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A proportion of patients surviving acute coronavirus dis-
ease 2019 (COVID-19) infection develop post-acute COVID 
syndrome (long COVID (LC)) lasting longer than 12 weeks. 
Here, we studied individuals with LC compared to age- and 
gender-matched recovered individuals without LC, unexposed 
donors and individuals infected with other coronaviruses. 
Patients with LC had highly activated innate immune cells, 
lacked naive T and B cells and showed elevated expression of 
type I IFN (IFN-β) and type III IFN (IFN-λ1) that remained per-
sistently high at 8 months after infection. Using a log-linear 
classification model, we defined an optimal set of analytes 
that had the strongest association with LC among the 28 ana-
lytes measured. Combinations of the inflammatory mediators 
IFN-β, PTX3, IFN-γ, IFN-λ2/3 and IL-6 associated with LC 
with 78.5–81.6% accuracy. This work defines immunological 
parameters associated with LC and suggests future opportu-
nities for prevention and treatment.

Acute COVID-19, caused by infection with severe acute respi-
ratory syndrome coronavirus 2 (SARS-CoV-2), is characterized 
by a broad spectrum of clinical severity, from asymptomatic to 
fatal1,2. The immune response during acute illness contributes to 
both host defense and pathogenesis of severe COVID-19 (ref. 3).  
Pronounced immune dysregulation with lymphopenia and 
increased expression of inflammatory mediators3,4 have been 
described in the acute phase. Following acute COVID-19 infection, 
a proportion of patients develop physical and neuropsychiatric 
symptoms lasting longer than 12 weeks (known as Long COVID, 
chronic COVID syndrome or post-acute sequelae of COVID-19 
(ref. 5)), henceforth denoted as LC. Although similar syndromes 
have been described following infection with SARS-CoV-1 (ref. 6)  
and Middle East respiratory syndrome–related coronavirus7, 
LC often develops after mild-to-moderate COVID-19 (refs. 8,9). 
Symptoms persisting 6 months were observed in 76% of hospi-
talized patients, with muscle weakness and fatigue being most 
frequently reported10,11. LC affects between 10% and 30% of 
community-managed COVID-19 cases 2 to 3 months after infec-
tion12,13 and can persist >8 months after infection14. LC symptoms 
include severe relapsing fatigue, dyspnea, chest tightness, cough, 

brain fog and headache15. The underlying pathophysiology of LC 
is poorly understood.

Here, we analyzed a cohort of individuals followed systemati-
cally for 8 months after COVID-19 infection according to a pre-
defined schedule, comparing them to healthy donors unexposed 
to SARS-CoV-2 (unexposed healthy controls (UHCs)) before 
December 2019, and individuals who had been infected with preva-
lent human coronaviruses (HCoVs; HCoV-NL63, O229E, OC43 or 
HKU1), but not SARS-CoV-2. The ADAPT study9 enrolled adults 
with SARS-CoV-2 infections confirmed by PCR at St Vincent’s 
Hospital community-based testing clinics in Sydney (Australia). 
For the majority of participants, their first visit occurred between 
months 2 and 3 after infection (median of 79 days after the date 
of initial diagnosis)9,14, with 93.6% and 84.5% of participants com-
pleting subsequent month 4 (median, 128 days) and month 8 
(median, 232 days) visits (Table 1). Of the 147 patients recruited 
(70.5% through ADAPT sites and 29.5% externally), 31 participants 
(21.08%) were designated as LC based on the occurrence of one of 
three major symptoms (fatigue, dyspnea or chest pain) at month 4 
(Supplementary Table 1). These participants were age and gender 
matched with 31 asymptomatic matched controls (MCs) from the 
same cohort who did not report symptoms at month 4 after infec-
tion but were symptomatic during the acute phase of the infection 
(Supplementary Table 2). There was a 10% trend toward some 
improvement of symptoms over time in LC, but this trend was not 
statistically significant (Fisher’s exact P = 0.44).

