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Iron dysregulation and inflammatory stress 
erythropoiesis associates with long-term 
outcome of COVID-19

Aimee L. Hanson    1,2, Matthew P. Mulè1,2,3, Hélène Ruffieux    4, 
Federica Mescia    1,2, Laura Bergamaschi1,2, Victoria S. Pelly1,2, Lorinda Turner1,2, 
Prasanti Kotagiri1,2, Cambridge Institute of Therapeutic Immunology and 
Infectious Disease–National Institute for Health Research (CITIID–NIHR) COVID 
BioResource Collaboration*, Berthold Göttgens    5, Christoph Hess    1,2,6,7, 
Nicholas Gleadall8,9, John R. Bradley2,10,11, James A. Nathan    1,2, 
Paul A. Lyons    1,2, Hal Drakesmith    12 & Kenneth G. C. Smith    1,2,13,14 

Persistent symptoms following SARS-CoV-2 infection are increasingly 
reported, although the drivers of post-acute sequelae (PASC) of COVID-19 
are unclear. Here we assessed 214 individuals infected with SARS-CoV-2, 
with varying disease severity, for one year from COVID-19 symptom onset to 
determine the early correlates of PASC. A multivariate signature detected 
beyond two weeks of disease, encompassing unresolving inflammation, 
anemia, low serum iron, altered iron-homeostasis gene expression and 
emerging stress erythropoiesis; differentiated those who reported 
PASC months later, irrespective of COVID-19 severity. A whole-blood 
heme-metabolism signature, enriched in hospitalized patients at month 
1–3 post onset, coincided with pronounced iron-deficient reticulocytosis. 
Lymphopenia and low numbers of dendritic cells persisted in those with 
PASC, and single-cell analysis reported iron maldistribution, suggesting 
monocyte iron loading and increased iron demand in proliferating 
lymphocytes. Thus, defects in iron homeostasis, dysregulated 
erythropoiesis and immune dysfunction due to COVID-19 possibly 
contribute to inefficient oxygen transport, inflammatory disequilibrium and 
p er si st ing s ym pt om at ology, and may be therapeutically tractable.

Prolonged ill health following severe acute respiratory syndrome  
coronavirus 2 (SARS-CoV-2) infection, often termed post-acute seque-
lae of Coronavirus Disease 2019 (COVID-19; PASC) or ‘long COVID’, is 
defined as the unexplained continuation or development of symp-
toms ≥3 months from COVID-19 onset1. PASC is clinically complex, 
comprising a spectrum of often nonspecific symptomatology and is 
placing increasing demands on health resources worldwide2,3. Although 
estimates vary, up to 30% of all individuals infected with SARS-CoV-2, 

and up to 80% of those discharged from hospital, report ongoing 
symptoms in the 3–6 months following virus exposure, including 
breathing difficulties, fatigue/malaise, muscle weakness, chest/throat 
pain, headache, abdominal symptoms, myalgia, cognitive symptoms 
and anxiety/depression3–5. Although most frequent following severe 
disease, nonhospitalized individuals infected with SARS-CoV-2 also  
show an increased likelihood of poor health outcomes at 6 months 
post infection2.
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(Fig. 1e and Supplementary Fig. 2). High CD27+CD38hi plasmablast 
counts were detected up to and beyond day 90 in all groups (Fig. 1d). 
Elevated counts of central memory CD45RAloCCR7+CD8+ T cells (CD8+ 
TCM cells) were most notable in groups A and B, persisting to day 180 
and day 90, respectively (Fig. 1d). An increased ratio of activated/naive 
CD4+ T cells and CD8+ T cells remained pronounced in group E until day 
360 (Fig. 1f). Collectively, longitudinal immune-cell profiling indicated 
prolonged immunological disruption (most pronounced in groups 
C–E) following moderate–severe COVID-19.

Effect of inflammatory anemia on stress erythropoiesis post 
COVID-19
Inflammation and disrupted iron homeostasis occurs in hospitalized 
patients with COVID-19 (refs. 21–24). The levels of C-reactive protein 
(CRP) as well as cytokines such as interleukin (IL)-6, IL-10, IL-1ß and 
tumor-necrosis factor (TNF)-α, which were increased at day 0–14 in the 
serum of group C–E compared with HCs, resolved slowly over a period 
of months to a year, with elevated serum concentrations of some inflam-
matory cytokines, most markedly IL-6, still detectable at day 271–360 
post onset (Fig. 2a and Supplementary Fig. 3). The iron-regulating hor-
mone hepcidin (induced by IL-6)25 blocks the release of iron from cells, 
particularly from erythrophagocytic macrophages, through direct 
binding and degradation of the cellular iron exporter ferroportin26. 
Hepcidin was elevated in the serum of groups C–E at day 0–14 compared 
with the HCs (Fig. 2a), and elevated serum concentrations of the iron 
storage protein ferritin were seen up to days 30, 90 and 180 for groups 
C, D and E, respectively (Fig. 2a), suggesting ongoing inflammation 
and increased cellular iron retention. In contrast, the levels of iron, 
the iron transport protein transferrin and transferrin iron saturation 
(TSAT; the ratio of serum iron to the blood’s total iron binding capac-
ity) were markedly reduced in the serum of groups C–E at day 0–14 
compared with HCs, and serum iron and TSAT remained significantly 
lower in group E at day 181–270 post onset (Fig. 2a,b and Supplementary  
Fig. 3). There was little evidence of systemic inflammation or associated 
disruptions to the iron levels of groups A and B (Fig. 2a).

Low iron in combination with increased ferritin and hepcidin in the 
serum is a characteristic of inflammatory anemia27,28, which is associ-
ated with dysregulated iron trafficking and disrupted erythropoiesis in 
the context of systemic inflammation. Groups C and D showed declin-
ing concentrations of hemoglobin in the blood relative to HCs for the 
first 30 days post onset, with hemoglobin levels continuing to decline 
to day 30–90 for group E (Fig. 2a,c). In addition, the serum levels of the 
erythropoiesis stimulating hormone erythropoietin (EPO), which is 
induced by low blood oxygen levels but suppressed by inflammation29, 
showed a delayed increase from HC levels, with concentrations peaking 
at day 15–30 in group E and day 31–90 in groups C and D (Fig. 2a and 
Supplementary Fig. 3). The four patients in group E who died between 
day 91 and 180 had the lowest hemoglobin concentrations of all 24 
patients profiled at this time (Fig. 2c; mean = 81.5 g l−1), which suggests 
an association between unresolved anemia and COVID-19 severity. Col-
lectively, iron starvation of erythroid cells following inflammatory iron 
sequestration may compromise the homeostatic response to anemia 
in moderate–severe COVID-19.

To investigate the effect of altered iron availability on long-term 
erythropoiesis, we assessed several hematological parameters in 
groups A–E across days 0–14, 15–30, 31–90 and 90–180 post onset. 
Reticulocyte counts, which reflect the production of new erythrocytes, 
were low across all groups (significantly lower for groups B, D and E) at 
day 0–14 compared with HCs (Fig. 2a,d). A subsequent steep increase 
in the reticulocyte count and immature reticulocyte fraction (IRF; the 
fraction of immature reticulocytes in total reticulocytes) resulted in a 
peak in reticulocyte counts above HC at day 31–90 in groups C, D and 
E (Fig. 2a,d). Reticulocyte counts in groups A and B resolved HC levels 
by day 15–30. Total red blood cells remained depleted in group E up 
to day 91–180 (Fig. 2a,d and Supplementary Fig. 4). The reticulocyte 

PASC has been associated with features of acute COVID-19  
(refs. 6–8)—including the efficacy of the innate antiviral response—
implying that poor viral control perpetuating ongoing inflammation, 
acute respiratory distress and end-organ damage may predispose 
individuals to ongoing symptomatology. Various predictors of PASC 
have been suggested, including female sex7,9–12, increased viral load at 
presentation10, lower peak SARS-CoV-2 antibody titers6,7, increased 
duration of hospital stay13 and reactivation of latent Epstein–Barr 
virus infection14,15. Immune changes persisting for months following 
COVID-19 have also been detected16–19, although it is unclear whether 
these drive PASC or are independently reflective of acute disease sever-
ity. Immune abnormalities persist for up to 2 months from COVID-19 
symptom onset in patients who require intensive care admission20, yet 
longitudinal studies assessing biological and clinical features of COVID-
19, with dense repeated sampling from the same individuals spanning 
acute infection to long-term recovery, are lacking. Such datasets are 
required to investigate prolonged symptoms in the context of the full 
disease trajectory and identify early correlates of poor outcome.

Here we present an extended longitudinal characterization of 
214 SARS-CoV-2-infected individuals, from asymptomatic to requir-
ing ventilation, who were followed for up to one year from the first 
SARS-CoV-2-positive swab or symptom onset. Combined analysis 
of longitudinal immunological, hematological, transcriptomic and 
clinical data indicated inflammation-driven iron dysregulation that per-
sisted beyond 2 weeks in patients who were hospitalized with COVID-19 
and which had apparent physiological repercussions for erythropoiesis 
and iron homeostasis months after infection. With integrated assess-
ment of patient-reported PASC symptoms, we show that this signature 
of slow-resolving inflammation, iron dysregulation and ineffective 
compensatory stress erythropoiesis was a strong early correlate of 
PASC more than 3 months later.

Results
Immune-cell abnormalities persist following COVID-19
A total of 214 individuals PCR-positive for SARS-CoV-2 (enrolled before 
August 2020) were classified into five groups on the basis of peak 
COVID-19 severity as follows (M, male; F, female; age, median (range)): 
asymptomatic (group A; n = 18 (3 M and 15 F); 28 (20–71) yr), mild symp-
tomatic (group B; n = 40 (9 M and 31 F); 31 (19–58) yr), moderate without 
supplemental oxygen requirement (group C; n = 48 (25 M and 23 F); 
59.5 (17–87) yr), moderate with supplemental oxygen given as maximal 
respiratory support (group D; n = 39 (25 M and 14 F); 65 (35–87) yr) 
and severe with assisted ventilation (group E; n = 69 (52 M and 17 F); 
56 (25–89) yr; Fig. 1a–c and Supplementary Table 1). All individuals in 
groups C–E were hospitalized and those in groups A and B were not. 
Matched blood, plasma and serum samples were collected at various 
time points up to day 352 post symptom onset or post the first positive 
swab for group A (hereafter post onset) and analyzed in batches that 
grouped samples collected in six discrete time windows (days 0–14, 
15–30, 31–90, 91–180 and 181–360 post onset; Supplementary Fig. 1).  
Healthy controls (HCs) with negative SARS-CoV-2 serology (n = 45  
(25 M and 20 F); 40 (19–73) yr) and historical HC samples that had been 
stored before November 2019 (n  = 28 (14 M and 14 F); 62 (22–80) yr) 
were used as a reference in severity group analyses (Fig. 1a–c). The 
patients in groups C–E were older than those in the A, B and HC groups, 
and more frequently men.

To characterize immunological recovery from COVID-19, changes 
in the absolute number of isolated peripheral blood mononuclear cell 
(PBMC) subpopulations were assessed for groups A–E relative to the 
HCs for each time window, with age and sex correction (Fig. 1d and 
Supplementary Fig. 2). The early T and B cell lymphopenia detected 
in groups C–E at day 0–14 post onset was resolved by day 15–30 in 
group C but delayed in groups D and E (Fig. 1d). Absolute numbers of 
mucosal-associated invariant T (MAIT), Vγ9Vδ2hi T and plasmacytoid 
dendritic (pDCs) cells in groups D and E remained low beyond day 90 
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hemoglobin and mean corpuscular hemoglobin concentration (the 
average hemoglobin concentration per volume of red blood) remained 
low in groups C–E at the time of peak reticulocyte production (day 
31–90; Fig. 2a,e and Supplementary Fig. 4), suggesting defective stress 
erythropoiesis that proceeded in the absence of sufficient iron for 
hemoglobin production.

