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BACKGROUND. Following SARS-CoV-2 infection, approximately 10%–35% of patients with COVID-19 experience long COVID 
(LC), in which debilitating symptoms persist for at least 3 months. Elucidating the biologic underpinnings of LC could identify 
therapeutic opportunities.

METHODS. We utilized machine learning methods on biologic analytes provided over 12 months after hospital discharge from 
more than 500 patients with COVID-19 in the IMPACC cohort to identify a multiomics “recovery factor,” trained on patient-
reported physical function survey scores. Immune profiling data included PBMC transcriptomics, serum O-link and plasma 
proteomics, plasma metabolomics, and blood mass cytometry by time of flight (CyTOF) protein levels. Recovery factor 
scores were tested for association with LC, disease severity, clinical parameters, and immune subset frequencies. Enrichment 
analyses identified biologic pathways associated with recovery factor scores.

RESULTS. Participants with LC had lower recovery factor scores compared with recovered participants. Recovery factor 
scores predicted LC as early as hospital admission, irrespective of acute COVID-19 severity. Biologic characterization revealed 
increased inflammatory mediators, elevated signatures of heme metabolism, and decreased androgenic steroids as predictive 
and ongoing biomarkers of LC. Lower recovery factor scores were associated with reduced lymphocyte and increased 
myeloid cell frequencies. The observed signatures are consistent with persistent inflammation driving anemia and stress 
erythropoiesis as major biologic underpinnings of LC.

CONCLUSION. The multiomics recovery factor identifies patients at risk of LC early after SARS-CoV-2 infection and reveals LC 
biomarkers and potential treatment targets.
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against the SARS-CoV-2 spike protein during acute disease were 
associated with persistent deficits after hospital discharge. B cell 
lymphopenia and elevated FGF21 during the acute phase were also 
characteristics of  participants who developed LC (18). However, 
longitudinal immune profiles of  IMPACC participants experienc-
ing LC during the convalescent phase have not yet been compared 
with those of  IMPACC participants who experienced minimal 
deficits during convalescence, an analysis that could reveal LC bio-
markers and uncover biological processes underlying the disease.

In the current work, we applied supervised multiomics integra-
tion methods to develop interpretable models that differentiate par-
ticipants with LC from recovered individuals on the basis of  their 
longitudinal immunophenotyping profiles during the convalescent 
disease phase. We identified key biological programs and biomarkers 
driving LC classification. Our findings highlight persistent inflamma-
tion, elevated heme metabolism associated with anemia, and reduced 
plasma concentrations of  androgenic steroids as characterizing fea-
tures of  LC, independent of  acute disease severity or SARS-CoV-2 
vaccination status after hospital discharge. Notably, these molecular 
profiles were already detectable during acute disease, suggesting their 
potential value as early predictive biomarkers for identifying patients 
at risk of  developing LC. Additionally, despite a general lack of  con-
sensus about the definition of  LC or consistency in the timing of  
sampling across different studies, we validated dysregulation of  the 
heme metabolism signature in 2 independent LC cohorts that includ-
ed nonhospitalized patients with COVID-19. These findings provide 
valuable insights into the molecular underpinnings of  LC and offer 
a foundation for future research aimed at improving diagnostics and 
developing targeted interventions.

Results
Longitudinal multiomics profiling of  LC. The IMPACC study includ-
ed 1,164 participants admitted to 20 US hospitals for SARS-CoV-2 
infection between May 2020 and March 2021 (37). Clinical data 
collection and immunophenotyping were performed longitudi-
nally during the acute disease phase within 72 hours of  hospital 
admission and 4, 7, 14, 21, and 28 days after hospital admission 
(visits 1–6, respectively). Surviving participants were contacted 3, 
6, 9, and 12 months after hospital discharge (visits 7–10, respec-
tively) to complete patient-reported outcome (PRO) and symptom 
surveys during the convalescent phase and to provide biosamples 
for immunophenotyping assays. Of  the 702 participants who could 
be reached by the study team after discharge, 513 were included 
in the IMPACC convalescent cohort (Supplemental Figure 1; sup-
plemental material available online with this article; https://doi.
org/10.1172/JCI193698DS1). These participants were selected 
because they survived at least 28 days of  hospitalization, complet-
ed at least 1 PRO survey, and provided at least 1 biosample during 
the convalescent period (Figure 1A and Supplemental Table 1) 
(18). IMPACC core laboratories performed immunophenotyping 
in both the acute and convalescent phases, including measure-
ments of  inflammatory mediators in blood serum via Olink (SO), 
global blood plasma metabolomics (PMG), global and targeted 
blood plasma proteomics (PPG and PPT), PBMC transcriptomics 
(PGX), whole blood cell frequencies measured with mass cytom-
etry by time of  flight (CyTOF), and CyTOF mean marker signal 
intensity measurements (BCT).

Introduction
Long COVID (LC) has become a pressing public health concern, 
affecting approximately 10%–35% of  surviving individuals infected 
with SARS-CoV-2, or 15–20 million people in the United States 
and more than 60 million people worldwide (1, 2). In July 2024, 
the National Academies of  Sciences, Engineering, and Medicine 
(NASEM) released an updated definition of  LC, characterizing it 
as a chronic condition arising after SARS-CoV-2 infection that per-
sists for at least 3 months, irrespective of  acute disease severity (2). 
LC can encompass a wide range of  physical and cognitive symp-
toms and can lead to new or worsening neurological, psychiatric, 
cardiovascular, pulmonary, endocrine, and gastrointestinal condi-
tions, among others (1–12).

Several studies have identified demographic and clinical risk 
factors for LC (13–15), including older age (16–18), female sex 
(16–21), and longer hospital stays (18, 22). Higher viral loads (18, 
19) and lower anti–SARS-CoV-2 antibody titers (18, 23, 24) during 
the acute infection phase have also been associated with LC devel-
opment. Several nonmutually exclusive hypotheses may explain the 
etiology of  LC, including persistent viral infection (25, 26), chronic 
inflammation (26–29), latent herpesvirus reactivation (26, 30, 31), 
immune dysregulation (29, 32, 33), complement dysregulation (34), 
and autoimmunity (35, 36). Despite substantial efforts, no consen-
sus exists on the mechanisms of  LC pathogenesis, and validation of  
the molecular findings across cohorts has been challenging. Addi-
tionally, most existing studies rely on measurements from a single 
or limited number of  assays and are confined to restricted sampling 
time points during the acute or convalescent phases of  the disease. 
Accordingly, a large-scale multiomics longitudinal study spanning 
both acute infection and convalescent disease phases could help 
elucidate the molecular mechanisms underlying LC.