To examine biomarkers associated with LC, we assessed 28 ana-
lytes in the serum of patients from the LC, MC, HCoV and UHC 
groups at month 4 after infection using a bead-based assay. Six 
proinflammatory cytokines (interferon β (IFN-β), IFN-λ1, IFN-γ, 
CXCL9, CXCL10, interleukin-8 (IL-8) and soluble T cell immuno-
globulin mucin domain 3 (sTIM-3)) were elevated in the LC and 
MC groups compared to the HCoV and UHC groups (Fig. 1), with 
no difference observed in the 22 other analytes, including IL-6 and 
IL-33 (Extended Data Fig. 1). There was no difference between LC 
and MCs for any individual analyte at this time point (Extended 
Data Fig. 1a, b). IFN-β was 7.92-fold and 7.39-fold higher in the 
LC and MC groups compared to the HCoV group and 7.32- and 
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6.83-fold higher compared to UHCs (Fig. 1a). IFN-λ1 was increased 
2.44-fold and 3.24-fold in the LC and MC groups compared to the 
HCoV group and 2.42- and 3.21-fold compared to UHCs. IL-8 was 
higher in the LC (3.43-fold) and MC (3.56-fold) groups compared to 
the HCoV and UHC groups (Fig. 1a). CXCL10 was elevated in the 
LC group compared to the HCoV (2.15-fold) and UHC (3.2-fold) 
groups and in the MC group compared to the HCoV (1.7-fold) and 
UHC (3.06-fold) groups. CXCL9 was 1.69-fold higher in the LC 
group than in the UHC group, and sTIM-3 was elevated in the LC 
group, but not the MC group, when compared to the HCoV group 
(1.46-fold) (Fig. 1a and Extended Data Fig. 1c).

IFN-β and IFN-λ1 decreased 4.4-fold and 1.8-fold, respectively, 
in the MC group at month 8 compared to month 4 (Fig. 1b). In the 
LC group, IFN-β decreased by 1.5-fold, and IFN-λ1 increased by 
1.05-fold at month 8 compared to month 4, which was not statisti-
cally significant (Fig. 1b). At month 8, IFN-β and IFN-λ1 remained 
significantly elevated in the LC group compared to the MC, HCoV 
and UHC groups (Extended Data Fig. 2a). Reductions in CXCL9, 
CXCL10, IL-8 and sTIM-3 were observed in the LC and MC groups 
at month 8 compared to month 4 (Fig. 1b). At month 8, there was 
also decreased expression of some of the 22 analytes that were not 
significantly different among the four groups at month 4 (Extended 
Data Fig. 2b,c).

Because plasma ACE2 activity has been reported to be elevated 
114 days after SARS-CoV-2 infection16, we investigated whether this 
occurred in our cohort at months 3, 4 and 8 after infection. Median 
plasma ACE2 activity was significantly higher in both LC and MC 
groups compared to the HCoV group at month 3 (LC, 1.92-fold; 
MC, 2.47-fold) and month 4 (LC, 1.75-fold; MC, 2.62-fold) after 
infection (Fig. 1c). At month 8, plasma ACE2 activity in the LC and 
MC groups decreased to levels observed in the HCoV and UHC 
groups (Fig. 1c). No difference was observed within LC and MC 

groups at months 3, 4 or 8, but both groups had higher activity com-
pared to the HCoV group, suggesting that this parameter is spe-
cific to SARS-CoV-2 infection and is not a common feature of other 
coronaviruses.

Next, we used a classification model to determine an optimal 
set of analytes most strongly associated with LC. This linear classi-
fier was trained on log-transformed analyte data to reduce the bias 
observed in each of the analytes and improve model accuracy. This 
log-linear classification model was used to develop a metric for fea-
ture importance17. To identify analytes that were associated with LC 
and not MC, we used the analyte data at month 8, the time point 
with the greatest difference between the LC and MC groups. The 
performance of each of the log-linear models was quantified by an 
accuracy estimate and an F1 score evaluated by taking averages after 
bootstrapping, which randomly sampled from the original popula-
tion to create a new population. By considering every possible pair 
of the 28 serum analytes and plasma ACE2 activity, a classification 
model including two analytes (IFN-β and pentraxin 3 (PTX3)) had 
an LC prognostic accuracy of 78.54% and an F1 score of 0.77. Three 
analytes (IFN-β, PTX3 and IFN-γ) achieved an accuracy of 79.68%, 
with an F1 score of 0.79. Four analytes (IFN-β, PTX3, IFN-λ2/3 and 
IL-6) achieved an accuracy of 81.59% and an F1 score of 0.81. When 
all 29 analytes were featured, the calculated accuracy was 77.4%, 
with an F1 score of 0.76 (Table 2).