A gene-set enrichment analysis (GSEA) of genes that were differ-
entially expressed between groups A–E and HCs showed HALLMARK 
genes linked to heme metabolism as the most strongly upregulated in 
the whole-blood transcriptome from groups C–E at day 31–90 (GSEA 
P < 1 × 10−43; Fig. 2f and Extended Data Fig. 1a), consistent with delayed 
expansion of heme-producing reticulocytes. Reactive oxygen spe-
cies (ROS), oxidative phosphorylation and hypoxia pathways, among 
others, were also significantly upregulated at this time (Fig. 2f and 

Extended Data Fig. 1a). Genes encoding enzymes involved in heme 
biosynthesis, such as ALAS2 and FECH, were also significantly over-
expressed in groups C–E at day 31–90 compared with HCs (Extended 
Data Fig. 1b). Genes linked to interferon (IFN), IL-6–JAK–STAT3 and 
TNF-α signaling were strongly enriched in all groups at day 0–14 rela-
tive to HCs (Fig. 2f), indicating that the upregulation of genes linked 
to heme metabolism occurred later than gene sets capturing the early 
inflammatory response. To correlate gene-set expression with hemato-
logical and immune variables, we used principal component analysis 
(PCA) of HALLMARK heme metabolism genes to generate a composite 
‘heme metabolism score’ at each RNA-sequencing (RNA-seq) time 
point (Extended Data Fig. 2a). When assessed over time as a continu-
ous variable, the heme metabolism score increased in early disease, 
peaked at approximately day 30–50 before declining in groups B–E 
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Fig. 1 | Longitudinal characterization of immunological recovery in COVID-19 
severity groups. a, Distribution of patient sampling across five COVID-19 
severity groups over 1 yr post first SARS-CoV-2-positive swab (group A) or 
symptom onset (groups B–E). Group A, mild asymptomatic, n = 18 (3 M and 15 
F), WHO clinical progression score = 1; group B, mild symptomatic, n = 40 (9 M 
and 31 F), WHO score = 2–3; group C, moderate without supplemental oxygen 
requirement, n = 48 (25 M and 23 F), WHO score = 4; group D, moderate with 
supplemental oxygen given as maximal respiratory support, n = 39 (25 M and 14 
F), WHO score = 5); and group E, severe with assisted ventilation, n = 69 (52 M and 
17 F), WHO score = 6–10. Repeat samples totaled 73, 148, 132, 114 and 288 across 
groups A–E, respectively. HCs were sampled at baseline day 0 (n = 60, 34 M and 26 
F). Each point represents a time point of blood collection; samples from patients 
who later died are rimmed in black. Vertical dashed lines, the span of time 
windows used in all analyses (that is, days 0–14, 15–30, 31–90, 91–180, 181–270 

and 271–360 post onset). The time range of follow-up questionnaire  
submission (Q1, 3–5 months and Q2, 9–10 months) is indicated (top).  
b,c, Distribution of age (b) and sex (c) across groups A–E and the HCs defined  
as in a. The demographics for the deceased patients alone are shown (bottom). 
d, Absolute cell count differences (fold change) between the patients in severity 
groups A–E and HCs during the analyzed time windows. e,f, Number of pDCs (e) 
and the ratio of activated/naive CD8+ T cells (f) in severity groups A–E and HCs. 
The gray band represents the interquartile range (IQR) of the HCs; the y axis is 
shown as a logarithm base ten scale. Box plots show the minimum value, 25th 
percentile, median, 75th percentile, maximum value and outliers beyond 1.5× the 
IQR. d–f, *P < 0.05, **P < 0.005 and ***P < 0.0005; significance of group effect (per 
COVID-19 severity group, per time window relative to the HCs) as calculated by 
linear regression of the log2-transformed counts (or ratio) with correction for age 
and sex; no multiple testing correction was applied. DP, deceased patient.
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and remained stable in group A (Fig. 2g). After adjustment for the day 
on which each sample was taken within each time window, the heme 
metabolism score at day 0–30 and day 31–90 in groups C–E com-
bined was most strongly positively correlated with reticulocyte count  
(Fig. 2h) and IRF (Extended Data Fig. 2b) measured at the same time 
point, and negatively correlated with hemoglobin levels (Extended 
Data Fig. 2b). Together, the pronounced late-stage heme metabolism 
signature observed at day 31–90 in the whole blood of patients from 
groups C–E coincided with an increase in iron-deprived reticulocytes 
following infection.

Prolonged changes to iron handling in patients with COVID-19
Iron is essential for cellular respiration and metabolism, yet accu-
mulation of free cytosolic iron catalyzes the production of ROS and 
contributes to lipid membrane peroxidation and ferroptosis30,31. To 
investigate the consequences of altered cellular iron levels in COVID-19,  
we investigated the expression of genes from two publicly available 
gene sets in patient and HC whole-blood transcriptomes over discrete 
time windows. The first set included ‘IRE_HQ’ transcripts containing 
high-quality canonical iron-response elements (IREs) in their 3′ or 5′ 
untranslated region32 and the second set included ‘iron-homeostasis’ 
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Fig. 2 | Inflammatory anemia and iron-deprived reticulocyte expansion in 
patients with moderate–severe COVID-19. a, Fold change in median serum 
inflammatory, iron and erythroid cell parameters between patients with 
COVID-19 in severity groups A–E and HCs or group A and B samples taken at day 
>90 for ferritin in the absence of HC measures. Fold changes are shown for all 
time windows. Gray boxes in a correspond to the data shown in b–e. b–e, Serum 
iron (b), hemoglobin (c), reticulocyte count (d) and reticulocyte hemoglobin 
(e) in patients from groups A–E as in a. The gray band represents the IQR of the 
HCs. Data points from patients who later died are rimmed in black. Box plots 
show the minimum value, 25th percentile, median, 75th percentile, maximum 
value and outliers beyond 1.5× the IQR. a–e, The significance of group effect 
(per COVID-19 severity group, per time window relative to HCs) was calculated 
by linear regression of log2-transformed measures with correction for age and 
sex; no multiple testing correction was applied. d,e, Patient-level data plotted 
against time as a continuous variable (right), with quadratic regression lines fit 

for each severity group. f, Selection of the top significantly enriched HALLMARK 
gene sets from GSEA run on the log2-transformed fold change ranked gene lists 
from comparisons of groups A–E with HCs at each time window. Heat map of 
false discovery rate (FDR)-adjusted P values (PFDR) from the GSEA, with gene sets 
that were up- or downregulated colored in red and blue, respectively; NS, not 
significant. g, Polynomial splines showing changes in the heme-metabolism 
score (PC1 from a PCA of heme-metabolism gene-set genes across all sampling 
time points) over time for groups A–E. The gray band represents the IQR of the 
HCs. h, Correlation between the heme-metabolism score and reticulocyte count 
of groups C–E (scaled residuals following correction for time post symptom 
onset) at day 31–90. R, Spearman’s correlation coefficient. b–e,g,h,The colour 
key in b applies to all panels. hsCRP, high-sensitivity C-reactive protein; OXPHOS, 
oxidative phosphorylation; HGB, hemoglobin; retic., reticulocyte. *P < 0.05, 
**P < 0.005 and ***P < 0.0005.
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transcripts encoding regulators of iron transport and uptake (such as 
TF and TFRC), storage (FTL, FTH1 and NCOA4) and antioxidant defense 
(GPX4, GCLM and GCLC; based on the WikiPathways Ferroptosis gene 
set33; Supplementary Tables 2 and 3). Iron-response proteins IRP1 and 
IRP2 are post-transcriptional modulators of iron-response genes that 
regulate cellular iron storage and flux through binding of IREs in target 
messenger RNA and promoting stabilization or degradation of tran-
scripts34. The binding affinity of IRPs for IREs in target genes is depend-
ent on the cellular concentration of iron. IRE_HQ genes showed clear 
polarization, with genes both significantly up and down regulated in 
groups C–E at day 0–14 (Fig. 3a and Extended Data Fig. 3a), with most 
still differentially expressed in group E at day 30–90 (Supplementary 
Fig. 5), consistent with a response to altered cellular iron concentra-
tion35. The IRE-containing genes FTL1 and FTH1 (encoding ferritin), 
SCL40A1 (encoding the iron exporter ferroportin) and EPAS1 (encod-
ing the hypoxia-inducible factor HIF-2α) were among those that were 
upregulated early in hospitalized patients (Fig. 3a and Supplementary 
Fig. 5), consistent with known responses to high intracellular iron35. As 
IRP1 and IRP2 regulate IRE-containing genes at the post-transcriptional 
level35, we validated the observed changes in mRNA expression in 
PBMCs from 21 day 0–14 COVID-19 samples using mass spectrometry 
(groups A + B, n = 7; group C, n = 5; groups D + E, n = 9)36. Protein mass 
spectrometry analysis indicated bidirectional regulation of proteins 
encoded by IRE-containing genes, which was most distinct in groups 
D and E combined (Extended Data Fig. 3b,c), suggesting that the dif-
ferential regulation of iron-response genes (probably mediated by 
IRPs) was detectable at both the transcript and protein level in moder-
ate–severe COVID-19.

Overexpression of iron-homeostasis genes relative to HCs was 
observed up to day 90–180 in group C, day 30–90 in group D and day 
180–270 in group E (Fig. 3b and Extended Data Fig. 3d). The upregu-
lated genes reflected cellular responses consistent with both iron 
overload and iron deprivation, probably capturing signatures from 
different blood-cell subsets. Overexpression of genes encoding for 
constituents of the glutathione peroxidase (GPX4) pathway—including 
SLC7A11, SLC3A2, GCLC, GCLM and GPX4 (Fig. 3b,c and Extended Data 
Fig. 3e), which are involved in defenses against ROS-mediated lipid 
peroxidation—reflected iron overload. In addition, NFE2L2 (encoding 
the transcription factor NRF2, a regulator of antioxidant responses) 
was overexpressed up to day 30–90 in group E (Extended Data Fig. 3f). 
Changes consistent with cellular iron deprivation were also detectable. 
Groups C–E showed significant upregulation of TFRC (encoding the 
receptor for transferrin-bound iron) and NCOA4, which is involved 
in ferritin degradation and release of iron stores during instances 
of increased iron demand (Extended Data Fig. 3e) The fold change 
in expression of iron-homeostasis genes at day 0–14 in group E rela-
tive to HCs was projected onto the relevant KEGG hsa04216 pathway  
(Fig. 3c). We used a composite ‘iron-homeostasis score’ to assess changes 
in iron-homeostasis gene expression across groups A–E compared 
with HCs over time as a continuous variable (Extended Data Fig. 2a).  
Prolonged shifts in the transcriptional response to cellular iron levels 
and demand were observed in groups C–E, with a peak at day 0–14, but 
remained detectable for months following symptom onset (Fig. 3d). 
Iron-homeostasis scores correlated strongly with inflammatory param-
eters, including CRP and IL-6, and inversely correlated with serum iron 
across corresponding time windows in groups C–E combined (Fig. 3e 
and Extended Data Fig. 2b). Collectively, whole-blood transcriptional 
analysis identified gene expression signatures consistent with cellular 
responses to altered iron status that were slow to resolve following 
moderate–severe COVID-19.

Cellular deconvolution of iron signatures with multimodal 
single-cell data
To elucidate the cell-type origin of the whole-blood transcriptional 
signatures, we assessed the expression of the iron-homeostasis and 

IRE gene sets, alongside the HALLMARK heme-metabolism signature 
reflecting reticulocytosis in moderate-severe COVID-19, in published 
PBMC cellular indexing of transcriptomes and epitopes by sequencing 
(CITE-seq) data37 from a subset of patients infected with SARS-CoV-2 
(n = 36, groups A–E combined, median 11 days post-onset) as well as 
from HCs (n = 11; Fig. 4a). We used an additional gene set derived from 
the transcriptome profiling of CaCo-2 cell lines (an in vitro model of 
intestinal absorptive cells) cultured in iron-free media38 as a signature 
for iron starvation (Supplementary Table 4). Three distinct patterns 
of cell type-specific gene expression were identified (Fig. 4b). First, 
the heme metabolism signature was nearly exclusively derived from 
a small cluster of CD71hi reticulocytes (Fig. 4b and Extended Data  
Fig. 4a,b), consistent with the expected tight coupling of this signa-
ture to reticulocyte counts. Second, iron homeostasis pathway genes 
and the IRE-containing genes upregulated in group E were preferen-
tially expressed in myeloid-derived cells (Fig. 4b and Extended Data  
Fig. 4a,b). These signatures had the highest relative expression in cell 
clusters annotated as nonclassical CD16+ monocytes, and several clas-
sical CD14+ monocyte subsets and dendritic cells (Fig. 4b). Finally, 
the low-iron signature, which reflected iron starvation in vitro38, was 
preferentially expressed in proliferating CD4+ and CD8+ lymphocytes  
(Fig. 4b), suggesting increased iron demand in proliferating lympho-
cytes around day 11 post onset, a time point coinciding with limited 
serum iron availability.