The Immunophenotyping Assessment in a COVID-19 Cohort 
(IMPACC) study (37) offers a unique opportunity to investigate 
the temporal dynamics of  multiomics immune profiles during the 
acute and convalescent COVID-19 infection phases in a clinically 
well-characterized cohort of  hospitalized patients from across the 
United States. Data from the IMPACC study can be leveraged to 
identify molecular correlates of  post–acute symptom development 
or resolution for 1 year after hospital discharge. This cohort has 
previously been studied to characterize multiomics determinants of  
acute COVID-19 severity and mortality (38–40). Another study of  
the IMPACC cohort identified LC study participants who report-
ed outcome deficits up to 12 months after COVID-19 hospital dis-
charge (18). Clinical characteristics such as female sex or a higher 
respiratory SARS-CoV-2 viral burden with lower antibody titers 
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ity between the cohorts (Supplemental Figure 2). We then used 
Signature-based multiPle-omics intEgration via lAtent factoRs 
(SPEAR) (41), a supervised Bayesian factor model for the identi-
fication of  multiomics features, to integrate the high-dimensional 
data and construct multiomics predictive factors from immune pro-
files obtained during the convalescent phase in the train cohort. We 
assessed their predictive performance by repeated cross-validation 
on the train cohort and validated the performance of  the selected 
model on the test cohort (Figure 1, D and E). To identify immune 
programs captured in the predictive factors, we conducted in-depth 
analyses of  enriched biological pathways and analytes identified 
as highly relevant for the model’s predictive performance and per-
formed associations with assay data not included in model training, 
such as blood CyTOF cell frequencies.

Multiomics factors are predictive of  LC. We focused on predicting 
LC in the convalescent cohort using multiomics immune profiling 
data collected during the convalescent phase. We constructed sev-
eral SPEAR models to generate supervised factors. These models 
used either PRO survey scores from PRO Measurement Informa-
tion System (PROMIS) surveys (SPEAR Physical, SPEAR Cog-

LC status was defined in this cohort according to the partici-
pant’s response to post-discharge surveys that captured symptoms 
and PRO measures evaluating general health and deficits in specific 
domains. Participants who responded to at least 1 set of  post-dis-
charge surveys were assigned to PRO clusters according to latent 
class modeling and clustering using standardized scores of  the PRO 
survey measures (18) (PRO survey score details can be found in 
the Supplemental Methods). PRO clusters were classified as par-
ticipant clusters with no or minimal deficits (MIN), or with deficits 
attributed to LC in several domains: physical predominant (PHY), 
mental/cognitive predominant (COG), and multi/pan domain 
(MLT) (18) (Figure 1B).

In this study, we utilized multiomics immunophenotyping pro-
files from participant biosamples obtained during the convalescent 
disease phase to develop interpretable models for predicting LC 
and exploring the underlying molecular mechanisms. To assess 
model performance, we split the convalescent cohort into an 80% 
train cohort and a 20% test cohort, maintaining the proportions of  
participants in each PRO cluster (Figure 1C), with no noticeable 
imbalance in other clinical characteristics or biosample availabil-

Figure 1. Multiomics data overview and generation of a predictive LC factor. (A) Number of samples used in the multiomics data integration strategy 
by assay (rows) and scheduled time of collection (columns). Shading indicates the frequency of samples with data availability at the indicated visit. (B) 
Patient classification in PRO clusters according to the PRO survey scores (18). (C) Individual assay data were preprocessed and split into train and test 
cohorts by participant in an 80/20 split, maintaining the proportion of PRO cluster participants in each partition. (D) Preprocessed assay data and LC 
response outcomes for the train cohort were used to identify multiomics predictive factors with SPEAR. Factor scores were then calculated for the test 
cohort. (E) The performance of the multiomics predictive factors to classify patients according to the presence or absence of LC was assessed on the train 
cohort via cross-validation and then validated on the test cohort. The predictive factor scores were confirmed to be associated with LC after correcting 
for possible confounding variables. In-depth analysis of enriched biological pathways and significant analytes relevant for the prediction was performed. 
Factor scores were computed for the acute infection immune profiles, and association analysis with LC at these early time points was performed. See also 
Supplemental Figures 1 and 2.
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SPEAR performs internal significance testing to determine the 
importance of  each analyte in predicting the response variable. The 
SPEAR Physical model identified 26 analytes across 4 assays as 
significant in the recovery factor (SPEAR Bayesian posterior selec-
tion probability ≥0.95), and we assessed the associations of  these 
features with LC status in the test cohort, adjusting for age and sex 
(Figure 3B and Supplemental Figure 6E). Nine of  these 26 analytes 
were from the serum Olink assay. Of  these, DNER, a noncanonical 
Notch ligand implicated in promoting tumor growth, metastasis, 
and wound healing (43, 44), was significantly reduced in LC par-
ticipants, consistent with a prior study of  plasma proteins in LC 
(28). The remaining serum Olink analytes were negatively associat-
ed with the recovery factor. These included proteins and cytokines 
associated with chronic inflammatory conditions (45–50), particu-
larly endothelial/vascular inflammation (FGF23, FGF21, CXCL9, 
TNFRSF11B, and TNFRSF9 [CD137]), as well as inflamma-
tion-associated myeloid regulators (51–53) (MMP10 and CSF1). 
Elevated IL10RB levels have been associated with worse outcomes 
in acute SARS-CoV-2 infection (54), consistent with elevation 
under inflammatory conditions. Leucine-rich alpha-2 glycoprotein 
1 (LRG1), a protein elevated in participants with LC, is induced by 
IL-6 and other inflammatory cytokines and has been implicated 
in angiopathic activity (55–57). Phenylacetylglutamate and phe-
nylacetylglutamine are gut microbiota–derived metabolites associ-
ated with vascular inflammation and thrombosis (58). Finally, the 
OSBP2 transcript, which encodes an oxysterol binding protein (59), 
was also identified as a leading edge gene in the Hallmark Heme 
Metabolism gene set elevated in LC participants.

Several metabolites from the androgenic steroids pathway were 
represented in the 26 significant analytes and were positively associ-
ated with the recovery factor, indicating that higher levels correlate 
with better physical function. When these metabolites were tested 
individually for association with LC status, five [DHEA-S, epi-
androsterone sulfate, androsterone sulfate, 5α-androstan-3β,17β-di-
ol monosulfate (2), 5α-androstan-3β,17α-diol disulfate] were signifi-
cantly lower in LC participants, adjusting for age and sex (Figure 3B). 
Androgens can suppress inflammation (60), suggesting that higher 
levels of  androgenic steroids in MIN participants could reflect better 
control of  chronic inflammation. These findings are consistent with 
reports showing lower sex hormone levels in individuals with LC 
(31). Five metabolites related to pregnenolone were also represent-
ed in the significant SPEAR analytes (Figure 3B). Pregnenolone is 
synthesized from cholesterol as the first step of  the steroid hormone 
biosynthesis pathway and is known to have potent effects as an 
inhibitor of  inflammation (61) and as a neurosteroid (62). Altogeth-
er, these findings are consistent with a prominent role for persistent 
inflammation in LC with dysregulation of  key analytes that may 
contribute to LC symptoms, including those that drive angiopathy, 
reduce wound healing, and alter heme metabolism.