After generating 1,000 randomly sampled populations, we 
counted the number of times each feature appeared in the best per-
forming set of features, combining sets if several sets achieved the 
same accuracy. This revealed that IFN-β was the most important 
feature, appearing in 89%, 93% and 94% of the best sets of two, three 
and four features, respectively (Fig. 2a). Linear classifiers defined 
a decision boundary. Each patient analyte concentration at month 
8 lied on either side of the boundary, and its positioning relative 

Table 1 | Patient characteristics

Characteristics LC MCs HCoVs uHCs (St Vincent’s) uHCs (university of 
Melbourne)

Number of samples 31 31 25 16 30

Age (y), mean ± s.d. 49.6 ± 14.9 48.9 ± 12.8 47.4 ± 16.9 37.13 ± 10.02 48.13 ± 11.89

Male, n (%) 15 (48) 15 (48) 14 (54) 8 (50) 15 (50)

Median days after positive SARS-CoV-2 
PCR (IQR)

128 (115–142) 120 (115–142) N/A N/A N/A

White, n (% total) 28 (90) 26 (84) 12 (75) N/A

Severity, n (% total)

 Hospitalized 8 (26) 2/31 (6)

 Community 23 (74) 29/31 (94) N/A N/A N/A

Comorbidities, n (% total) 12 (39) 12 (39) N/A N/A N/A

Transmission (acquired overseas), n (%) 13 (42) 15/31(48) N/A N/A N/A

Phenotyping (n) 14 14 N/A 7 –

HCoV positive (n) – – 26 – –

 HKU-1 1

 229E 14

 NL63 14

 OC43  10

ACE2 assay (n) 26 – 30

 Month 3 26 29 – –

 Month 5 25 24 – –

 Month 8 27 29 – –

Age, gender, ethnicity and comorbidities within the cohorts sampled. Patients infected with HCoV who were PCR positive for 229E were also positive for NL63. N/A not applicable.
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to the boundary determined whether the patient was predicted to 
experience LC or asymptomatic COVID (Fig. 2b). Although the 
decision boundary of the four featured analytes at month 8 is four 
dimensional, the boundary can be visualized with two-dimensional 
projections of IFN-β against the other highly associated analytes 
(PTX3, IFN-γ, IFN-λ2/3 and IL-6 (Fig. 2b). Longitudinal levels 
of these key feature cytokines indicate the advantage of log-linear 
models in differentiating LC from MCs (Fig. 2c).

To investigate differences in immune cell profiles between LC and 
MCs, we developed a 19-parameter flow cytometry panel and phe-
notyped peripheral blood mononuclear cells (PBMCs) from LC and 
MC donors at months 3 and 8 after infection. Dimensional reduction  
via TriMap coupled with Phenograph clustering (n = 14; LC = 7, 
MC = 7) identified 24 distinct cell clusters at month 3 and 21 clusters 

at month 8 (Extended Data Fig. 3a) including T, B, NK and myeloid 
cell clusters (Extended Data Fig. 3b,c). Concatenated phenotype data 
from each of the 7 LC or MC and 7 UHC contributed to every popu-
lation cluster (Extended Data Fig. 4a–d). Of the 24 subsets identified 
at month 3, five were absent in LC donors: naive CD127lowGzmB−

CCR7+CD45RA+CD27+CD8+ T cells, CD57+GPR56+GzmB+CD8+ 
T cells, naive CD127loTIM-3−CCR7+CD45RA+CD27+CD4+ T cells, 
innate-like CD3+CD4−CD8− T cells (may comprise natural killer 
T cells and γδ-T cells), and naive CD127loTIM-3−CD38lowCD27−IgD+ 
B cells (Fig. 3a). Three clusters remained absent at month 8 in 
LC donors (naive CD127lowGzmB−CCR7+CD45RA+CD27+CD8+  
T cells, naive CD127lowTIM-3−CCR7+CD45 RA+CD27+CD4+ 
T cells, and naive CD127lowTIM-3−CD38lowCD27−IgD+ B cells)  
(Fig. 3b), indicating perturbations at month 8 in LC donors. Naive  
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Fig. 1 | elevated levels of proinflammatory cytokines that persist more than 8 months following convalescence. a, Higher levels of IFN-β, IFN-λ1, CXCL9, 
CXCL10, IL-8 and sTIM-3 at 4 months in the LC group (n = 31) and MC (n = 31) compared to individuals infected with common cold coronavirus (HCoV) 
(n = 25) and unexposed healthy donors (n = 13). b, Reduction of cytokine levels at 8 months. IFN-β and IFN-λ1 levels were higher in the LC group than the 
MC group at month 8. c, ACE2 activity increased at months 3 and 4 after SARS-CoV-2 infection and then decreased at 8 months in both groups. ACE2 
activity in the HCoV and unexposed healthy donors (UHC) groups was minimal. Data are shown as medians with error bars representing interquartile 
ranges (IQRs). Kruskal–Wallis with Dunn’s correction was used for the 4-month analysis; two-tailed P values <0.05 (*), <0.01 (**), <0.001 (***) and 
<0.0001 (****) were considered significant. A Wilcoxon t test was used for paired comparison of 4- and 8-month data, and a Mann–Whitney t test was 
used for unpaired samples. HCoV, human endemic coronavirus infected; M, months; NS, not significant.
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T and B cells expressing low levels of CD127 and TIM-3 were 
detected in the MC and UHC groups but were absent in the LC 
group at months 3 and 8 (Extended Data Fig. 4e,f).