The preferential expression of iron-homeostasis genes in 
monocytes is consistent with the known erythrophagocytic and 
iron-acquiring capabilities of these cells39. The size of CD16+ and 
CD14+ monocyte clusters were smaller in COVID-19 than in HC samples  
(Fig. 4c), consistent with iron scavenging and trafficking to tissues. A 
repeat analysis of an independent, previously published single-cell 
COVID-19 dataset40 indicated similar preferential expression of 
iron-homeostasis genes in monocyte clusters and reduced frequency 
of CD14+ classical and CD16+ nonclassical monocytes in COVID-19 
samples compared with HCs (Extended Data Fig. 4c). To evaluate the 
iron demand of various immune-cell subsets during an active viral infec-
tion, we analyzed the differential correlation between the expression 
of cell-surface markers and that of the transferrin receptor CD71 in 
patients with COVID-19 compared with HCs. CD71 expression was more 
tightly correlated with markers of innate immune cells (LILRB1, CD64, 
CD1d and CD1c) and markers of activation (SLC3A2, CD86 and ICAM-1) 
in the COVID-19 group than in HCs (Fig. 4d), suggesting an increased 
demand for iron in concert with the activation of innate immune cells 
during a viral infection. CD71 expression was also elevated on CD16+ 
and CD14+ monocytes of patients with COVID-19 compared with HCs 
(Fig. 4e). Thus, a multimodal single-cell analysis identified the cells 
contributing to signatures of defective iron homeostasis in the blood 
of patients with COVID-19 and suggested that iron sequestration in 
monocytes might contribute to the concurrent iron deprivation of 
proliferating CD4+ and CD8+ lymphocytes.

Early inflammatory iron dysregulation persists in PASC
To assess the outcome of prolonged iron dysregulation and disrupted 
erythropoiesis following SARS-CoV-2 infection on PASC, 102 patients 
in groups B–E (B, n = 27; C, n = 37; D, n = 24; and E, n = 14) completed 
follow-up questionnaires 3–5 months (questionnaire 1, Q1) and 
9–10 months (questionnaire 2, Q2) post onset. The severity of seven 
persisting or new-onset symptoms were scored from zero (worst symp-
tom severity) to five (no symptoms or full recovery; Supplementary 
Note and Methods). Hierarchical clustering of scores allowed the clas-
sification of patients experiencing persisting symptoms (PS) or no 
PS (NPS) at Q1 and Q2 (Fig. 5a and Extended Data Fig. 5a,b). Persisting 
symptoms were more frequent in groups C–E than group B, and of 
those reporting at Q1 and Q2, 65% had PS at both time points (Extended 
Data Fig. 5c,d). There were no differences in sex or measured early 
viral titers between the symptom groups (Extended Data Fig. 5e,f).  
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The patients with PS were older than those with NPS; however, age did 
not differ between the PS and NPS groups when the patients were strati-
fied by initial disease severity (Extended Data Fig. 5g and Supplementary  
Fig. 6), suggesting that age was indirectly associated with PASC only 
via an association with acute disease severity.

To identify biological variables that could discriminate PS and NPS 
groups at Q1, we conducted a partial least-squares discriminant analy-
sis (PLS-DA) using previously analyzed immune-cell counts as well as 
serum and reticulocyte parameters collected within the sequential time 
windows. The PLS-DA discriminated PS versus NPS better at day 15–30 
than during early disease (day 0–14) or at the time of Q1 responses  
(day 91–180; Fig. 5b and Supplementary Fig. 7). Variable selection identi-
fied 15 parameters measured at day 15–30 that predicted PS or NPS des-
ignation at Q1 with 72% accuracy (classification error rate, 28%; standard 
deviation, 2.5%; Fig. 5c). Among these 15 variables, the mean CRP, IL-6, 
hepcidin and plasmablast counts were higher in PS, and the mean serum 
iron, transferrin and various immune-cell populations (including CD4+ 
T, CD8+ T, NK, regulatory T (Treg) and dendritic cells) were lower in the 
PS group than in NPS at Q1 (Fig. 5c). Unsupervised hierarchical cluster-
ing of data from 42 patients (12 PS and 30 NPS) at day 15–30 using only 
these 15 variables identified a subcluster of 13 individuals, nine of whom 
(group E, n = 5; group D, n = 2; group B, n = 1; and group C, n = 1) were 
classified as PS at Q1 (Fig. 5d). This analysis suggested that a multivari-
ate signature detectable at day 15–30 could discriminate the patients 
that experienced PASC at month 3–5 following SARS-CoV-2 infection, 
independent of hospitalization or oxygen therapy criteria.

Using a multivariate linear regression with age correction to test 
for an association between PASC symptom groups (NPS or PS) and 

biological measures, individuals in the Q1 PS group had significantly 
lower TSAT and serum iron compared with the NPS group at day 15–30 
(Fig. 5e). Reticulocyte counts were elevated in both the PS and NPS 
groups compared with HCs at day 31–90 (Supplementary Fig. 8), 
corresponding with the peak of the stress erythropoietic response, 
although they were significantly higher in PS compared with NPS 
(Fig. 5e). This suggested that low iron availability, rather than delayed 
reticulocyte expansion, was a characteristic of stress erythropoietic 
responses in the PS group. Both CRP and IL-6 were elevated in the PS 
group compared with NPS at Q1 (day 91–180; Fig. 5e). To further test 
that the observed differences in biological parameters between PS 
and NPS were not accounted for by the difference in age between the 
two groups, we performed pairwise symptom group comparisons in 
subsets of age-matched patients with COVID-19. This analysis indicated 
that serum iron, TSAT and hemoglobin levels were significantly lower 
at day 14–30, reticulocyte counts were significantly higher at day 
30–90, and IL-6 and CRP were significantly elevated at day 90–180 in 
age-matched patients who reported PS at Q1 compared with the NPS 
group (Extended Data Fig. 6a,b).

Severe COVID-19 and hospitalization has been linked with worse 
long-term outcome8,41. Because PASC was strongly associated with 
acute disease severity in our cohort, we repeated linear regression 
analyses including a correction for acute disease severity and following 
the exclusion of patients from group B to compare hospitalized PS and 
NPS groups matched for age, sex and severity. Both severity-corrected 
and severity-matched analyses indicated that serum iron and TSAT 
were significantly lower at day 14–30 in the PS group compared with 
NPS (Extended Data Fig. 6c,d). The severity-matched analyses also 
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hospitalized patients with COVID-19. a, Distribution of the log2-transformed 
fold change (FC) values across 324 measured genes with high-quality conserved 
IREs in their 3′ or 5′ untranslated region derived from the whole-blood 
transcriptome comparison of COVID-19 severity groups A–E at day 0–14 and HCs. 
Four genes of interest are annotated. b, Distribution of the log2(FC) across 60 
measured genes in the iron-homeostasis gene set at day 0–14 (top) and heat map 
of gene-level detail for groups A–E versus HCs at day 0–14 (bottom). *P < 0.05,  

PFDR values from GSEA. c, Schematic of iron-homeostasis pathway (KEGG 
has04216) with genes colored according to the log2(FC) in group E at day 0–14. 
Genes corresponding to those shown in the heat map in b are annotated in blue 
text. d, Polynomial splines showing change in iron-homeostasis scores (PC1 from 
PCA of iron-homeostasis gene-set genes across all sampling time points for groups 
A–E). The gray band represents the IQR of the HCs. e, Spearman correlation 
between iron-homeostasis score and serum iron in groups C–E (scaled residuals 
following correction for time) at day 0–14, with points colored by severity group.

http://www.nature.com/natureimmunology


Nature Immunology | Volume 25 | March 2024 | 471–482 477

Article https://doi.org/10.1038/s41590-024-01754-8

indicated that CRP and IL-6 were significantly elevated in PS compared 
with NPS at day 90–180 (Extended Data Fig. 6c–f). Although we did not 
have the statistical power to detect differences in symptom groups 
within peak disease severity groups (groups B–E), patients in group E 
with NPS trended toward more rapid recovery of low serum iron and 
resolution of systemic inflammation than patients in group E with PS 
(Supplementary Fig. 9). In addition, two of the three individuals with 
PS in group B had higher CRP at day 15–30 than the 20 individuals in 
group B with NPS (Supplementary Fig. 9). Together, these findings 
suggested that disruptions to iron handling that persisted beyond day 
0–14, rather than the need for hospitalization or oxygen therapy, was 
linked to the risk of developing PASC months following acute disease.

Differential expression analysis using whole-blood transcriptomes 
identified 64 genes that were differentially expressed between the 
Q1 PS and NPS groups at day 15–30 post onset; these included EPOR 
(encoding the EPO receptor) and EPAS1 (HIF-2α), which were signifi-
cantly upregulated in PS (Fig. 5f). These genes are tightly regulated in 
response to low oxygen carriage, such as in anemia-induced hypoxia42. 
A GSEA analysis indicated that differences in gene expression across 
biological pathways were greater between the PS and NPS groups at 
day 15–30 than day 0–14. Individuals in the PS group had pronounced 
upregulation of heme metabolism and hypoxia pathways as well as 
ROS, IL-6–JAK–STAT3 signaling and iron homeostasis, among others, 
at this time (Fig. 5g and Supplementary Fig. 10). Genes linked to IFN 

signaling were downregulated in the PS group compared with NPS at 
day 15–30 (Fig. 5g), suggesting a more transient early IFN response, 
as previously associated with severe disease43,44. Collectively, serum 
and transcriptional profiles from day 15–30 samples from patients 
with COVID-19 showed that persisting low iron in serum and delayed  
resolution of inflammation beyond 2 weeks following SARS-CoV-2 infec-
tion differentiated those with PS from those with NPS at 3–5 months, 
independent of the age and acute disease severity of the patients.

Discussion
SARS-CoV-2 pathogenesis is well documented but the etiology of 
PASC remains unclear. Here we show that inflammation and dis-
rupted iron homeostasis persisting beyond 2 weeks post COVID-19 
onset best differentiated patients reporting PASC months later. We 
suggest unresolved inflammation affects long-term pathophysiol-
ogy through disruptions to cellular iron mobilization and defective, 
iron-starved stress erythropoiesis that fails to correct the pronounced 
inflammatory anemia of early disease. Iron loading in monocytes and 
deprivation in lymphocytes was detected by CITE-seq and reflected in 
whole-blood transcriptional shifts in iron-response gene sets in patients 
with moderate–severe COVID-19 and in those later reporting PASC. 
Low iron availability, for erythropoiesis and cellular metabolism more 
broadly, potentially results in compromised antiviral immunity and low  
systemic oxygen carriage throughout and beyond acute infection. 

B exhausted
B immature
B malignant
B naive
B non-switched mem.
B switched mem.
CD14+ mono. 1
CD14+ mono. 2
CD16+ mono.
CD4+ TCM

CD4+ TEM
IL22+ CD4+ T
CD4+ TN
CD4+ T prolif.
CD4+ TFH
CD4+ TH1
CD8+ TEM
CD8+ TN
CD8+ T prolif.
CD8+ TE

DC1
DC2
DC3
γδ T
HSC CD38+

HSC erythroid
ILC
MAIT
NK CD16hi

NK CD56hi

NK prolif.
NKT
pDC
IgA+ plasma
IgG+ plasma
IgM+ plasma
Plasmablast
Platelets
Retic.
Treg

Iron homeostasis driver genes

Low iron up IRE_HQ, group E up

a b

DC3

DC2

DC1

CD14+ mono. 2

CD14+ mono. 1

CD16+ mono.

0 0.05 0.10 0.15

Proportion of total
0 1 2 3

–log10(P)

CD16
OX40L

SLAMF7
CD235ab

ICAM1
CXCR5

CD1C
CD1d
CD64

LILRB1
CD24

ENTPD1
CD86

SLC3A2

–0.25 0 0.25 0.50 0.75
Correlation with CD71 surface protein

–log10(P)
2
4
6

HC
COVID-19

DC3

DC2

DC1

CD14+ mono. 2

CD14+ mono. 1

CD16+ mono.

CD71 surface
protein expression

–2 –1 0 1 0 1 2 3 4

–log10 (P)

c d eHC
COVID-19

Heme metabolism driver genes

Other
MAIT

CD8+ TEM

IL22+ CD4+ T
HSC CD38+

Treg

HSC erythroid
CD8+ prolif.
CD4+ prolif.

0 2.5 5.0 7.5

Other
DC2

IgA+ plasma
DC3

Plasmablasts
DC1

CD4+ prolif.
HSC erythroid

Retic.

0 10 20 30 40

Other
Plasmablasts

CD14+ mono. 2
DC2

HSC erythroid cells
DC1

CD14+ mono. 1
DC3

CD16+ mono.

0 3 6 9 12

Other
Plasmablasts

CD14+ mono. 2
DC2

HSC erythroid cells
CD14+ mono. 1

DC1
DC3

CD16+ mono.

0 5 10 15

CD16 mono.

CD14 mono. 1

CD14+ mono. 2

HSC erythroid

Retic.

CD8+ prolif.

CD4+ prolif.