The feature sets from heme metabolism and androgenic ste-
roids identified by GSEA, combined with the significant SPEAR 
analytes, represent 73 unique features that potentially condense the 
predictive power of  the recovery factor into a smaller feature set. 
To test this hypothesis, we calculated the geometric mean of  the 
43 leading-edge heme metabolism and 12 androgenic steroid fea-
tures, as well as the 26 significant SPEAR analytes. All 3 geometric 
mean scores were significantly associated with LC in the test cohort 

nitive, SPEAR Mental, SPEAR Impact, SPEAR Dyspnea) or the 
binary LC labels assigned to each participant (SPEAR LC) as 
response variables (Supplemental Figure 3A). We trained mod-
els on these different response variables, since binary LC labels 
(presence or absence of  LC) per participant could omit valuable 
information captured by numeric PRO survey scores at each visit. 
Note that PRO survey scores were available for participants in all 
LC clinical PRO clusters, so each individual SPEAR model (e.g., 
SPEAR Physical) was trained using data from participants in all 
4 PRO clusters (MIN, PHY, COG, MLT) (18). The SPEAR Phys-
ical model performed best among all models trained on PRO sur-
vey scores (Supplemental Figure 3B) and outperformed the model 
trained on binary LC labels (Figure 2A). Additionally, all SPEAR 
models, obtained with the Multiomics Factor Analysis (MOFA) 
framework (42), outperformed equivalent models trained on unsu-
pervised multiomics factors, which do not consider a response 
variable during the factor construction step (Figure 2A and Supple-
mental Figure 3B). The SPEAR Physical model achieved an area 
under the receiver operating characteristic curve (AUROC) of  0.69 
for predicting LC presence or absence in the test cohort (Figure 
2B). The SPEAR Physical Factor, learned by the SPEAR physi-
cal model, was significantly associated with LC in the test cohort 
after correcting for sex and age (P = 0.00098, effect size 0.44), two 
variables previously associated with LC in our cohort (18) (Figure 
2C). Sparse lasso regression models to reconstruct SPEAR Physical 
factor scores utilizing all analytes included in the model or ana-
lytes from individual assays showed that the model that included all 
analytes best reconstructed the factor scores, indicating that factor 
scores captured contributions from multiple omics (Supplemental 
Figure 3C). The SPEAR Physical Factor scores were significant-
ly higher for participants in the MIN group compared with scores 
for the LC group, so we termed this factor the “recovery factor” 
(Figure 2C, Supplemental Figure 4, and Supplemental Figure 5). 
Recovery factor scores were significantly associated with PRO 
clusters (P = 0.0009); however, they showed a differential ability 
to identify individual LC deficit domains, with significant differ-
ences between MIN and COG (P = 0.0042, effect size 0.61) and 
MIN and MLT (P = 0.0018, effect size 0.60) PRO clusters, but not 
MIN and PHY clusters (P = 0.28, effect size 0.47) (Figure 2D and 
Supplemental Figure 5B). Taken together, the recovery factor is a 
multiomics model composed of  biologic analyte levels during the 
convalescent phase of  COVID-19 that distinguished MIN from LC 
over 12 months after hospital discharge in the IMPACC cohort.

Functional characterization of  the recovery factor. To characterize 
the biologic processes underlying the recovery factor, we performed 
gene set enrichment analysis (GSEA) for each of  the multiomics 
assays based on the SPEAR model’s internal ranking of  the rela-
tive importance of  each feature for predicting the PRO PROMIS 
Physical score. The hallmark heme metabolism transcriptomic 
pathway was negatively associated with the recovery factor, indicat-
ing upregulation in participants with LC, whereas the androgenic 
steroids metabolite set was positively associated with the recovery 
factor, indicating downregulation in participants with LC (Figure 
3A). Evaluated individually, several leading-edge analytes in the 
hallmark heme metabolism gene set and androgenic steroids sub-
pathway metabolite set showed significant associations with LC 
status (Supplemental Figure 6, A and B).
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talized and nonhospitalized participants with persisting symptoms 
1–3 months after acute SARS-CoV-2 infection had higher hallmark 
heme metabolism signatures than did participants without persist-
ing symptoms. In the study by Karisola et al. (63), which included 
only nonhospitalized patients with COVID-19, men with persist-
ing symptoms 3 months after acute SARS-CoV-2 infection had 
higher hallmark heme metabolism signatures than did men with-
out persisting symptoms. To determine whether the same heme 
metabolism–related genes were dysregulated in participants with 

(Figure 3C). Furthermore, the combined score, including analytes 
from all 3 feature sets, discriminates MIN and LC participants with 
even greater significance (Figure 3C). Thus, while the recovery fac-
tor consists of  weighted contributions from 6,807 features, we have 
identified a smaller set of  73 unique features that discriminates par-
ticipants according to LC status in the convalescent period.

Consistent with our finding, studies involving 2 separate 
cohorts have reported upregulation of  the hallmark heme metabo-
lism pathway in individuals with LC. In Hanson et al. (29), hospi-

Figure 2. Identification of a convalescent multiomics recovery factor that discriminates LC. (A) Predictive performance of a lasso model trained on the 
MOFA and SPEAR factors to discriminate LC versus MIN at the event level. The mean AUROC of a 10-fold cross-validation on the train cohort for 100 boot-
strapped model training repetitions is shown. Significance was calculated by standard normal approximation of bootstrapped differences between models 
(t test, adj. ****P ≤ 0.0001). CV, cross validation. (B) Predictive performance of the SPEAR Physical model to discriminate LC versus MIN on the test cohort. 
The ROC curve of model (solid line), random classifier (dashed line), and AUROC value are shown. TPR, true-positive rate; FPR, false-positive rate. (C) Recov-
ery factor scores for the test cohort of the MIN and LC groups at 3 months (visit 7), 6 months (visit 8), 9 months (visit 9), and 12 months (visit 10) after hos-
pital discharge. (D) Recovery factor scores of the individual PRO clusters by visit for the test cohort. P values in C and D show the significance of the recovery 
factor score association with MIN versus LC and pairwise PRO cluster combinations using a goodness-of-fit χ2 test. See also Supplemental Figure 3–5.
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LC in the IMPACC and external cohorts, we used the leading-edge 
genes from the significant hallmark heme metabolism pathway in 
our GSEA results (Supplemental Figure 6A) and calculated the 
geometric mean scores in whole blood transcriptomics profiles 
from Hanson et al. (29) and PBMC transcriptomics profiles from 
Karisola et al. (63). These heme metabolism leading-edge gene 
scores significantly differentiated participants with persistent 
symptoms from those with resolved symptoms in both cohorts, 
including both sexes (Supplemental Figure 6, C and D). The gener-
alization of  elevated expression of  this heme metabolism gene set 
in nonhospitalized and hospitalized patients with COVID-19 who 

experienced LC in 3 independent and varied cohorts underscores 
its centrality for LC pathology.