The frequency of highly activated CD38+HLA-DR+ myeloid 
cells was elevated at month 8 in the LC group compared to MCs  
(Fig. 3c). Frequencies of activated CD14+CD16+ monocytes were 
higher in the LC group compared to MCs at months 3 and 8. The 
percentages of plasmacytoid dendritic cells (pDCs) expressing the 
activation markers CD86 and CD38 were also higher in the LC 
group at both time points compared to MCs (Fig. 3c). There was 
no difference in the frequencies of activated CD11c+ myeloid den-
dritic cells between month 3 and month 8 (Extended Data Fig. 5a). 
The T cell activation and exhaustion markers PD-1 and TIM-3 were 
more highly expressed on CD8+ T cells in the LC group compared 
to MCs at month 3 (PD-1, 3.04-fold; TIM-3, 1.6-fold) and month 8 
(PD-1 2.86-fold) (Fig. 3d). However, PD-1 and TIM-3 coexpression 
was similar on CD4+ and CD8+ T cells in the LC and MC groups 
(Extended Data Fig. 5b).

Here, we show that convalescent immune profiles after  
COVID-19 are different from those following infection with other 
coronaviruses. Several cytokines (mostly type I and III IFN, but also 
chemokines downstream of IFN-γ) were highly elevated in indi-
viduals following the resolution of active SARS-CoV-2 infection 
compared to HCoVs and UHCs at month 4 after infection. IFN-β 
and IFN-λ1 remained elevated in the LC group at month 8 after 
initial infection, while their levels began to resolve in MCs. Elevated 
plasma ACE2 activity was noted in the LC and MC groups at month 
4 but trended toward normal by month 8 after infection. We identi-
fied a set of analytes (IFN-β, PTX3, IFN-γ, IFN-λ2/3 and IL-6) that 
highly associated with LC at month 8, indicating that components 
of the acute inflammatory response and activation of fibroblast or 
epithelial cells, T cells and myeloid cells are associated with LC. 
Immune cell phenotyping indicated chronic activation of a subset 
of CD8+ T cells, with expansion of PD-1+ and TIM-3+ subsets and 
pDCs and monocytes persisting from month 3 to month 8 in the 
LC group. These changes were accompanied by an absence of naive 
T and B cell subsets expressing low levels of CD127 and TIM-3 in 
peripheral blood of patients with LC. These findings suggest that 
SARS-CoV-2 infection exerts unique prolonged residual effects on 
the innate and adaptive immune systems and that this may be driv-
ing the symptomology known as LC.

IFN-β and IFN-λ1 were highly elevated in convalescent  
COVID-19 samples compared to HCoV and UHC samples. 
Although these levels decreased over time in patients who recov-
ered, they remained high in patients with LC. The morbidity of 
acute COVID-19 infection appears to correlate with high expres-
sion of type I and III IFN in the lungs of patients18. IFN-λ produced 
by murine lung dendritic cells in response to synthetic viral RNA 
is associated with damage to lung epithelium19, and IFN-λ signal-
ing hampers lung repair during influenza infection in mice20. Severe 
acute COVID-19 has been associated with diminished type I IFN 
and enhanced IL-6 and tumor necrosis factor (TNF) responses19. 
Although our cohort of individuals with LC consisted mostly of 
patients with mild or moderate initial illness, elevated type I and III 

IFN levels were maintained to month 8 after infection and are con-
sistent with the observed prolonged activation of pDCs, indicating 
a chronic inflammatory response.

