-UNLB  Souther Biotech  Cat#9054-01  
 Purified anti-mouse/human CD11b Antibody  Biolegend  Cat#101202  
 Purified anti-human/mouse/rat CD278 (ICOS) Antibody  Biolegend  Cat#313502  
 Purified anti-human CD39 Antibody  Biolegend  Cat#328202  
 Purified anti-human CD169 (Sialoadhesin, Siglec-1) Antibody  Biolegend  Cat#346002  
 Purified anti-human CD64 (Maxpar® Ready) Antibody  Biolegend  Cat#305029  
 Purified anti-human CD71 Antibody  Biolegend  Cat#334102  
 Anti-Human CD279/PD-1 (EH12.2H7)-175Lu  Fluidigm  Cat#3175008B  
 Anti-Human CD61 (VI-PL2)-209Bi  Fluidigm  Cat#3209001B  
 Anti-Human CD3 (UCHT1)-141Pr antibody  Fluidigm  Cat#3141019B  
 Anti-Human HLA-DR (L243)-143Nd antibody  Fluidigm  Cat#3143013B  
 Anti-Human CD69 (FN50)-144Nd antibody  Fluidigm  Cat#3144018B  
 Anti-Human CD4 (RPA-T4)-145Nd antibody  Fluidigm  Cat#3145001B  
 Anti-Human CD8a (RPA-T8)-146Nd antibody  Fluidigm  Cat#3146001B  
 Anti-Human CD20 (2H7)-147Sm antibody  Fluidigm  Cat#3147001B  
 Anti-Human CD127 (A019D5)-149Sm antibody  Fluidigm  Cat#3149011B  
 Anti-Human MIP-1β (D21-1351)-150Nd antibody  Fluidigm  Cat#3150004B  
 Anti-Human CD123 (6H6)-151Eu antibody  Fluidigm  Cat#3151001B  
 Anti-Human TNF" (Mab11)-152Sm antibody  Fluidigm  Cat#3152002B  
 Anti-Human CD62L (DREG-56)-153Eu antibody  Fluidigm  Cat#3153004B  
 Anti-Human CD45 (HI30)-154Sm antibody  Fluidigm  Cat#3154001B  
 Anti-Human IL-6 (MQ2-13A5)-156Gd antibody  Fluidigm  Cat#3156011B  
 Anti-Human IFN-# (B27)-158Gd antibody  Fluidigm  Cat#3158017B  
 Anti-Human CD11c (Bu15)-159Tb antibody  Fluidigm  Cat#3159001B  
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 Anti-Human CD14 (M5E2)-160Gd antibody  Fluidigm  Cat#3160001B  
 Anti-Human CD80/B7.1 (2D10.4)-161Dy antibody  Fluidigm  Cat#3161023B  
 Anti-Human CD66b (80H3)-162Dy antibody  Fluidigm  Cat#3162023B  
 Anti-Human CD56 (NCAM16.2)-163Dy antibody  Fluidigm  Cat#3163007B  
 Anti-Human CD15 (W6D3)-164Dy antibody  Fluidigm  Cat#3164001B  
 Anti-Human CD61 (VI-PL2)-165Ho antibody  Fluidigm  Cat#3165010B  
 Anti-Human CD11b (ICRF44)-167Er antibody  Fluidigm  Cat#3167011B  
 Anti-Human CD206 (15-2)-168Er antibody  Fluidigm  Cat#3168008B  
 Anti-Human CD54 (HA58)-170Er antibody  Fluidigm  Cat#3170014B  
 Anti-Human CD68 (Y1/82A)-171Yb antibody  Fluidigm  Cat#3171011B  
 Anti-Human CD16 (3G8)-209Bi antibody  Fluidigm  Cat#3209002B  
 Anti- CoV Nucleocapsid protein (6H3) antibody  Abcam  Cat#ab273434  
 Anti-Human Eotaxin (43915) antibody  R&D  Cat#MAB3201  
 Anti-Human ACE-2 (535919) antibody  NOVUS  Cat#MAB9332-100  
 Anti-Human Cytokeratin (C-11) antibody  Biolegend  Cat#628602  
 Anti- CoV Spike protein (1A9) antibody  GeneTex  Cat#GTX632604  
 Anti-Human EPX (MM82.2.1) antibody  MAYO CLINIC  https://www.mayoclinic.org  
 Anti-Human IL-8 (E8N1) antibody  Biolegend  Cat#511402  
 Anti-Human IL-1β (H1b-27) antibody  Biolegend  Cat#511602  
 Anti-Human IFN-β (IFNb/A1 ) antibody  Biolegend  Cat#514002  
 Anti-Human Siglec-8 (837535) antibody  R&D  Cat#MAB7975  
 Anti-human IgG (Fc specific)-Peroxidase antibody produced in goat  Sigma-Aldrich  Cat#A0170; RRID: AB_257868  
 Goat anti-human IgM-HRP  SouthernBiotech  Cat#2020-05; RRID: AB_2795603  
 Anti-human IgA ("-chain specific)-Peroxidase antibody produced in goat  Sigma-Aldrich  Cat#A0295; RRID: AB_257876  
 Anti-Glial Fibrillary Associated Protein  Agilent  Cat#Z033429-2  
 Anti-human IgG (PE)  ThermoScientific  Cat#12-4998-8  
 Anti-human pSTAT1 (AF647)  BD  Cat#612597  
 Anti-human CD14 (FITC)  BD  Cat#555397

Validation Antibodies were used and validated as described by manufacturer and in prior IMPACC publications: Diray-Arce J, et al. Multi-omic 
longitudinal study reveals immune correlates of clinical course among hospitalized COVID-19 patients. Cell Reports Medicine (2023), 
and in the study protocol: Immunophenotyping assessment in a COVID-19 cohort (IMPACC): A prospective longitudinal study. Science 
Immunology (2021).

Clinical data
Policy information about clinical studies
All manuscripts should comply with the ICMJE guidelines for publication of clinical research and a completed CONSORT checklist must be included with all submissions.

Clinical trial registration IMPACC was registered at clinicaltrials.gov with the accession number NCT0438777.

Study protocol The full trial protocol can be accessed in the prior publication "Immunophenotyping assessment in a COVID-19 cohort (IMPACC): A 
prospective longitudinal study" at Science Immunology (https://www.science.org/doi/10.1126/sciimmunol.abf3733).

Data collection Clinical data were captured directly from the electronic health record and stored in the study RedCap. All clinical data were audited 
after study completion to ensure accuracy.

Outcomes The two primary objectives of IMPACC were to:  
1. Describe the relationship between specific immunologic assessments and severity of illness in hospitalized patients with COVID-19, 
controlling for time of illness onset, and concurrent participation in clinical trials or off-label use of investigational (or approved) 
therapeutic agents for COVID-19.' 
2. Describe the relationship between burden of disease, assessed by duration of virus shedding in nasal secretions, and severity of 
illness in hospitalized patients with COVID-19. was Standard individual severity of illness  measures were defined s outcomes, and the 
7 point ordinal score was exploratory.  
 
The data were collected in case report forms via an electronic database using bedside assessments and data extraction from the 
electronic medical record.  The descriptive clinical outcomes for severity of illness were reported in the first clinical manuscript (Table 
1) in eBiomedicine, along with a description of the phenotyping approach used to define the disease trajectories (https://
pubmed.ncbi.nlm.nih.gov/35952496/).
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Seed stocks N/A

Authentication N/A
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