Prior studies have identified altered leukocyte frequencies as 
a feature of  LC (18, 26, 29, 31, 33). To determine whether similar 
cellular changes were associated with the recovery factor, we ana-
lyzed whole blood CyTOF cell frequencies for 15 parent and 46 
child immune cell types in our cohort during convalescence (Fig-
ure 3D). Several cell subsets were significantly associated with the 
recovery factor. B cells and CD161+ muc–osal-associated invariant 
T (MAIT) cells were positively associated with the recovery factor. 
In contrast, polymorphonuclear neutrophils (PMNs) and mono-

Figure 3. Heme metabolism and androgenic steroid pathways, inflammation-associated serum factors, and altered immune cell composition are asso-
ciated with the recovery factor during convalescence. (A) GSEA identified heme metabolism and androgenic steroid pathways as being significantly asso-
ciated with the recovery factor, with significance shown per assay, as well as across assays (joint adj. P < 0.05). (B) Twenty-six significant analytes (SPEAR 
Bayesian posterior selection probability ≥0.95) in the recovery factor across different assays (left) were identified using SPEAR factor loadings (middle; 
coefficient in the factor), and each was tested for association in the test cohort with MIN versus LC groups (right; adj. intercept P value). (C) Geometric 
means of analytes from the significantly enriched gene and metabolite sets and/or significant SPEAR analytes are shown per sample at each convalescent 
visit in the test cohort. The combined geometric mean score includes leading edge analytes from the hallmark heme metabolism and androgenic steroids 
pathways, and the significant SPEAR analytes. The P values indicate significance of the association with MIN versus LC. (D) Association in the full cohort 
of whole blood cell counts determined by CyTOF with the recovery factor for parent and child immune cell types. Mono, monocytes; B, B lymphocytes; CD4, 
CD4+ T lymphocytes; CD8, CD8+ T lymphocytes; CD27+ non-sM, CD27+ nonswitched memory; CD27+ sM, CD27+ switched memory. For a full list of the child 
populations, see Supplemental Table 3. (adj. *P < 0.05, adj. **P < 0.01, adj. ***P < 0.001). See also Supplemental Figure 6.
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cytes, specifically the CD14+CD16– classical monocyte subset, 
were negatively associated with the recovery factor. Together, these 
findings suggest that elevated monocytes and neutrophils, along 
with decreased B cells, are associated with prolonged inflamma-
tion during LC. These findings are consistent with a previous report 
that monocytes are elevated in men with LC (31). The decrease in 
MAIT cells could be another effect of  sustained inflammation, as 
reduced circulation of  MAIT cells has been associated with chronic 
HIV (64) and hepatitis C (65) infections.

The recovery factor is associated with clinical characteristics and multiple 
PROs in the convalescent period. We next evaluated whether the recov-
ery factor was associated with clinical features and additional clinical 
outcomes. We tested the association of  recovery factor scores with 
clinical features at hospital admission (visit 1), including demograph-
ics, comorbidities, complications, and baseline laboratory measure-
ments (Figure 4A). Several demographic and clinical measurements 
were significantly associated with recovery factor scores, including 
age, sex, length of  hospital stay, and the Sequential Organ Failure 
Assessment (SOFA) score. Notably, anemia at hospital discharge was 
negatively associated with the recovery factor, whereas hemoglobin 
(Hgb) and hematocrit baseline measurements showed a significant 
positive association (Figure 4A). We additionally conducted associ-
ation testing with PRO scores from surveys conducted during the 
same visit at which the recovery score was assessed in participants 
across the convalescent period, correcting for age and sex. The recov-
ery factor score was significantly associated in the test cohort with 
the PROMIS Physical score, on which the model was trained (Figure 
4B), and the EQ-5D-5L score, both of  which contained questions 
assessing physical function (Figure 4B). The recovery factor also 
correlated with PROMIS Mental and Psychosocial Impact scores, 
although these associations were not significant after P-value correc-
tion (Figure 4B). We also tested whether recovery factor scores asso-
ciated with reported clinical symptoms in the 7 days prior to each 
visit but found no significant association (Figure 4C).

There is a lack of  consensus about whether LC is associated 
with the severity of  acute disease. A previous analysis of  clinical 
features from the IMPACC cohort showed no association between 
acute infection severity, as assessed by clinical trajectory groups, 
and LC development (18). However, other studies have found an 
association (6). Thus, we sought to determine whether acute dis-
ease severity contributed to the association between recovery 
factor scores and LC status in our cohort. Clinical severity in the 
IMPACC cohort during the acute phase was defined by unsuper-
vised clustering of  the respiratory ordinal score over time, taking 
discharge status and limitations into account, with trajectory group 
1 (TG1) representing the mildest and TG4 the most severe disease 
course among participants who survived for at least 28 days after 
hospitalization (66). After correcting for acute phase trajectory 
group assignment, recovery factor scores remained significantly 
associated with LC at the first 3 convalescent time points (Figure 
4D), indicating that acute clinical severity does not contribute to the 
association between participant recovery factor scores in the conva-
lescent disease phase and LC status.

Sex affects recovery factor scores. LC occurs more frequently in wom-
en than men, despite a higher percentage of  men with severe acute 
COVID-19 disease (21, 67). In the IMPACC convalescent cohort, 
nearly half  of  the female participants presented with long-term defi-

cits compared with only approximately 30% of  male participants 
(Supplemental Figure 7A). Assignment to clinical LC subtypes was 
not influenced by sex, with similar proportions and numbers of  
male and female LC participants assigned to the COG, PHY, and 
MLT PRO clusters (Supplemental Figure 7A). However, consistent 
with the known influence of  sex on LC status, sex was a statistically 
significant covariate in the recovery factor association with LC sta-
tus from Figure 2C (P = 3.6 × 10–7) and with PRO clusters from Fig-
ure 2D (adjusted [adj.] P < 0.001 in all pairwise comparisons). Thus, 
we tested whether the recovery factor discriminates LC in both men 
and women by repeating our associations with LC status in the test 
cohort separated by sex. Recovery factor scores were significantly 
associated with the binary assignment to LC versus MIN groups in 
women but not in men after P value adjustment (Supplemental Fig-
ure 7B), although the trend of  lower scores in participants with LC 
persisted in men. When considering individual PRO groups, recov-
ery factor scores discriminated between MIN versus COG and MIN 
versus MLT groups for women and MIN versus MLT PRO groups 
for men (Supplemental Figure 7C). Given that the LC incidence is 
lower in men, it is notable that recovery factor scores were generally 
higher for men than for women, regardless of  LC status. Geometric 
mean scores of  the leading-edge analytes in the recovery factor from 
the heme metabolism and androgenic steroid pathways and the sig-
nificant SPEAR analytes lost significance in 1 or both sexes when 
the cohort was divided into men and women (Supplemental Figure 
7D). Notably, though, their combined score remained significantly 
associated with LC in both sexes (Supplemental Figure 7D).