DC3

DC2
DC1

Fig. 4 | Multimodal single-cell analysis of iron-related signatures. a, Uniform 
manifold approximation and projection (UMAP) of CITE-seq data from 36 
patients with COVID-19 and 11 HCs, with cells labeled based on previously 
published cell-type annotations37. The UMAP was generated using mRNA 
expression data and is shown for visualization of cell clusters only. ILC, innate 
lymphoid cell. b, Average expression of heme metabolism and iron-related 
signature genes aggregated at the sample level within each cell cluster (COVID-19 
and HC samples were combined). Cell types with the highest 80th percentile of 
average signature expression relative to other cell types, across individuals, are 
shown, with all other clusters merged into the population ‘other’. c, Comparison 
of cell frequencies of myeloid populations as a fraction of the total sequenced 
cells per individual in patients with COVID-19 (groups A–E combined) and HCs 

(left). d, Differences in the Spearman correlation of normalized CD71 protein 
expression, across cell clusters, with the surface proteins shown, in patients 
with COVID-19 (groups A–E combined) and HCs. Top proteins with the greatest 
difference in correlation (>0.23) are shown. e, Differences in normalized CD71 
expression within subsets of HCs and patients with COVID-19, with data analyzed 
at the sample level, aggregated within each cluster per individual (left).  
c,d, Comparison of the COVID-19 and HC samples using −log10-transformed  
P values from a two-sided Wilcoxon rank test (right). b,c,e, Box plots show the 
minimum value, 25th percentile, median, 75th percentile, maximum value 
and outliers beyond 1.5× the IQR. DC, dendritic cell; mono., monocyte; mem., 
memory; prolif., proliferating; retic., reticulocyte.

http://www.nature.com/natureimmunology


Nature Immunology | Volume 25 | March 2024 | 471–482 478

Article https://doi.org/10.1038/s41590-024-01754-8

These abnormalities may help drive PASC and thus inform strategies 
for prevention or treatment of this complex phenomenon.

Hospitalized patients with COVID-19 often develop inflam-
matory anemia21,22,45, a common feature of chronic inflammatory 

conditions28,46,47. During inflammation, IL-6 stimulates the produc-
tion of the hormone hepcidin by hepatocytes25,48, which induces the 
degradation of ferroprotein, the only known cellular iron exporter26. 
Reduced iron export drives iron accumulation in macrophages, which 
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Fig. 5 | Differences in long-term symptom groups across measured serum, 
cellular and transcriptional variables. a, Grouping of patients with PS or NPS 
from hierarchical clustering of symptom severity scores (0, worst; 5, best) across 
seven symptom categories. The disease severity group (groups B–E) and total 
symptom score (summation across symptoms) are indicated above the heat map. 
The distribution of the responses to the follow-up questionnaires at Q1 and Q2 is 
shown (top). b, PLS-DA analysis of symptom groups from a study conducted on 
immune-cell counts, serum parameters and reticulocyte data collected between 
days 15 and 30. c, Variables driving differentiation of individuals with NPS and 
PS on PLS component 1, colored according to the group with highest mean. d, 
Unsupervised hierarchical clustering of patient data from day 15–30, using the 15 
leading variables as in c. Patient symptom groups, severity groups and symptom 
severity scores are shown above the heat map. The cluster capturing most PS 
individuals is outlined by a black box. Missing data are shown in white in the heat 
map. e, Fold change (log2-transformed) in median serum inflammatory and iron 
parameters of individuals with PS compared with NPS at different time windows 
(left). The significance of the symptom group effect was calculated by linear 

regression of log2-transformed measures corrected for age; no multiple testing 
correction was applied. Patient-level data for the boxed parameters in more 
detail (right). The gray band represents the IQR of the HCs; the y axis is shown 
as a logarithm base ten scale. Measures taken at days 0–180 and 181–360 are 
annotated on the basis of the Q1 and Q2 symptom groups, respectively.  
f, Volcano plot showing genes that are differentially expressed, from differential 
gene expression analysis with age correction, between the PS (red) and NPS 
(green) groups at day 15–30 (left). Normalized expression for EPOR and EPAS1 
(right); P values are from differential gene expression analysis before FDR 
correction. The gray band indicates the IQR of HC expression. CPM, counts per 
million reads. g, Significantly enriched HALLMARK and iron-homeostasis gene 
sets from GSEA run on the log2(FC) ranked gene list from a comparison of NPS and 
PS groups across time windows. PFDR values from GSEA are shown, with up- and 
downregulated gene sets in PS colored red and blue, respectively. a,e,f, Box plots 
show the minimum value, 25th percentile, median, 75th percentile, maximum 
value and outliers beyond 1.5× the IQR. ̇ P < 0.1, *P < 0.05, **P < 0.005 and NS, not 
significant; mDCs, myeloid DCs.
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would otherwise recirculate iron liberated from phagocytosed senes-
cent erythrocytes49. Sequestration of iron during infection helps 
defend against extracellular pathogens dependent on iron for sur-
vival50 but also starves the erythroid compartment of iron for hemo-
globin production, causing anemia27,28. We observed reduced serum 
iron, TSAT and hemoglobin concentrations as well as raised ferritin, 
hepcidin and IL-6 in COVID-19 severity groups C–E from day 0–14 
post symptom onset, indicating inflammatory anemia in moder-
ate–severe disease.

Oxygen transport requires O2 coupling to the iron-containing 
heme molecules of hemoglobin, so modulation of blood oxygen levels 
necessitates control of iron availability. During hypoxia, the tran-
scriptional regulator HIF-2α accelerates erythropoiesis via EPO42,51. 
Inflammation and low iron availability antagonize this process by 
suppressing EPO expression29,52–54. Despite experiencing hypoxia that 
warranted oxygen therapy, patients in groups D and E as well in group 
C, who did not receive oxygen supplementation, exhibited reduced 
reticulocyte production and delayed EPO induction in early disease. 
Following this, and consistent with a stress response to low blood 
oxygen levels, patients in groups C–E exhibited marked reticulocyte 
expansion, which peaked at 1–3 months post onset and was reflected 
in the overexpression of a heme metabolism signature in blood. In 
our cohort this phenotype was not only seen in severely ill, ventilated 
patients (group E) but also in hospitalized patients requiring only 
moderate or no oxygen therapy, and was pronounced in those subse-
quently reporting PASC. Stress erythropoiesis has been described in 
anemic mice55,56 but is less well defined in humans57. Iron-starved reticu-
locytosis probably represents an inadequate physiological response 
to concurrent hypoxia, inflammatory iron restriction and anemia in 
moderate–severe COVID-19.

Iron availability is essential for cellular metabolism and regulates 
the function and proliferative capacity of leukocytes58–60. However, 
iron overload increases susceptibility to ROS-induced ferroptotic cell 
death30,61. Consistent with hepcidin-mediated iron redistribution, we 
observed transcriptional signatures of iron accumulation in circulat-
ing CD16+ classical and CD14+ nonclassical monocytes, potentially 
predisposing them to cellular dysfunction through ROS-mediated 
damage and contributing to tissue and organ pathology in patients 
with COVID-19. Iron-laden macrophages are detectable in post-mortem 
bone marrow samples of individuals following fatal COVID-19  
(ref. 62), and ferroptosis in the ventricular myocardium or liver may 
cause end-organ damage and fatal disease63–65.

In contrast to signatures of high intracellular iron in monocytes, 
we saw evidence of iron starvation and increased CD71 surface expres-
sion in activated and proliferating leukocytes. Low iron availability 
compromises T cell effector function and humoral immunity58–60, NK 
cell activation66 and neutrophil antimicrobial activity59, while hypofer-
remia during vaccination reduces central memory T cell responses and 
antigen-specific recall in mice60. Low serum iron at symptom presenta-
tion, coinciding with the induction of adaptive immunity, may impede 
the generation of SARS-CoV-2 cellular and humoral memory responses 
in patients with COVID-19. Even in normal iron conditions, hypoxia dis-
rupts humoral immunity in mice by reducing B cell numbers and affin-
ity maturation, defects similar to those observed in severe COVID-19 
 (ref. 67). Iron dysregulation and hypoxia may sustain a destructive 
cycle of impaired immune function, poor viral control and inflamma-
tion that contributes to tissue-specific and systemic manifestations  
of severe acute COVID-19, and potential disruption of long-term 
immune memory.

Many features of PASC may be driven, at least in part, by the impact 
of inflammatory iron dysregulation on erythropoiesis and blood oxy-
gen carriage. We found that delayed resolution of inflammation and 
associated hypoferremia, rather than the magnitude of inflammatory 
perturbations during acute disease, best discriminated patients report-
ing persisting symptoms months post infection. Fatigue, pain and 

mood disorders have been linked to inflammatory anemia in chronic 
inflammatory conditions68,69 and are common features of PASC2,3,5. 
Reduced oxygen delivery to muscles during exertion increases reliance 
on anaerobic glycolysis, elevating lactate production and leading to 
muscle fatigue and pain70. Low iron availability also impairs mito-
chondrial energy generation in skeletal muscle, decreasing physical 
endurance71. Iron deficiency and cerebral hypoxia have been linked 
to cognitive impairment and altered mood, and iron deficiency dur-
ing childhood is a significant risk factor for poor cognitive perfor-
mance72–74. Finally, low oxygen carriage may exacerbate tissue hypoxia 
and delay repair, and persisting iron dysregulation and anemia have 
been associated with more severe structural lung abnormalities follow-
ing COVID-19 (ref. 75). Speculatively, the generally increased prevalence 
of iron deficiency in pre-menopausal women may contribute to the 
higher risk of PASC amongst this demographic7,9,10 by enhancing the 
relative magnitude of infection-related iron redistribution against a 
baseline of lower iron stores.

Worse acute COVID-19 severity is a risk factor for PASC, and severe 
COVID-19 is predominantly seen in older males. Restricted access to 
uninfected population controls during the early pandemic resulted in 
suboptimal age and sex matching of HCs (recruited from healthcare 
workers) to patients with moderate–severe COVID-19 in this study, 
leading to differences in the demographic of PS and NPS groups. 
Although it is probable that acute and long-term symptom severity 
are to an extent causally linked, careful re-analysis of PASC symptom 
groups with age, sex and acute disease severity matching indicated 
that iron dysregulation at day 15–30 and raised inflammatory markers  
(IL-6 and CRP) at day 90–180 in the PS group were independent of 
these variables. Several clinical strategies may help mitigate the 
impact of early iron dysregulation on both acute COVID-19 severity 
and PASC. Vaccination, or selective antiviral or monoclonal therapy, 
may prevent sustained disruptions to iron homeostasis driven by 
severe uncontrolled inflammation. In those with worse disease, treat-
ments directed at correcting abnormal iron distribution might also be 
considered. Reports that iron overload in the context of β-thalassemia 
protects from severe disease and mortality in individuals infected with 
SARS-CoV-2 (ref. 76) suggest a potential protective effect of increased 
iron availability, and preliminary reports on the impact of COVID-19 
on patients enrolled in the IRONMAN clinical trial of intravenous ferric 
derisomaltose treatment for heart failure77 show significantly reduced 
COVID-19-related severe adverse events in the iron-treated group 
(2.1%) than the usual care group (5.3%, P = 0.007)78. This suggests a 
potential role for iron supplementation in COVID-19. Remobilization 
of endogenous iron stores can also increase iron availability. This 
may be achieved either directly through the use of hepcidin inhibi-
tors79, which have shown efficacy in reversing inflammation-induced 
hypoferremia80, or through IL-6 inhibition. The IL-6R blocker tocili-
zumab, which reduces hepcidin generation, increases hemoglobin 
levels in patients with rheumatoid arthritis81, corrects inflammatory 
anemia in Castleman disease (associated with excessive IL-6 produc-
tion)82 and has been trialed as an anti-inflammatory agent in patients 
with COVID-19 (ref. 83). Thus, several potential therapies might be 
trialed to see if they reduce the incidence of PASC in patients with  
moderate–severe COVID-19.

It is unlikely that these observations are SARS-CoV-2 specific.  
Disruption of host iron homeostasis is a consequence of many viral 
infections, both through direct viral mechanisms of interference 
and as a consequence of the evoked inflammatory response50,84. 
Many infectious diseases—including Ebola85,86, influenza87 and 
SARS88—elicit broadly similar post-acute sequelae, suggesting simi-
lar iron-redistribution strategies may be considered. This study has 
implicated disrupted iron homeostasis and iron-deprived stress  
erythropoiesis that persisted for more than 2 weeks from symptom 
onset as potential drivers of PASC. If confirmed, this immediately sug-
gests several strategies that could be explored to prevent it.

http://www.nature.com/natureimmunology


Nature Immunology | Volume 25 | March 2024 | 471–482 480

Article https://doi.org/10.1038/s41590-024-01754-8

Online content
Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information, 
acknowledgements, peer review information; details of author contri-
butions and competing interests; and statements of data and code avail-
ability are available at https://doi.org/10.1038/s41590-024-01754-8.