Vaccination is not associated with altered recovery factor scores. Our 
cohort was enrolled prior to the national SARS-CoV-2 vaccine roll-
out for the general population. During the longitudinal post-hospi-
talization follow-up period, as vaccines became broadly available, 
close to 75% of  the participants in the IMPACC convalescent cohort 
received a SARS-CoV-2 vaccine (Supplemental Figure 8, A and B). 
To assess the potential influence of  the vaccine response on the 
immune profiling data and thus the recovery factor, we compared 
recovery factor scores per visit for events occurring before and after 
the first vaccine dose, as well as events occurring within a 3-week 
period after any vaccine dose, when vaccine responses have been 
shown to affect immune profiles (68, 69). No significant difference 
was found in recovery factor scores across these comparisons, indi-
cating a negligible effect of  vaccination on immune profiles related 
to LC in our patient cohort (Supplemental Figure 8, C and D).

Recovery factor scores during the acute disease phase associate with LC 
status during convalescence. We next investigated whether the immune 
elements identified in the recovery factor were predictive of  LC sta-
tus when measured at the acute infection phase, prior to LC devel-
opment. We computed recovery factor scores using immune pro-
filing data from all participants in the convalescent cohort during 
their acute phase visits (visits 1–6, spanning the hospital admission 
through days 26–35 after admission). Remarkably, the recovery fac-
tor scores were significantly higher for MIN participants than for 
LC participants as early as at hospital admission (visit 1) and con-
sistently higher during the acute period (Figure 5A and Supplemen-
tal Figure 9A). Recovery factor scores were also significantly higher 
for MIN groups than for COG groups and for MIN versus PHY 
groups in the acute phase when assessed across the 28-day time 
course (Figure 5B and Supplemental Figure 9B). Geometric mean 
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We further assessed whether altered circulating immune cell 
composition in the acute phase could contribute to acute phase 
recovery factor scores. Association testing of  recovery factor scores 
with whole blood CyTOF measurements during the acute phase 
showed that CD4+ and CD8+ T cells, conventional DCs (cDCs), 
plasmacytoid DCs (pDCs), eosinophils, basophils, and CD56hi 
CD16lo NK cells were significantly positively associated with the 

scores of  heme metabolism and androgenic steroid pathway ana-
lytes from the recovery factor, as well as the 26 significant SPEAR 
recovery factor analytes, were also significantly associated with LC 
status during the acute phase. The combined geometric mean score 
of  analytes from these 3 feature groups in the acute phase data asso-
ciated most significantly with MIN versus LC status (Figure 5C), as 
it did previously in the convalescent phase (Figure 3C).

Figure 4. Associations of clinical measurements with recovery factor scores. (A) Association of recovery factor scores with clinical features (demograph-
ics, comorbidities, complications, and baseline laboratory measurements). Dot plot shows the signed adjusted P values indicating the clinical feature term 
significance from a linear mixed-effects model, with enrollment site and participant as random effects to explain the convalescent phase recovery factor 
scores. Sex and discretized age were further adjusted as fixed effects for clinical features other than sex and age. Only significant associations (adj. P < 
0.05) are shown. (B) Associations of recovery factor scores with individual PRO survey scores (PROMIS scale scores, EQ-5D-5L and health score) in the test 
cohort. Raw and adjusted P values indicate the PRO score term significance in linear mixed-effects models. (C) Associations of recovery factor scores with 
each indicated symptom group in the test cohort: neurological, cardiopulmonary, upper respiratory, systemic, gastrointestinal. Numbers are the uncorrect-
ed significance (P values) of the symptom group term in linear mixed-effects models. (D) Recovery factor scores per participant in the test cohort, separat-
ed into MIN and LC groups by acute phase trajectory groups, stratified by visit. P values for B–D show the endpoint term of a linear mixed-effects model 
with sex, discretized admission age, and trajectory group as fixed effects and enrollment site as a random effect. No individual MIN versus LC comparisons 
were significant after P value correction.
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contrast, monocytes, neutrophils, B cells, and plasmablasts in the 
acute phase were negatively associated with recovery factor scores 
(Figure 5D). These findings are consistent with a previous study 
that found higher plasmablast counts and lower total CD4+ T, total 
CD8+ T, CD4+ Tem, CD8+ Tem, Treg, NK, and DC counts in 
immune cell populations sampled on post-infection days 0–14 in 
patients with COVID-19 who experienced persisting symptoms at 

recovery factor scores (Figure 5D). Within– the CD4+ T cell com-
partment, naive, central memory T (Tcm), and effector memory T 
(Tem) subsets, as well as non-naive Tregs were significantly asso-
ciated with recovery factor scores, while activated CD4+ T cells 
were inversely correlated. Within the CD8+ T cell compartment, 
naive, Tcm, and Tem subsets were positively associated with recov-
ery factor scores, as were NKT cells and CD161+ MAIT cells. In 

Figure 5. Recovery factor scores in acute phase data associate with eventual LC status. (A) Recovery factor scores during the acute disease phase for 
participants in the LC and MIN groups within 72 hours of hospital admission (visit 1) and at day 4 (visit 2), day 7 (visit 3), day 14 (visit 4), day 21 (visit 5), and 
day 28 (visit 6) after admission. (B) Recovery factor scores during the acute disease phase for participants in individual PRO clusters. (C) Geometric mean 
scores of analytes in enriched gene and metabolic sets and/or significant SPEAR analytes during the acute phase. No individual per-visit comparisons 
were significant after P value correction. P values in the top-right box in A–C show the significance of the recovery factor score or the geometric mean 
signature association with MIN versus LC or pairwise PRO cluster combinations. Bars above the box plots show the pairwise significance across groups in 
a per-visit comparison (*P < 0.05 and **P < 0.01). (D) Recovery factor score association with whole blood CyTOF immune cell populations during the acute 
phase (adj. *P < 0.05, adj. **P < 0.01, adj. ***P < 0.001). See also Supplemental Figure 9.
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Discussion
In this study, we applied supervised multiomics integration meth-
ods to identify biologic features associated with LC in 513 par-
ticipants from the IMPACC cohort. We took advantage of  data 
availability from this cohort that was followed longitudinally after 
hospitalization for  COVID-19 through 28 days of  the acute dis-
ease phase and up to 1 year after discharge (18, 66). The IMPACC 
cohort is unique in its comprehensive inclusion of  clinical data, bio-
specimens, and quarterly PRO surveys, combined with multiomics 
immunophenotyping at multiple time points throughout the acute 
and convalescent disease phases. A previous study of  this cohort 
identified demographic and clinical risk factors associated with LC 
development, including female sex, comorbidities such as chronic 
heart, lung, and neurologic diseases, and a longer hospital stay (18). 
Here, we analyzed biologic data collected during the convalescent 
phase, which allowed us to identify a multiomics recovery factor 
capable of  discriminating participants who recovered with minimal 
deficits from those who experienced clinical LC symptoms. Nota-
bly, we found that as early as 72 hours after hospital admission for 
COVID-19, recovery factor scores predict which patients, irrespec-
tive of  their acute disease severity, will go on to experience LC. Bio-
logic features associated with the recovery factor score indicate that 
reduced androgenic steroid levels, increased heme metabolism sig-
natures, and persistent elevation of  inflammation-associated serum 
proteins are hallmarks of  LC that both identify individuals with 
LC during convalescence and predict which patients with acute 
COVID-19 will experience LC.

Increased levels of  androgenic steroids in serum were positively 
associated with recovery factor scores and with participants who did 
not experience LC. Seven of  the 12 leading-edge androgenic steroid 
metabolites were also included within the list of  26 analytes that 
were statistically significant within the recovery factor. Limited stud-
ies have elucidated the role of  reduced androgenic steroids in LC, 
but, in agreement with our findings, lower testosterone levels have 
been associated with increased LC symptomatology in both men 
and women (31). Several intermediate metabolites in the canoni-
cal steroid hormone biosynthesis pathway were associated with the 
recovery factor and were decreased in participants with LC, includ-
ing sulfated forms of  testosterone precursors (pregnenolone and 
DHEA) and downstream metabolites (androsterone, epiandroste-
rone, and 5α-androstan-3β,17β-diol). DHEA-S, a leading-edge gene 
in the androgenic steroid pathway and a significant analyte in the 
recovery factor, exhibits immunosuppressive and antiinflammatory 
effects, particularly in neuroinflammation (70). In addition, testos-
terone can play an immunomodulatory role and is often reduced 
in patients with other critical illnesses (71). Thus, lower androgenic 
steroid levels may contribute to persistent inflammation in LC.

The list of  top androgenic steroid metabolites in the recovery 
factor overlaps with the androgenic steroid signature from an all- 
female cohort of  healthy controls compared with myalgic enceph-
alomyelitis/chronic fatigue syndrome (ME/CFS) patients (72). All 
6 androgenic steroid metabolites that were significantly elevated in 
healthy controls in the ME/CFS study [DHEA-S, androstenedi-
ol (3α,17α) monosulfate (2), androstenediol (3β,17β) disulfate (2), 
5α-androstan-3β,17α-diol disulfate, androsterone sulfate, epiandros-
terone sulfate] (72) were also part of  the 26 significant SPEAR ana-
lytes, strongly implicating this signature in the shared symptomolo-

days 91–180 after infection (29). The similarities across both studies 
indicate an acute blood immune cell type signature of  LC that is 
robust to variance in patient cohorts and LC definition.

In summary, our findings indicate that the major biologic sig-
natures of  the recovery factor that stratify LC from recovered par-
ticipants in the convalescent phase — elevated heme metabolism 
gene signatures, reduced androgenic steroids, increased circulating 
inflammatory mediators, and increased monocytes and neutrophils 
— are evident early in the acute phase.

Acute phase recovery factor scores distinguish acute disease severities 
and predict LC risk irrespective of  acute severity. We investigated the 
full IMPACC study cohort (n = 1,148 participants with at least 1 
sample measurement at visit 1 for the omics modalities included 
in our model) to assess whether recovery factor scores determined 
from acute phase data would associate with patient severity tra-
jectory group assignments. For this analysis, we included partici-
pants who did not survive beyond 28 days after hospital admission 
and participants without biospecimens and/or surveys during the 
convalescent phase. We found that the recovery factor scores were 
significantly associated longitudinally with acute disease trajec-
tory groups and were highest in participants with milder disease 
courses (TG1–TG3), and were lowest in participants with the 
most severe acute disease trajectories (TG4 and TG5) (Figure 6A). 
Acute phase recovery factor scores increased over time for partici-
pants in all trajectory groups except TG5, the group with the most 
severe disease, in which participants died by day 28 after hospital 
admission (Figure 6A). To assess whether the association between 
acute recovery factor scores and convalescent LC status was sim-
ply due to acute recovery factor scores being an indicator of  acute 
disease severity, we repeated the association test, including the tra-
jectory group as a covariate at each visit (Figure 6B) and longitu-
dinally (Supplemental Figure 9C). LC status was still significantly 
associated with acute recovery factor scores, even after taking the 
trajectory group into account. These findings suggest that recov-
ery factor scores in the acute phase contain valuable information 
for predicting convalescent LC status beyond its correlation with 
acute disease severity.

Machine learning models based on the recovery factor scores predict 
LC status during the convalescent phase. We next assessed whether a 
combination of  recovery factor scores and clinical characteristics 
(Supplemental Figure 10) could improve predictive performance. 
Machine learning models trained on acute phase recovery factor 
scores performed better than those trained on clinical features, and 
a model trained on the combination of  both performed best (Sup-
plemental Figure 11A). Similarly, machine learning models trained 
on both convalescent phase recovery factor scores and clinical fea-
tures performed better than models trained on either alone (Supple-
mental Figure 11B). A model trained on the 26 SPEAR significant 
analytes was also predictive for LC, although at lower performance 
than models trained on the full recovery factor (Supplemental Fig-
ure 11B). This sparse model could be advantageous in a clinical 
setting as a diagnostic tool to identify individuals with LC. Nota-
bly, recovery factor scores at as early as visit 1 provided predictive 
performance (Supplemental Figure 11C), indicating that the recov-
ery factor captures early predictive features of  LC during the acute 
phase, albeit the signal at this early time point is not as strongly 
predictive as later in the convalescent phase.
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pants with LC during the convalescent period. As with androgenic 
steroids, the leading-edge genes of  the heme metabolism pathway 
were also expressed at higher levels during acute COVID-19 in par-
ticipants who would later experience LC. Notably, overexpression 
of  a heme metabolism signature in blood was recently reported in a 
separate cohort of  102 participants, including nonhospitalized and 
hospitalized patients with COVID-19 evaluated 1–3 months after 
infection (29), as well as in a cohort of  nonhospitalized patients 
with COVID-19 (63), demonstrating that elevated heme metabo-
lism is a common signature of  LC across patients with diverse acute 
COVID-19 disease severities. In Hanson et al. (29), elevated heme 

gy, such as fatigue, postexertional malaise, and sleep disturbances, 
between ME/CFS and LC (73). In our study, a geometric mean 
score consisting of  leading-edge metabolites from the androgen-
ic steroids pathway significantly differentiated MIN versus LC in 
the entire cohort (Figure 3C and Figure 5C). Although ME/CFS 
criteria were not evaluated in our cohort, in part because similari-
ties between LC and ME/CFS were not evident in 2020 when the 
cohort was enrolled, future studies could investigate whether fea-
tures of  the recovery factor are predictive for ME/CFS. The heme 
metabolism transcriptional signature in PBMCs was inversely asso-
ciated with the recovery factor, such that it was elevated in partici-