References
1. A clinical case definition of post COVID-19 condition by a Delphi 

consensus, 6 October 2021 (WHO, 2021).
2. Al-Aly, Z., Xie, Y. & Bowe, B. High-dimensional characterization of 

post-acute sequelae of COVID-19. Nature 594, 259–264 (2021).
3. Taquet, M. et al. Incidence, co-occurrence, and evolution of 

long-COVID features: a 6-month retrospective cohort study of 
273,618 survivors of COVID-19. PLoS Med. 18, e1003773 (2021).

4. Group, P.-C. C. Clinical characteristics with inflammation profiling 
of long COVID and association with 1-year recovery following 
hospitalisation in the UK: a prospective observational study. 
Lancet Respir. Med. 10, 761–775 (2022).

5. Huang, L. et al. 1-year outcomes in hospital survivors with 
COVID-19: a longitudinal cohort study. Lancet 398, 747–758 
(2021).

6. Augustin, M. et al. Post-COVID syndrome in non-hospitalised 
patients with COVID-19: a longitudinal prospective cohort study. 
Lancet Reg. Health Eur. 6, 100122 (2021).

7. Garcia-Abellan, J. et al. Antibody response to SARS-CoV-2 is 
associated with long-term clinical outcome in patients with 
COVID-19: a longitudinal study. J. Clin. Immunol. 41, 1490–1501 
(2021).

8. Sudre, C. H. et al. Attributes and predictors of long COVID.  
Nat. Med. 27, 626–631 (2021).

9. Tleyjeh, I. M. et al. Long term predictors of breathlessness, 
exercise intolerance, chronic fatigue and well-being in 
hospitalized patients with COVID-19: a cohort study with 4 months 
median follow-up. J. Infect. Public Health 15, 21–28 (2022).

10. Lui, D. T. W. et al. Long COVID in patients with mild to moderate 
disease: do thyroid function and autoimmunity play a role? 
Endocr. Pract. 27, 894–902 (2021).

11. Munipalli, B. et al. Risk factors for post-acute sequelae of 
COVID-19: survey results from a tertiary care hospital. J. Investig. 
Med. 71, 896–906 (2023).

12. Vasilevskaya, A. et al. Sex and age affect acute and persisting 
COVID-19 illness. Sci. Rep. 13, 6029 (2023).

13. Grossa, S. et al. Long COVID 1 year after hospitalisation for 
COVID-19: a prospective bicentric cohort study. Swiss Med. Wkly 
https://doi.org/10.4414/SMW.w30091 (2021).

14. Su, Y. et al. Multiple early factors anticipate post-acute COVID-19 
sequelae. Cell 881–895 (2022).

15. Peluso, M. J. et al. Chronic viral coinfections differentially  
affect the likelihood of developing long COVID. J. Clin. Invest. 
https://doi.org/10.1172/JCI163669 (2023).

16. Ryan, F. J. et al. Long-term perturbation of the peripheral immune 
system months after SARS-CoV-2 infection. BMC Med. 20, 26 (2022).

17. Shuwa, H. A. et al. Alterations in T and B cell function persist in 
convalescent COVID-19 patients. Med 2, 720–735 (2021).

18. Phetsouphanh, C. et al. Immunological dysfunction persists for 8 
months following initial mild-to-moderate SARS-CoV-2 infection. 
Nat. Immunol. 23, 210–216 (2022).

19. Cheong, J. G. et al. Epigenetic memory of coronavirus infection in 
innate immune cells and their progenitors. Cell 186, 3882–3902 
(2023).

20. Bergamaschi, L. et al. Longitudinal analysis reveals that delayed 
bystander CD8+ T cell activation and early immune pathology 
distinguish severe COVID-19 from mild disease. Immunity 54, 
1257–1275 (2021).

21. Bellmann-Weiler, R. et al. Prevalence and predictive value of 
anemia and dysregulated iron homeostasis in patients with 
COVID-19 infection. J. Clin. Med. https://doi.org/10.3390/
jcm9082429 (2020).

22. Bergamaschi, G. et al. Anemia in patients with COVID-19: 
pathogenesis and clinical significance. Clin. Exp. Med. 21, 
239–246 (2021).

23. Hippchen, T., Altamura, S., Muckenthaler, M. U. & Merle, U. 
Hypoferremia is associated with increased hospitalization and 
oxygen demand in COVID-19 patients. Hemasphere 4, e492 
(2020).

24. Shah, A. et al. Systemic hypoferremia and severity of hypoxemic 
respiratory failure in COVID-19. Crit. Care 24, 320 (2020).

25. Nemeth, E. et al. IL-6 mediates hypoferremia of inflammation by 
inducing the synthesis of the iron regulatory hormone hepcidin.  
J. Clin. Invest. 113, 1271–1276 (2004).

26. Nemeth, E. et al. Hepcidin regulates cellular iron efflux by binding 
to ferroportin and inducing its internalization. Science 306, 
2090–2093 (2004).

27. Weiss, G., Ganz, T. & Goodnough, L. T. Anemia of inflammation. 
Blood 133, 40–50 (2019).

28. Ganz, T. Anemia of inflammation. N. Engl. J. Med. 381, 1148–1157 
(2019).

29. Morceau, F., Dicato, M. & Diederich, M. Pro-inflammatory 
cytokine-mediated anemia: regarding molecular mechanisms of 
erythropoiesis. Mediators Inflamm. 2009, 405016 (2009).

30. Dixon, S. J. et al. Ferroptosis: an iron-dependent form of 
nonapoptotic cell death. Cell 149, 1060–1072 (2012).

31. Yang, W. S. & Stockwell, B. R. Ferroptosis: death by lipid 
peroxidation. Trends Cell Biol. 26, 165–176 (2016).

32. Hin, N., Newman, M., Pederson, S. & Lardelli, M. Iron responsive 
element-mediated responses to iron dyshomeostasis in 
Alzheimer’s disease. J. Alzheimer’s Dis. 84, 1597–1630 (2021).

33. Hanspers, K., Willighagen, E., Slenter, D., Hu, F. & Lupascu, D.-A. 
Ferroptosis (WP4313) https://www.wikipathways.org/instance/
WP4313 (WikiPathways, 2021).

34. Zhou, Z. D. & Tan, E. K. Iron regulatory protein (IRP)–iron 
responsive element (IRE) signaling pathway in human 
neurodegenerative diseases. Mol. Neurodegener. 12, 75 (2017).

35. Muckenthaler, M. U., Galy, B. & Hentze, M. W. Systemic iron 
homeostasis and the iron-responsive element/iron-regulatory 
protein (IRE/IRP) regulatory network. Annu. Rev. Nutr. 28, 197–213 
(2008).

36. Potts, M. et al. Proteomic analysis of circulating immune cells 
identifies cellular phenotypes associated with COVID-19 severity. 
Cell Rep. 42, 112613 (2023).

37. Stephenson, E. et al. Single-cell multi-omics analysis  
of the immune response in COVID-19. Nat. Med. 27, 904–916 
(2021).

38. Chicault, C. et al. Iron-related transcriptomic variations in CaCo-2 
cells, an in vitro model of intestinal absorptive cells. Physiol. 
Genomics 26, 55–67 (2006).

39. Haschka, D. et al. Classical and intermediate monocytes 
scavenge non-transferrin-bound iron and damaged erythrocytes. 
JCI Insight https://doi.org/10.1172/jci.insight.98867 (2019).

40. Schulte-Schrepping, J. et al. Severe COVID-19 is marked by a 
dysregulated myeloid cell compartment. Cell 182, 1419–1440 
(2020).

41. Peluso, M. J. & Deeks, S. G. Early clues regarding the pathogenesis 
of long-COVID. Trends Immunol. 43, 268–270 (2022).

42. Haase, V. H. Regulation of erythropoiesis by hypoxia-inducible 
factors. Blood Rev. 27, 41–53 (2013).

43. Hadjadj, J. et al. Impaired type I interferon activity and 
inflammatory responses in severe COVID-19 patients. Science 
369, 718–724 (2020).

http://www.nature.com/natureimmunology
https://doi.org/10.1038/s41590-024-01754-8
https://doi.org/10.4414/SMW.w30091
https://doi.org/10.1172/JCI163669
https://doi.org/10.3390/jcm9082429
https://doi.org/10.3390/jcm9082429
https://www.wikipathways.org/instance/WP4313
https://www.wikipathways.org/instance/WP4313
https://doi.org/10.1172/jci.insight.98867


Nature Immunology | Volume 25 | March 2024 | 471–482 481

Article https://doi.org/10.1038/s41590-024-01754-8

44. Bastard, P. et al. Autoantibodies against type I IFNs in patients 
with life-threatening COVID-19. Science https://doi.org/10.1126/
science.abd4585 (2020).

45. Lanser, L. et al. Dynamics in anemia development and 
dysregulation of iron homeostasis in hospitalized patients with 
COVID-19. Metabolites https://doi.org/10.3390/metabo11100653 
(2021).

46. Maccio, A. et al. The role of inflammation, iron, and nutritional 
status in cancer-related anemia: results of a large, prospective, 
observational study. Haematologica 100, 124–132 (2015).

47. Wilson, A., Yu, H. T., Goodnough, L. T. & Nissenson, A. R. 
Prevalence and outcomes of anemia in rheumatoid arthritis: a 
systematic review of the literature. Am. J. Med. 116, 50S–57S 
(2004).

48. Rodriguez, R. et al. Hepcidin induction by pathogens and 
pathogen-derived molecules is strongly dependent on 
interleukin-6. Infect. Immun. 82, 745–752 (2014).

49. Drakesmith, H., Nemeth, E. & Ganz, T. Ironing out ferroportin. Cell 
Metab. 22, 777–787 (2015).

50. Drakesmith, H. & Prentice, A. Viral infection and iron metabolism. 
Nat. Rev. Microbiol. 6, 541–552 (2008).

51. Erslev, A. Humoral regulation of red cell production. Blood 8, 
349–357 (1953).

52. Dulmovits, B. M. et al. HMGB1-mediated restriction of EPO 
signaling contributes to anemia of inflammation. Blood 139, 
3181–3193 (2022).

53. Khalil, S. et al. Iron modulation of erythropoiesis is associated with 
Scribble-mediated control of the erythropoietin receptor. J. Exp. 
Med. 215, 661–679 (2018).

54. Libregts, S. F. et al. Chronic IFN-γ production in mice induces 
anemia by reducing erythrocyte life span and inhibiting 
erythropoiesis through an IRF-1/PU.1 axis. Blood 118,  
2578–2588 (2011).

55. Bennett, L. F. et al. Inflammation induces stress erythropoiesis 
through heme-dependent activation of SPI-C. Sci. Signal. 12, 
eaap7336 (2019).

56. Jackson, A., Nanton, M. R., O’Donnell, H., Akue, A. D. &  
McSorley, S. J. Innate immune activation during Salmonella 
infection initiates extramedullary erythropoiesis and 
splenomegaly. J. Immunol. 185, 6198–6204 (2010).

57. Paulson, R. F., Hariharan, S. & Little, J. A. Stress erythropoiesis: 
definitions and models for its study. Exp. Hematol. 89, 43–54 
(2020).

58. Yarosz, E. L. et al. Cutting Edge: Activation-induced iron flux 
controls CD4 T cell proliferation by promoting proper IL-2R 
signaling and mitochondrial function. J. Immunol. 204, 1708–1713 
(2020).

59. Frost, J. N. et al. Plasma iron controls neutrophil production 
andfunction. Sci. Adv. 8, eabq5384 (2022).

60. Frost, J. N. et al. Hepcidin-mediated hypoferremia disrupts 
immune responses to vaccination and infection. Med 2, 164–179 
(2021).

61. Slusarczyk, P. et al. Impaired iron recycling from erythrocytes 
is an early hallmark of aging. eLife 12 https://doi.org/10.7554/
eLife.79196 (2023).

62. Dorward, D. A. et al. Tissue-specific immunopathology in fatal 
COVID-19. Am. J. Respir. Crit. Care Med. 203, 192–201 (2021).

63. Baier, M. J. et al. Cardiac iron overload promotes cardiac injury in 
patients with severe COVID-19. Infection 50, 547–552 (2021).

64. Jacobs, W. et al. Fatal lymphocytic cardiac damage in coronavirus 
disease 2019 (COVID-19): autopsy reveals a ferroptosis signature. 
ESC Heart Fail. 7, 3772–3781 (2020).

65. Del Nonno, F. et al. Hepatic failure in COVID-19: is iron 
overload the dangerous trigger? Cells https://doi.org/10.3390/
cells10051103 (2021).

66. Littwitz-Salomon, E. et al. Metabolic requirements of NK cells 
during the acute response against retroviral infection. Nat. 
Commun. 12, 5376 (2021).