Figure 6. Recovery factor scores associate with acute disease phase trajectory groups, but identify LC irrespective of acute severity. (A) Longitudinal 
analysis of acute recovery factor scores for the full IMPACC cohort stratified by trajectory group (n = 1,148 participants). The P value shows the signifi-
cance of the trajectory group term in a longitudinal model, correcting for age and sex as fixed effects and enrollment site and participant ID as random 
effects. (B) Recovery factor scores in the acute phase by convalescent MIN/LC label, stratified by acute trajectory group and visit number. P values show 
significance in distinguishing MIN versus LC labels in linear mixed models with sex, discretized admission age, and trajectory group as fixed effects and 
enrollment site and participant ID as random effects, performed separately for each acute visit and corrected across all visits.
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and CD14+CD16– classical monocyte frequencies were negatively 
associated with the recovery factor. CD14+ monocytes can induce 
CD8+ T cells to produce high levels of  IFN-γ in patients with LC 
(78). The consistent association of  classical monocytes with low 
recovery factor scores suggests that they contributed to inflamma-
tion starting in the acute disease phase and continuing into con-
valescence in participants who experienced LC. In contrast, the B 
cell population was negatively associated with the recovery factor 
during acute disease, but positively associated during convales-
cence. A prior study with limited participants reported successful 
treatment of  LC with intravenous IgG (IVIG) administration (79), 
suggesting that restoring homeostasis of  B cells and subsequent IgG 
production should be evaluated for treating LC. An ongoing clinical 
trial assessing IVIG for the treatment of  neurological LC (Clinical
Trials.gov, NCT05350774) will provide further insights. Our data on 
immune cell frequencies in the recovery factor agree with several 
previous reports of  individuals with LC. The positive association 
of  CD4+ and CD8+ T cells, pDCs, and cDCs with the recovery fac-
tor during acute disease, with a negative association of  monocytes, 
neutrophils, and B cells, indicates reduced T cell immunity relative 
to inflammatory innate immunity in individuals susceptible to LC. 
This finding is in keeping with the cellular trends observed by Han-
son et al. in acute disease (29), and in men during convalescence by 
Silva and colleagues (31). Consistent with the findings of  Klein et 
al. (26), we did not find significant associations of  the recovery score 
with naive CD4+ or naive CD8+ T cells in the convalescent phase of  
COVID-19. Although whole blood single-cell RNA-Seq data were 
not available for this cohort, transcriptomics profiles of  individual 
cell subsets, such as monocytes and neutrophils, could provide fur-
ther insight into the pathways by which they contribute to LC.

A previous study from IMPACC identified a “severity factor” 
that significantly associated with clinical outcomes during acute 
COVID-19 (39). Given that both the severity factor and the recov-
ery factor are associated with inflammatory signatures during acute 
COVID-19, we compared immune cell types associated with the 
recovery factor with those associated with the severity factor at 
this stage of  disease. There were notable similarities: for example, 
monocytes, B cells, and neutrophils are negatively associated with 
the recovery factor and positively associated with the severity factor. 
Likewise, CD4+ and CD8+ T cells are positively associated with the 
recovery factor and negatively associated with the severity factor. 
These cellular associations suggest that inefficient adaptive immuni-
ty during acute disease, with elevated frequencies of  inflammatory 
innate cells, contributes to LC susceptibility. This model is consis-
tent with our past (18) and current findings in the IMPACC cohort 
that reduced anti–SARS-CoV-2 antibody levels and increased viral 
titers in patients within the first 72 hours of  hospital admission 
were associated with participants who would go on to experience 
LC (Supplemental Figure 10, B and C). These findings are also 
consistent with other reports showing that hospitalized patients are 
more susceptible to LC than are nonhospitalized individuals (14, 
80). Nonetheless, our recovery factor predicts which patients will 
experience LC irrespective of  acute disease severity, indicating that 
the model has learned features of  COVID-19 beyond inflammation 
that are associated with COVID-19 severity.

Although symptom groups, such as respiratory symptoms, 
were found to be significantly associated with LC in this cohort 

metabolism was related to stress erythropoiesis induced by inflam-
mation-associated anemia driven by IL-6–mediated hepcidin upreg-
ulation (29, 74). Participants who experienced LC had reduced iron 
and Hgb 2 weeks to 1 month after SARS-CoV-2 infection. This 
iron restriction was proposed not only to induce anemia, but also 
to impair lymphocyte function, which could delay the resolution 
of  acute infection, resulting in sustained inflammation and thus 
persistent anemia that may partially explain the systemic symp-
tomatology of  acute COVID-19 and LC. Anemia of  inflammation, 
also known as anemia of  chronic disease, is a common complica-
tion associated with chronic inflammatory illnesses as well as ICU 
admission (75). In our study, anemia at hospital discharge was sig-
nificantly negatively associated with the recovery factor, consistent 
with the prior finding that anemia as a complication was associat-
ed with LC (18). Moreover, Hgb and hematocrit measurements at 
hospitalization showed a significant positive association with the 
recovery factor (Figure 4A). Notably, expression levels of  the lead-
ing-edge heme metabolism genes we identified in our study could 
also predict LC participants in the 2 independent cohorts discussed 
above (29, 63), validating the relevance of  the heme metabolism sig-
nature identified in the recovery factor, and demonstrating its ability 
to predict which patients will experience LC as early as the acute 
phase of  COVID-19. Anemia status prior to infection was not avail-
able for the IMPACC cohort, nor was it assessed in the 2 cohorts in 
which we validated our heme metabolism signature (29, 63). Inter-
estingly, an assessment of  LC and preexisting comorbidities, identi-
fied by self-reporting questionnaires, found that preexisting anemia 
was associated with a decreased risk of  developing LC (76). This 
finding is consistent with a model in which SARS-CoV-2 infection 
drives the inflammation that induces the anemia associated with 
LC. However, future studies are needed to evaluate whether preex-
isting anemia is a risk or protective factor for LC.

We also found evidence of  persistent inflammation in partic-
ipants with LC. Inflammation-associated serum factors, such as 
CXCL9, CSF1, and FGF21, were identified by SPEAR as signif-
icant analytes in the recovery factor, however, they did not reach 
significance when associated individually with LC status. Of  note, 
FGF21 levels measured in the acute phase were previously associ-
ated with cognitive and multidomain deficit PRO clusters relative 
to MIN in this cohort (18), and FGF21 has been proposed as a 
biomarker for chronic inflammation in ME/CFS (77), a complex 
chronic disease that overlaps clinically with LC. Furthermore, 
LRG1, which is activated by the inflammatory IL-6/STAT3 path-
way, is significantly elevated in participants with LC and possibly 
contributes to vascular pathology in LC (55–57). Although IL-6 
did not reach significance in the SPEAR factor (SPEAR Bayesian 
posterior selection probability = 0.86), it was within the top 50 ana-
lytes, perhaps promoting anemia and increased heme metabolism 
signatures, as discussed above. Also, recovered participants demon-
strated elevated levels of  the tissue repair protein DNER, consistent 
with other cohorts (28). Together, these findings point to inefficient 
tissue repair, as well as persistent inflammation, inducing anemia 
and stress erythropoiesis, as key drivers of  LC.