67. Kotagiri, P. et al. The impact of hypoxia on B cells in COVID-19. 
EBioMedicine 77, 103878 (2022).

68. Louati, K. & Berenbaum, F. Fatigue in chronic inflammation—a link 
to pain pathways. Arthritis Res. Ther. 17, 254 (2015).

69. Gregg, L. P., Bossola, M., Ostrosky-Frid, M. & Hedayati, S. S. 
Fatigue in CKD: epidemiology, pathophysiology, and treatment. 
Clin. J. Am. Soc. Nephrol. 16, 1445–1455 (2021).

70. Macdonald, J. H., Fearn, L., Jibani, M. & Marcora, S. M. Exertional 
fatigue in patients with CKD. Am. J. Kidney Dis. 60, 930–939 
(2012).

71. Rineau, E. et al. Iron deficiency without anemia decreases 
physical endurance and mitochondrial complex I activity of 
oxidative skeletal muscle in the mouse. Nutrients https://doi.org/ 
10.3390/nu13041056 (2021).

72. Jauregui-Lobera, I. Iron deficiency and cognitive functions. 
Neuropsychiatr. Dis. Treat. 10, 2087–2095 (2014).

73. Benton, D. Micronutrient status, cognition and behavioral 
problems in childhood. Eur. J. Nutr. 47, 38–50 (2008).

74. Lee, H. S., Chao, H. H., Huang, W. T., Chen, S. C. & Yang, H. Y. 
Psychiatric disorders risk in patients with iron deficiency anemia 
and association with iron supplementation medications: a 
nationwide database analysis. BMC Psychiatry 20, 216 (2020).

75. Sonnweber, T. et al. The impact of iron dyshomeostasis and 
anaemia on long-term pulmonary recovery and persisting 
symptom burden after COVID-19: a prospective observational 
cohort study. Metabolites https://doi.org/10.3390/
metabo12060546 (2022).

76. El-Battrawy, I. et al. Thalassaemia is paradoxically associated 
with a reduced risk of in-hospital complications and mortality in 
COVID-19: data from an international registry. J. Cell. Mol. Med. 
26, 2520–2528 (2022).

77. Kalra, P. R. et al. Intravenous ferric derisomaltose in patients 
with heart failure and iron deficiency in the UK (IRONMAN): an 
investigator-initiated, prospective, randomised, open-label, 
blinded-endpoint trial. Lancet 400, 2199–2209 (2022).

78. Kalra, P. R. et al. Novel predictors of new-onset atrial fibrillation 
following the event of ST-elevation myocardial infarction.  
Eur. J. Heart Fail https://doi.org/10.1002/ejhf.2927 (2023).

79. Wang, C. Y. & Babitt, J. L. Hepcidin regulation in the anemia of 
inflammation. Curr. Opin. Hematol. 23, 189–197 (2016).

80. van Eijk, L. T. et al. Effect of the antihepcidin Spiegelmer 
lexaptepid on inflammation-induced decrease in serum iron in 
humans. Blood 124, 2643–2646 (2014).

81. Hashimoto, M. et al. Increase of hemoglobin levels by anti-IL-6 
receptor antibody (tocilizumab) in rheumatoid arthritis. PLoS ONE 
9, e98202 (2014).

82. Song, S. N. et al. Down-regulation of hepcidin resulting from 
long-term treatment with an anti-IL-6 receptor antibody 
(tocilizumab) improves anemia of inflammation in multicentric 
Castleman disease. Blood 116, 3627–3634 (2010).

83. Abani, O. et al. Tocilizumab in patients admitted to hospital with 
COVID-19 (RECOVERY): a randomised, controlled, open-label, 
platform trial. Lancet 397, 1637–1645 (2021).

84. Wang, M. P., Joshua, B., Jin, N. Y., Du, S. W. & Li, C. Ferroptosis in 
viral infection: the unexplored possibility. Acta Pharmacol. Sin. 43, 
1905–1915 (2022).

85. The PREVAIL III Study Group et al. A longitudinal study of Ebola 
sequelae in Liberia. N. Engl. J. Med. 380, 924–934 (2019).

86. Bond, N. G. et al. Post-Ebola syndrome presents with multiple 
overlapping symptom clusters: evidence from an ongoing cohort 
study in Eastern Sierra Leone. Clin. Infect. Dis. 73, 1046–1054 
(2021).

http://www.nature.com/natureimmunology
https://doi.org/10.1126/science.abd4585
https://doi.org/10.1126/science.abd4585
https://doi.org/10.3390/metabo11100653
https://doi.org/10.7554/eLife.79196
https://doi.org/10.7554/eLife.79196
https://doi.org/10.3390/cells10051103
https://doi.org/10.3390/cells10051103
https://doi.org/10.3390/nu13041056
https://doi.org/10.3390/nu13041056
https://doi.org/10.3390/metabo12060546
https://doi.org/10.3390/metabo12060546
https://doi.org/10.1002/ejhf.2927


Nature Immunology | Volume 25 | March 2024 | 471–482 482

Article https://doi.org/10.1038/s41590-024-01754-8

87. Chen, J. et al. Long term outcomes in survivors of epidemic 
Influenza A (H7N9) virus infection. Sci. Rep. 7, 17275 (2017).

88. Tansey, C. M. et al. One-year outcomes and health care utilization 
in survivors of severe acute respiratory syndrome. Arch. Intern. 
Med. 167, 1312–1320 (2007).

Publisher’s note Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons 
Attribution 4.0 International License, which permits use, sharing, 
adaptation, distribution and reproduction in any medium or format, 

as long as you give appropriate credit to the original author(s) and the 
source, provide a link to the Creative Commons licence, and indicate 
if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless 
indicated otherwise in a credit line to the material. If material is not 
included in the article’s Creative Commons licence and your intended 
use is not permitted by statutory regulation or exceeds the permitted 
use, you will need to obtain permission directly from the copyright 
holder. To view a copy of this licence, visit http://creativecommons.
org/licenses/by/4.0/.

© The Author(s) 2024

1Cambridge Institute of Therapeutic Immunology and Infectious Disease, Jeffrey Cheah Biomedical Centre, University of Cambridge, Cambridge, UK. 
2Department of Medicine, University of Cambridge, Addenbrooke’s Hospital, Cambridge, UK. 3NIH–Oxford–Cambridge Scholars Program, Department of 
Medicine, University of Cambridge, Cambridge, UK. 4MRC Biostatistics Unit, University of Cambridge, Cambridge Biomedical Campus, Cambridge, UK. 
5British Heart Foundation Centre of Research Excellence, University of Cambridge, Cambridge, UK. 6NIHR BioResource, Cambridge University Hospitals 
NHS Foundation, Cambridge Biomedical Campus, Cambridge, UK. 7Department of Haematology, Wellcome and MRC Cambridge Stem Cell Institute, 
University of Cambridge, Cambridge, UK. 8Department of Biomedicine, University and University Hospital Basel, Basel, Switzerland. 9Botnar Research 
Centre for Child Health (BRCCH), University of Basel and ETH Zurich, Basel, Switzerland. 10NHS Blood and Transplant, Cambridge Biomedical Campus, 
Cambridge, UK. 11Department of Haematology, University of Cambridge, Cambridge, UK. 12MRC Translational Immune Discovery Unit, MRC Weatherall 
Institute of Molecular Medicine, University of Oxford, Oxford, UK. 13Present address: The Walter and Eliza Hall Institute of Medical Research, Parkville, 
Victoria, Australia. 14Present address: University of Melbourne, Melbourne, Victoria, Australia.  e-mail: smith.k@wehi.edu.au

Cambridge Institute of Therapeutic Immunology and Infectious Disease–National Institute for Health Research (CITIID–NIHR) 
COVID BioResource Collaboration

Hélène Ruffieux4, Federica Mescia1,2, Laura Bergamaschi1,2, Lorinda Turner1,2, Prasanti Kotagiri1,2, Christoph Hess1,2,6,7, 
Nicholas Gleadall8,9, John R. Bradley2,10,11, Paul A. Lyons1,2 & Kenneth G. C. Smith1,2,13,14

A full list of members appears in the Supplementary Information. 

http://www.nature.com/natureimmunology
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
mailto:smith.k@wehi.edu.au


Nature Immunology

Article https://doi.org/10.1038/s41590-024-01754-8

Methods
Cohort recruitment and biological sample collection
Study ethics approval was obtained from the East of England— 
Cambridge Central Research Ethics Committee (‘NIHR BioResource’ 
REC ref. 17/EE/0025 and ‘Genetic variation AND Altered Leucocyte 
Function in health and disease—GANDALF’ REC ref. 08/H0308/176). 
All participants provided informed consent. We have previously pub-
lished detailed information on the recruitment, sampling time line, 
clinical characteristics and demographics of 104 patients admit-
ted to Addenbrooke’s Hospital, Royal Papworth Hospital (RPH) NHS 
Foundation Trust or Cambridge and Peterborough Foundation Trust 
who tested SARS-CoV-2 positive and 97 asymptomatic or sympto-
matic healthcare workers attending the Addenbrooke’s serology 
screening program between March and July 202020. An additional 
13 patients hospitalized with COVID-19 were recruited following dis-
charge and provided blood samples for cellular and serum assays as 
well as RNA-seq from 130 days post symptom onset. Individuals who 
were PCR-positive for SARS-CoV-2 were classified into five groups 
based on peak disease severity: asymptomatic (group A; n = 18, 3 M 
and 15 F; WHO clinical progression score = 1; age (median (range)),  
28 (20–71) yr), mild symptomatic (group B; n = 40 (9 M and 31 F); WHO 
score = 2–3; age, 31 (19–58) yr), moderate without supplemental oxy-
gen requirement (group C; n = 48 (25 M and 23 F); WHO score = 4; age, 
59.5 (17–87) yr), moderate with supplemental oxygen given as maximal 
respiratory support using low-flow nasal prongs, face mask, Venturi 
mask or nonrebreather face mask (group D; n = 39 (25 M and 14 F); WHO 
score = 5; age, 65 (35–87) yr) and severe with requirement for noninva-
sive ventilation, mechanical ventilation or extracorporeal membrane 
oxygenation (group E; n = 69 (52 M and 17 F); WHO score = 6–10; age, 
56 (25–89) yr). The mean time in hospital for patients in groups C,  
D and E with known date of discharge was 4.7 (IQR, 1–7), 11.2 (IQR, 6–16) 
and 52.6 d (IQR, 26.5–61.2), respectively. Twenty-four hospitalized 
patients (group E, n = 21; group D, n = 2 and group C, n = 1) died over 
the course of the study period. An additional 45 HCs with confirmed 
negative SARS-CoV-2 serology (25 M and 20 F; age, 40 (19–73) yr) 
were used as reference in all clinical assays and statistical analyses; 
28 additional historical healthy control samples stored previous to 
November 2019 (14 M and 14 F; age, 62 (22–80) yr) were included in 
the RNA-seq analyses (total n = 60, 26 M and 45 F); age, 50 (19–80) yr). 
No statistical methods were used to pre-determine sample sizes, and 
recruitment was based on access to and availability of participants 
during national lockdown. Demographics of all COVID-19 patients 
and HC and the baseline clinical features of patients in groups A–E 
and HCs are included in Supplementary Table 1.

Participant recall and sampling, beyond the study period exten-
sively described previously20, occurred at approximately 3, 6 and 
12 months following recruitment. At each time point, blood samples 
were drawn in sodium citrate, serum and PAXgene blood RNA tubes  
(BD Biosciences) and processed by members of the CITIID–NIHR COVID 
BioResource Collaboration, as previously described20. Serum aliquots 
were taken from approximately 9 ml of blood, spun at 800g for 10 min. 
Peripheral blood mononuclear cells were isolated from approximately 
27 ml blood collected in 10% sodium citrate tubes using Leucosep tubes 
(Greiner Bio-One) with Histopaque 1077 (Sigma) by centrifugation at 
800g for 15 min. The PBMC interface was collected, rinsed twice with 
autoMACS running buffer (Miltenyi Biotech) and cryopreserved in FBS 
with 10% dimethylsulfoxide previous to cell staining for immunopheno-
typing. The PAXgene blood RNA tubes were kept at room temperature 
for 2 h and then stored at −80 °C before RNA extraction. Patient sam-
pling time lines were aligned by days post COVID-19 symptom onset, or 
the first positive swab in the case of asymptomatic participants, for all 
downstream analyses. To remove the possibility of confounding effects 
due to vaccination on late parameters, final time-point data from 
25 participants who had received an mRNA-based COVID-19 vaccine 
before final sampling (within day 180–360 post onset) and a further 

ten for whom vaccine status could not be ascertained following the 
initiation of UK vaccine regimens in December 2020 were excluded.

Clinical data collection
Laboratory test results for hospital blood screening assays conducted 
during the preliminary study period (including serum cytokine, CRP, 
hemoglobin and ferritin concentrations), and repeated on recall 
samples and HCs, were extracted from Epic electronic health records 
(Addenbrooke’s Hospital) and MetaVision ICU (RPH). High-sensitivity 
CRP, hemoglobin and ferritin levels were measured by the NIHR  
Cambridge Biomedical Research Centre Core Biochemical Assay Labo-
ratory using standard assays. The levels of the serum cytokines IL-6, 
IL-10, IL-1β, TNF-α and IFN-γ were measured using a High-sensitivity 
base kit HS cytokine A mag (product code LHSCM000, Bio-Techne R&D 
Systems) on a Luminex analyzer (Bio-Plex) by the Clinical Immunology 
Laboratory at Addenbrooke’s Hospital.

Follow-up questionnaire and long-term symptom groups
A follow-up questionnaire for the assessment of long-term outcomes 
following COVID-19 was based on a published tool developed by 
Cambridge University Hospitals for assessing rehabilitation need 
in patients with COVID-19 who had prolonged intensive-care-unit 
stays89. The original tool (the post-ICU presentation screen, PICUPS) 
was developed by a cross-disciplinary group of experienced clinicians 
and pilot tested in 26 hospitals across England. The modified question-
naire (Supplementary Note 1) was administered to patients in groups 
B–E 3–5 months (Q1; n = 107; mean 116 d post onset; IQR, 103–127 d 
post onset) and 9–10 months (Q2; n = 59; mean 287 d post onset; IQR, 
260–320 d post onset; Supplementary Fig. 1), and assessed a range 
of long-term self-reported outcomes. The participants were asked to 
report only on symptoms arising or worsening in severity following 
SARS-CoV-2 exposure. Only responses to questions requiring symp-
tom severity scoring on a numerical scale from zero (worst) to five 
(best), as opposed to yes–no or descriptive responses, were included 
in the symptom group classification. Participant scores across seven 
symptom categories (fatigue, dyspnea, cough, pain, cognition and 
memory, new neurology and muscle weakness) were used to classify 
individuals into PS or NPS symptom groups at each questionnaire time 
point, as detailed below.

Questionnaire responses across both Q1 and Q2 were clustered 
using hclust in R. Two distinct clusters of questionnaire responses were 
defined using cutree, clearly distinguishing participants reporting PS 
or NPS at long-term follow-up. Biological samples collected before day 
180 were analyzed based on the symptom group derived from the Q1 
responses, those collected after day 180 were analyzed based on the 
symptom group derived from the Q2 responses. After exclusion of 
data from individuals for whom reporting took place after SARS-CoV-2 
vaccination (or with unknown vaccination status), n = 97 Q1 responses 
(26, 37, 22 and 12 from groups B, C, D and E, respectively) and n = 26 Q2 
responses (1, 9, 7 and 9 from groups B, C, D and E, respectively) were 
linked to previous sampling time points for downstream analysis.

Serum iron, hepcidin and EPO assays
Quantification of serum iron, total iron binding capacity  
(TIBC), transferrin, hepcidin and EPO was conducted by the NIHR  
Cambridge Biomedical Centre Core Biochemistry Assay Laboratory at 
Addenbrooke’s Hospital. Serum iron was measured using the Siemens 
Healthineers Dimension EXL iron assay (product code DF85) through 
absorbance-based detection of ferrous iron–Ferene complexes.  
Transferrin levels were quantified using a Siemens Healthineers Dimen-
sion EXL transferrin assay (product code DF103), a turbidimetric assay 
involving the formation of immune complexes between transferrin 
and antitransferrin. A Siemens Healthineers Dimension EXL IBCT assay 
(product code DF84) was used to determine TIBC. This is a colorimetric 
assay involving the addition of excess iron to saturate transferrin-iron 
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binding sites, with excess unbound iron incorporated into ferrous 
iron–Ferene complexes and photometrically quantified as described 
above. Acidification of the reaction releases transferrin-bound iron 
for further incorporation into ferrous iron–Ferene complexes, result-
ing in increased absorbance in proportion to the concentration of 
transferrin-bound iron and thus TIBC. All assays were automated on a 
Siemens Dimension EXL analyzer. Transferrin saturation was calculated 
as: TSAT = (serum iron / TIBC) × 100.

Serum hepcidin levels were measured using a Bio-Techne R&D 
Systems human hepcidin Quantikine ELISA kit (product code DHP250), 
a quantitative sandwich ELISA method using an antihuman hepcidin 
monoclonal capture antibody and detection antibody, the latter con-
jugated to horseradish peroxidase. The enzyme oxidizes an added 
chromogen for photometric detection of a colored complex. Serum 
EPO was measured in a similar fashion using a Bio-Techne R&D Sys-
tems human erythropoietin Quantikine IVD ELISA kit (product code 
DEP00); the analyte was captured using monoclonal mouse anti-EPO 
and detected using a polyclonal rabbit anti-EPO conjugated to horse-
radish peroxidase.

Reticulocyte counts
Reticulocyte counts, IRF fractions, reticulocyte hemoglobin content 
and mean corpuscular hemoglobin concentrations were measured 
on blood samples collected between day 0 and 180 using a Sysmex 
XN-1000 hematology analyzer as per the manufacturer’s instructions.

Flow immunophenotyping
Flow immunophenotyping was performed with five florescent antibody 
panels, staining approximately 1 × 106 PBMCs, using a five-laser BD 
Symphony X-50 flow cytometer. Sample population gating was per-
formed in FlowJo v10.2. The antibody panels and gating schema have 
been previously described in detail20. BD TruCount tubes (product code 
340334, BD Biosciences) were used as per the manufacturer’s instruc-
tions for direct enumeration of T, B and NK cells. Enumerated parent 
populations were used to calculate the absolute counts (cells ml−1) of 
gated daughter populations.

Whole-blood RNA-seq
Extraction of whole-blood RNA stored in PAXgene blood RNA tubes 
(product number 762165, BD Biosciences) was performed using a PAX-
gene blood RNA kit (product number 762164; PreAnalytiX, Qiagen) as 
per the manufacturer’s protocol. A SMARTer stranded total RNA-seq 
v2–pico input mammalian kit (product number 634413, Takara) was 
used as specified by the manufacturer to prepare RNA-seq libraries 
using 10 ng RNA as the input. The libraries were sequenced using 75-bp 
paired-end chemistry on a HiSeq4000 instrument (Illumina). The 
sequencing read quality was assessed using FastQC v0.11.8 (Babraham 
Bioinformatics), with trimming of SMARTer adapters and poor-quality 
terminal bases (Phred score threshold < 24) with Trim Galore v0.6.4 
(Babraham Bioinformatics). Ribosomal RNA contamination was 
removed using BBSplit (BBMap v38.67) and clean reads were aligned 
to the human reference genome GRCh38 using HISAT2 v2.1.0. Align-
ment.bam files were merged and read count matrix generated using the 
function featureCounts from the R package Rsubread (v2.0.1). Count 
data were stored in a DGEList object with accompanying gene annota-
tions and patient metadata for downstream handling (EdgeR v3.28.1). 
Nineteen samples with fewer than 2,000,000 assigned reads, and one 
sample with an abnormal read distribution were excluded. Genes with 
>1 count per million reads in >5% of samples were retained, and genes 
on the Y chromosome and the X-chromosome inactivation factor XIST 
were excluded, leaving a total of 22,354 genes with expression counts 
across 610 serial COVID-19 and control whole-blood samples. Nor-
malization for library size was performed using the calcNormFactors 
function from EdgeR (v3.28.1). The function voom (limma v3.42.2) was 
applied to the count matrix to estimate the mean-variance relationship, 

enabling adjustment for heteroscedasticity. Batch variation identifi-
able across seven sequential RNA extraction batches was corrected 
for using the empiricalBayesLM function from the R package WGCNA 
(v1.69), using transcriptomes from HCs as well as group A and B sam-
ples taken beyond day 60 as references. Residual batch variation was 
corrected for by the inclusion of a batch covariate in the statistical 
model for differential gene expression analysis as described in the 
‘Statistical analysis’ section. Genes were annotated using the R package 
AnnotationDbi (v1.48.0).

Mass spectrometry
Previously published PBMC mass spectrometry data for seven HCs and 
21 patients with COVID-19 during early disease (day 0–14), included in 
a published proteomic analysis of the same disease cohort, were used. 
All methods are detailed in the associated text36.

CITE-seq
The CITE-seq data were downloaded from the public portal https://
covid19cellatlas.org/. Cell metadata and raw unique molecular iden-
tifier counts for mRNA and antibody-derived tags (surface protein 
counts) were extracted and analyzed using R as described in the ‘Statis-
tical analysis’ section. The expression distribution of lineage-defining  
surface proteins from cell clusters of interest confirmed the validity of 
subset annotations (Extended Data Fig. 4b).

Statistical analysis
All statistical analyses were conducted in R v3.6.0 (ref. 90) using custom 
scripts and publicly available analysis packages. Longitudinal patient 
data for all biological and clinical measures were analyzed within sever-
ity (A–E) or persistent symptom (PS/NPS) groups, within sequential 
time windows spanning days 0–14, 14–30, 30–90, 90–180, 180–270 and 
270–360 post COVID-19 onset. Due to low sample numbers, absolute 
cell counts derived from samples collected during day 180–360 were 
analyzed together in one window. Any severity-time window group-
ing containing two or fewer samples was excluded from analysis. For 
all severity group analyses, SARS-CoV-2-negative or historically col-
lected HCs (RNA-seq only) were used as the reference comparison 
group throughout. Measured variables from individuals who went on 
to report PS were compared with those who went on to report NPS at 
each sampling time point. Hospital assays for ferritin concentrations 
were not performed on HC serum, so data collected for group A and 
B samples taken after day 90 were used as a representative ‘healthy’ 
baseline for these measures. For patients with repeated measures col-
lected within a given time window, only the earliest sampling point was 
retained, except for analyses treating time as a continuous variable. 
Clinical variables (serum cytokines, inflammatory markers, iron and 
reticulocyte parameters, and absolute cell counts) were normalized by 
log2-transformation and COVID-19 severity group effects were tested 
using multivariate linear regression with correction for age (treated as 
a continuous integer value) and sex as covariates. The PASC symptom 
group effects were tested with age correction only as NPS and PS groups 
were sex matched at both questionnaire time points.

The validity of using age as a linear covariate for age-bias correc-
tion was tested by assessing the nature of age associations with clinical 
and cellular parameters in HCs and COVID-19 severity group samples 
taken beyond day 180 (Supplementary Methods). Only 13—including 
IL-6, IL-10, IRF, CD4 T cells (naive and activated, and naive:activated 
ratio), CD8 T cells (absolute counts, naive and activated:naive ratio), 
γδ T cells (total, Vγ9+Vδ2hi and Vγ9+Vδ2lo) and MAIT cells—of the 47 
measured parameters showed evidence of an association with age. 
For all these parameters, age effects could be effectively modeled 
using a linear covariate in HCs and patients with COVID-19. Differences 
detected between the PS and NPS groups (which also varied in age) were 
confirmed by a Wilcoxon test in various matched subsamples of the 
cohort, including age-matched participants, and age and acute disease 
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severity-matched participants (with exclusion of group B patients, 
overrepresented in the NPS group, from analyses).

Whole-blood differential gene expression analysis between each 
severity group–time window comparison and HCs (or symptom group 
comparison) was performed using the lmFit function from the package 
limma91, applied to weighted linear models using voom92, adjusting for 
age, sex and RNA extraction batch using the design formula model.
matrix(∼0 + group + age + sex + extractbatch).

Intra-patient correlations were modeled using duplicateCorrela-
tion to account for repeated sampling, with the patient ID used as a 
blocking factor. Test statistics for each gene expression comparison 
were regularized using the empirical Bayes method (eBayes in limma) 
with P values adjusted for multiple testing using the FDR. Genes with an 
absolute log2(fold change) ≥ 0.5 and PFDR < 0.1 were considered signifi-
cantly differentially expressed. A GSEA analysis was performed using 
the limma function camera93 with HALLMARK and WP_FERROPTOSIS 
(here ‘iron homeostasis’) gene sets from the MSigDB database94 or 
curated gene lists from published transcriptome analyses (IRE_HQ)32. 
Gene-set scores for heme metabolism and iron-homeostasis gene sets 
were derived using a PCA analysis of gene-set gene expression counts 
across all sampling time points. PC1 was used to capture variation in 
gene-set expression across samples as a continuous variable and mod-
eled within each severity group using polynomial splines. Spearman 
correlations between gene-set scores and biological measures were 
computed within each analysis time window, using residuals extracted 
from the regression of each variable with days post onset to first cor-
rect for a possible confounding effect of time. The use of raw data or 
extracted residuals had minimal effect on correlation outcomes.