Across all time points, several immune cell subsets were con-
sistently associated with the recovery factor. In both the acute and 
convalescent phases, CD161+ MAIT cell frequencies were positive-
ly associated with the recovery factor, while monocyte, neutrophil, 
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independent cohorts suggests that the molecular signatures of  LC 
identified in our hospitalized cohort likely extend to nonhospital-
ized and asymptomatic SARS-CoV-2–infected individuals.

Despite these limitations, the study possesses multiple strengths. 
In addition to the prospective design, with acute and convalescent 
longitudinal multiomics profiling, enrollment through multiple 
sites across the United States enhances the broad representation of  
the cohort and mitigates potential participant recruitment biases, 
contributing to the robustness of  the findings.

In conclusion, supervised multiomics factor construction of  
immune profiling data from SARS-CoV-2–infected participants 
who recovered with minimal deficits or experienced LC indicates 
that peripheral blood leukocytes and serum factors associated with 
inflammation, reduced androgenic steroids, and elevated heme 
metabolism signatures predict which participants will experience 
LC, irrespective of  acute disease severity. Moreover, these signatures 
are maintained into convalescence, indicating that persistent inflam-
mation driving anemia is likely a key contributor to LC. Further 
studies will be needed to determine why inflammation persists in 
some patients with COVID-19. We did not assess persistent SARS-
CoV-2 viral loads or viral reactivation; however, a recent IMPACC 
study (84) suggests that latent virus reactivation may contribute to 
LC, consistent with other studies (26, 30, 31). Altogether, our data, 
paired with prior congruent reports, suggest that impaired lym-
phocyte function early in COVID-19 reduces cellular and humoral 
adaptive immunity and contributes to high SARS-CoV-2 viral loads. 
Elevated viral loads can trigger innate immune cell responses that 
increase inflammatory cytokines, driving inflammation-associat-
ed anemia that further reduces lymphocyte function, which could 
enable reactivation of  latent viruses. Such unresolved persistent 
inflammation likely leads to LC pathology. Strategies to break the 
cycle of  inflammation and correct the inflammation-associated ane-
mia may promote recovery from LC and merit further investigation.

Methods
Sex as a biological variable. Our study examined male and female par-

ticipants. The cohort included 310 (60%) men and 213 (40%) women. 

Female sex was negatively associated with the recovery factor, in line 

with a higher proportion of  women experiencing LC. To control for this 

imbalance, sex and age were used as covariates in statistical testing to 

identify robust trends for both sexes unless otherwise stated.

Study design. The IMPACC Cohort consists of  1,164 patients hos-

pitalized with COVID-19 from 20 US hospitals (15 academic institu-

tions), enrolled within 72 hours of  admission between May 2020 and 

March 2021. Participants with confirmed positive SARS-CoV-2 PCRs 

were followed during the acute infection phase (1–28 days after admis-

sion) and the convalescent phase (3–12 months after discharge). Clin-

ical data (e.g., hospital stay, comorbidities, complications, mortality) 

and biological samples were collected during the acute phase, whereas 

standardized PRO surveys were assessed quarterly over the convales-

cent phase (18, 37, 38). Six validated surveys, including the PROMIS 

physical function, cognitive function, global mental health, psychoso-

cial illness impact, and dyspnea time extension (80, 81) and the EQ-5D-

5L (82) were used to evaluate general health and deficits in specific 

domains. Also, overall health recovery scores compared post-discharge 

function with pre-infection status (18). Full study design details are 

available in the Supplemental Methods.

(18), the multiomics recovery factor does not associate with a par-
ticular clinical symptom group. Instead, it captures biomarkers pre-
dictive of  global physical deficits, as reported by patients after acute 
COVID-19. While assessing the entire multiomics SPEAR factor 
in convalescent patients is impractical, our findings indicate that 
assessing the 26 significant SPEAR analytes would aid in LC diag-
noses (Supplemental Figure 11B). Future studies with even larger 
datasets would be needed to identify the LC mechanisms specific 
for distinct endotypes of  disease.

This study has several limitations. The reliance on self-re-
ported survey data to identify symptoms and classify participants 
into MIN/LC and individual PRO clusters may have introduced 
potential biases. To address this, population-normalized PRO sur-
vey scores were utilized (81–83), and comparisons were made with 
pre-illness health status when possible. Additionally, our study was 
designed early in the pandemic (March 2020), before the full spec-
trum of  LC symptoms was characterized, and thus the surveys did 
not capture current commonly recognized manifestations such as 
brain fog, fatigue, sleep disturbances, neuropathy, and dysautono-
mia. Patients were also not evaluated clinically for pain, sensory 
sensitivity, or other clinical features of  chronic disease during con-
valescence, when surveys were instead administered, so we cannot 
determine if  the recovery factor correlates with clinical features of  
chronic disease. Self-selection bias may also be present, as patients 
with severe LC symptoms might have been less likely to respond 
to the surveys. As the study cohort was recruited during the early 
phases of  the pandemic (May 2020 through March 2021), it con-
sists of  individuals infected only with the original SARS-CoV-2 
strain and does not include data on subsequent variants of  concern; 
however, we note that the recovery factor heme metabolism signa-
ture identified LC patients in a cohort infected with the Omicron 
variant (63) (Supplemental Figure 6D). Vaccination data were self- 
reported and limited to the post–acute phase, since enrollment was 
largely completed prior to vaccine rollout, and exact vaccination 
dates were unavailable for some participants. Furthermore, as part 
of  the study design, all participants in the IMPACC cohort were 
hospitalized for COVID-19. Consequently, the multiomics factors 
were constructed without incorporating profiles from patients with 
COVID-19 with mild disease, potentially introducing a bias toward 
those with severe disease. Nonetheless, we note that participants 
who recovered after hospitalization without experiencing LC (MIN 
group) had a median Physical PRO score that was slightly better 
(>50) than the overall population norm (Supplemental Figure 3A), 
indicating that the severe nature of  disease experienced by this hos-
pitalized cohort did not bias health in the convalescent period to 
worse than population norms. We are not aware of  a dataset from 
a nonhospitalized or asymptomatic cohort with the same depth of  
OMICs measurements needed to reconstruct the entire recovery 
factor to test if  predictive power is maintained in nonhospitalized 
cohorts. However, we validated that elevated heme metabolism 
scores, a key biologic pathway in the recovery factor, were associat-
ed with LC in a cohort that included hospitalized and nonhospital-
ized patients with COVID-19 (29), as well as in a cohort consisting 
of  nonhospitalized patients with COVID-19 (63). While it remains 
possible that biologic signatures of  LC exclusive to COVID-19 
patients with mild acute disease may not be included in the recov-
ery factor, validation of  the heme metabolism signature in these 
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