The CITE-seq UMAP plot shown for visualization purposes was 
calculated using 50 principal components based on variable mRNA 
defined using Seurat95 with the method ‘vst’ in the FindVariableGenes 
function. The UMAP R package was used to calculate UMAP embeddings 
using the hyperparameters n neighbors = 40, spread = 0.5, minimum 
distance = 0.4 and random state = 42. Raw protein antibody-derived-tag 
counts were normalized and denoised using the dsb function Model-
NegativeADTnorm96 to remove rescale data to define the background 
signal of each protein and to remove cell-to-cell technical variations 
using per cell models and isotype controls. The function arguments 
were denoise.counts = TRUE, use.isotype.control = TRUE, pseudoc-
ount.use = 1 and quantile.clipping = TRUE. The dsb-normalized data 
were used in downstream analyses. To analyze the relative expression 
of each signature, raw UMI RNA counts were aggregated using the aver-
age expression per individual of each gene, and each gene signature 
was further aggregated as the mean of the genes in the signature per 
individual for each cell type. Cell types were defined using the author’s 
published annotations. The 80th percentile of median sample level 
expression across all cell types are highlighted as defining the main 
source of the signature, with other cell types merged into the ‘other’ 
population. Cell frequencies for each cluster were calculated for each 
sample as the number of cells divided by the total cells for that indi-
vidual’s sample. Cell frequency comparisons between healthy donors 
and patients with COVID-19 were tested using a two-sided Wilcoxon 
rank test. Validation of the relative expression of iron-homeostasis 
genes across cell types, and monocyte cluster frequencies in the COVID-
19 and HC groups, was performed using publicly available CITE-seq 
data from Schulte-Schrepping and colleagues40. The protein corre-
lations across subsets were done on the median marker expression 
per subset. The subset of proteins with the highest difference in the 
Spearman’s correlation of CD71 with all other proteins in patients 
with COVID-19 compared with HCs are shown with a cutoff of a differ-
ence of 0.23. Analysis of protein correlation with iron homeostasis 
signatures within cell subsets was done using a linear model. Average 
dsb-normalized protein expression of each marker in monocytes was 
associated with the average expression of the iron homeostasis driver 
gene signature from the earliest time point for the COVID-19 samples. 

Protein coefficients were regularized toward the average effect using 
the eBayes function with limma.

Data collected across cellular, serum and reticulocyte variables, 
within each time window, were used for supervised PLS-DA analysis 
of symptom groups (PS versus NPS) using the plsda function from 
the package mixOmics (v6.10.9)97. The function tune.splsda was used 
to determine the variables that were most informative in symptom 
group discrimination within the day 14–30 time window, based on 30 
permutations of fourfold cross-validation. Fifteen variables selected in 
≥85% of permutations were used to cluster Q1 symptom groups based 
on patient data collected between days 14 and 30.

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

Data availability
All datasets used in the generation of presented figures—including 
cell counts, serum measures, Sysmex hematology data, PAXGene 
whole-blood RNA-seq gene expression counts, patient metadata 
and PASC group assignments—can be downloaded from the Zenodo 
repository (https://doi.org/10.5281/zenodo.10161238). Whole-blood 
RNA-seq data are available through the European Genome-Phenome 
Archive (EGA, ID: EGAS00001005332). CITE-seq processed data are 
available to download from Array Express using accession number 
E-MTAB-10026. Published CITE-seq data from Schulte-Schrepping 
et al.40 used for replication analysis are available through the EGA (ID: 
EGAS00001004571). HALLMARK and WP_FERROPTOSIS gene sets are 
accessible through the MSigDB database (https://www.gsea-msigdb.
org/gsea/msigdb/). The IRE gene set IRE_HQ is available as supplement 
in the article by Hin et al.32 and the iron-starvation gene set was taken 
from Table 3 (‘genes upregulated in iron-free medium’) in the associated 
publication by Chicault and colleagues38. Gene sets are also available 
in Supplementary Tables 2–4.
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Extended Data Fig. 1 | Whole blood HALLMARK gene-set enrichment and 
heme synthesis gene expression changes in COVID-19 severity groups over 
time. a, GSEA using MSigDB HALLMARK gene-sets run on the log2FC ranked gene 
lists for each COVID-19 severity group (A-E) and time-window comparison with 
HC. Shade represents FDR adjusted p-value, with gene sets up- or downregulated 

in COVID-19 colored in red or blue respectively. b, Log2 fold-change of heme 
synthesis genes as taken from DGE analysis of COVID-19 severity groups and HC 
with age and sex correction, within time windows from symptom onset. FDR 
adjusted P-values from linear model fit: *p<0.1, **p<0.05, ***p<0.005.
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Extended Data Fig. 2 | Whole blood transcriptional scores correlated with 
measured serum and cellular parameters in COVID-19 severity groups over 
time. a, PCA of COVID-19 patient and HC whole-blood transcriptomes across all 
sampling timepoints using genes in the HALLMARK heme metabolism gene-set 
(left), or iron-homeostasis gene-set (right). Points are colored according to 
mean expression across gene-set genes. PC1 scores are used to capture variation 
in gene set expression. b, Spearman correlation between HALLMARK heme 

metabolism score (top) or iron homeostasis score (bottom) and other measured 
biological variables in hospitalized patients (groups C–E combined) within 
discrete time windows. Variables are corrected for time by extracting residuals 
from linear regression with days post-onset prior to correlation. Asterisks 
represent significance at P<0.05 prior to FDR correction, points are colored 
according to strength of correlation.
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Extended Data Fig. 3 | Altered expression of iron-response gene-sets in 
COVID-19 severity groups over time. a, Distribution of log2FC values across 324 
measured genes with high-quality conserved iron-response elements (IRE_HQ) 
in their 3’ or 5’ UTR, derived from the whole-blood transcriptome comparison 
of COVID-19 severity groups (A-E) and HC over successive time windows. b, 
Distribution at day 0-14 from a, compared to corresponding distribution of 
log2FC values across 150 measured proteins in the IRE_HQ gene set, taken from 
matched samples within the same time window. Samples from patients in groups 
D and E, and groups A and B, were analyzed together relative to HC to improve 
sample sizes (n(HC)=7, n(A_B)=7, n(C)=5, n(D_E)=9). c, Correlation of log2FC 
values from the transcriptional comparison of group E patients and HC, and the 
protein level comparison of groups D+E and HC, at day 0-14. Pearson’s correlation 

coefficient and p-value shown. d, Distribution of log2FC values across 60 
measured iron homeostasis genes, derived from the whole blood transcriptome 
comparison of COVID-19 severity groups and HC over successive time windows, 
GSEA p-value from gene-set enrichment analysis shown. e, Heat map showing 
log2FC of each gene in more detail. Significantly differentially expressed genes 
(PFDR<0.1, abs(log2FC) >0.5) are indicated with asterisks: * PFDR<0.1, ** PFDR<0.05, 
***PFDR<0.005. f, Change in expression of master regulator of the antioxidant 
response, NFE2L2 (encoding NRF2), over time and across severity groups. Gray 
bar indicates IQR of the interquartile range of the HCs. FDR adjusted p-values 
from linear model fit: *p<0.1, **p<0.05, ***p<0.005. Boxplots show minimum,  
25th percentile, median, 75th percentile and maximum, and outliers beyond  
1.5 times the interquartile range.
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Extended Data Fig. 4 | Multimodal single cell analysis of iron-related  
gene signatures. a, Heatmap of dsb normalized surface protein expression 
across cell subsets. Values are scaled for each protein across cell clusters. 
 b, Distribution of cell surface protein expression in myeloid-derived cell subsets 
with highest expression of iron-related signatures, and reticulocytes. c, Data 
from Schulte-Schrepping et al. as validation of data shown in Fig. 4b,c. (top) 
Average expression of iron-homeostasis genes aggregated at the sample level 
within each cell cluster (COVID-19 patients and HC are combined). Cell types 

with the highest 80th percentile of average signature expression relative to other 
cell types, across individuals, are shown, with all other clusters merged into the 
population “other”. (bottom) Cell frequency of myeloid populations as a fraction 
of the total sequenced cells per individual, compared between COVID-19 patients 
(orange) and HC (black). The right margin shows -log10 of the p-value comparing 
COVID-19 and HC with a two-sided Wilcoxon rank test. Boxplots show minimum, 
25th percentile, median, 75th percentile and maximum, and outliers beyond  
1.5 times the interquartile range.
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Extended Data Fig. 5 | Classification and characteristics of PASC persisting 
symptom (PS) and no persisting symptom (NPS) groups. a, Grouping of 
patients with persisting symptoms (PS) or no persisting symptoms (NPS) of 
COVID-19 from hierarchical clustering of symptom severity scores (0 worst to  
5 best) across 7 symptom categories, reported at Q1 (month 3–5 post-onset) and 
Q2 (month 9–10 post-onset). Disease severity group (B-E) and total symptom 
score (summation across symptoms) is indicated above heatmap. b, Comparison 
of time from first COVID-19 symptom to follow-up at each questionnaire 
timepoint for PS and NPS groups. P-value derived from two-sided t-test 

comparison of group means. c, Flow of participants between symptom groups 
at two follow-up timepoints for 35 individuals providing responses for both. 
d, Proportion of NPS and PS individuals within disease severity groups (B-E) at 
both questionnaire timepoints. e, Distribution of sex, f, viral titer (as assessed by 
SARS-CoV-2 positive swab cycle threshold value) and g, age between PS and NPS 
groups at both follow-up time-points. P-values calculated by two-sided t-test. 
Boxplots show minimum, 25th percentile, median, 75th percentile and maximum, 
and outliers beyond 1.5 times the interquartile range. PS = persisting symptom,  
NPS = no persisting symptoms, Q1 = questionnaire 1, Q2 = questionnaire 2.
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Extended Data Fig. 6 | See next page for caption.
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Extended Data Fig. 6 | Sensitivity analysis of PASC symptom group 
differences. a, Age matching of symptom groups upon exclusion of individuals 
<30 years of age. P-value derived from two-sided t-test. b, Results from re-analysis 
of clinical parameters using a two-sided Wilcoxon test applied to the age-
matched PS and NPS groups shown in a. Black asterisks represent significance at 
p-value.p<0.1, *p<0.05, **p<0.005. c, Test of symptom group effect using a linear 
model applied to log2 transformed parameters with correction for acute disease 
severity group (group B-E). P-value thresholds as in b. d, Re-analysis of clinical 

parameters by two-sided Wilxocon test in age and acute disease severity matched 
PS and NPS groups. Age and severity matching is shown in e, p-value thresholds 
as in b. f, Patient-level findings for iron and inflammatory parameters shown in 
d. Timepoints of interest are indicated with red arrows. Patients are colored by 
acute disease severity. Boxplots show minimum, 25th percentile, median,  
75th percentile and maximum, and outliers beyond 1.5 times the interquartile 
range. PS = persisting symptom, NPS = no persisting symptoms.

http://www.nature.com/natureimmunology









	Iron dysregulation and inflammatory stress erythropoiesis associates with long-term outcome of COVID-19
	Results
	Immune-cell abnormalities persist following COVID-19
	Effect of inflammatory anemia on stress erythropoiesis post COVID-19
	Prolonged changes to iron handling in patients with COVID-19
	Cellular deconvolution of iron signatures with multimodal single-cell data
	Early inflammatory iron dysregulation persists in PASC

	Discussion
	Online content
	Fig. 1 Longitudinal characterization of immunological recovery in COVID-19 severity groups.
	Fig. 2 Inflammatory anemia and iron-deprived reticulocyte expansion in patients with moderate–severe COVID-19.
	Fig. 3 Transcriptional changes to iron-homeostasis pathway genes in hospitalized patients with COVID-19.
	Fig. 4 Multimodal single-cell analysis of iron-related signatures.
	Fig. 5 Differences in long-term symptom groups across measured serum, cellular and transcriptional variables.
	Extended Data Fig. 1 Whole blood HALLMARK gene-set enrichment and heme synthesis gene expression changes in COVID-19 severity groups over time.
	Extended Data Fig. 2 Whole blood transcriptional scores correlated with measured serum and cellular parameters in COVID-19 severity groups over time.
	Extended Data Fig. 3 Altered expression of iron-response gene-sets in COVID-19 severity groups over time.
	Extended Data Fig. 4 Multimodal single cell analysis of iron-related gene signatures.
	Extended Data Fig. 5 Classification and characteristics of PASC persisting symptom (PS) and no persisting symptom (NPS) groups.
	Extended Data Fig. 6 Sensitivity analysis of PASC symptom group differences.