Patients with COVID-19 who are admitted to the intensive 
care unit have high plasma levels of sTIM-3 (ref. 21). We found 
elevated levels of sTIM-3 in the LC group, but not in the MC or 
HCoV groups, which is consistent with the expanded subsets of 
memory CD8+ T cells expressing TIM-3 and PD-1 and indicates 
chronic T cell activation and potentially exhaustion. Similarly, shed-
ding of membrane-bound protein ACE-2 during acute infection22 
resulting in increased activity in plasma16 continues into convales-
cence, regardless of symptom severity at month 4, and normalizes at 
month 8 in most patients.

We employed a log-linear classification model to assess all 
combinations of analytes to determine the subset of analytes 
most strongly associated with LC. IFN-β, together with PTX3, 
IFN-λ2/3, IFN-γ and IL-6, differentiated LC from MCs with high 
accuracy at month 8. IFN-λ2/3 are secreted by pDCs following 
viral RNA sensing by TLR7, TLR9 and RIG-123,24. PTX3 increased 
in lung epithelia and plasma of patients with severe COVID-19 
and can serve as an independent strong prognostic indicator of 
short-term mortality25–27. IL-6 is a pleiotropic mediator that drives 
inflammation and immune activation28. A high IL-6/IFN-γ ratio is 
associated with severe acute COVID-19 infection29. The observa-
tion that the best correlate for LC is an eclectic combination of 
biomarkers reinforces the breadth of host response pathways that 
are activated during LC.

T cell activation (indicated by CD38 and HLA-DR), T cell 
exhaustion and increases in B cell plasmablasts occur during severe 
COVID-19 (refs. 30–32). These markers identified highly activated 
monocytes and pDCs, the frequencies of which decreased over 
time in MCs, but not in patients with LC. Type I and type III IFN 
upregulate major histocompatibility complex expression, includ-
ing HLA-DR33. An unbiased large-scale dimensional reduction 
approach identified the depletion of three clusters of naive B and 
T cell subsets present in the LC group at month 8 after infection. 
Altogether, these observations suggest persistent conversion of naive 
T cells into activated states, potentially due to bystander activation 
secondary to underlying inflammation and/or antigen presentation 
by activated pDCs or monocytes. The ultimate result of this chronic 
stimulation may be expansion of PD-1+ or TIM-3+ CD8+ memory 
T cells. Bystander activation of unactivated naive subsets into more 
activated phenotypes is consistent with observations in acute severe 
COVID-19 (refs. 34,35).

Although individuals with LC and MCs were matched for age 
and gender, it is possible that the differences observed reflect dif-
ferences in unrecognized factors between these groups. Although 
more LC donors had severe acute disease (eight LC donors and two 
MCs), sensitivity analyses excluding these patients did not alter the 
statistical significance of the major associations described here. 
Because of the timing of ethics approval and cohort setup, sam-
ples were not collected during acute infection. We were therefore 
unable to determine whether elevations in biomarkers during con-
valescence correlate with levels during acute infection. Although 

Table 2 | Accuracy and F1 score (with confidence intervals) for the top two, three and four features and all features identified by 
machine learning utilizing a log-linear classification model

Number of features Best features Accuracy Confidence interval F1 score Confidence interval

2 IFN-β, PTX3 0.7854 ±0.0019 0.7736 ±0.0025

3 IFN-β, PTX3, IFN-λ 0.7968 ±0.0019 0.7852 ±0.0024

4 IFN-β, PTX3, IFN-λ2/3, IL-6 0.8159 ±0.0017 0.8053 ±0.0021

29 All 0.7740 ±0.0018 0.7588 ±0.0084
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some perturbations observed here are potentially consistent with a 
hypothesis that the major drivers of the expression of biomarkers in 
convalescence are those in the acute infection, others are not. Our 
results require validation in other LC cohorts. Finally, our definition 
of LC was set internally given the lack of international consensus. 
Nevertheless, the inclusion of three of the most common persisting  
symptoms and blinding of cases and controls helped ensure the 
validity of our findings.

In summary, our data indicate an ongoing, sustained inflamma-
tory response following even mild-to-moderate acute COVID-19,  
which is not found following prevalent coronavirus infection. 
The drivers of this activation require further investigation, but  
possibilities include persistence of antigen, autoimmunity driven 
by antigenic cross-reactivity or a reflection of damage repair. These 
observations describe an abnormal immune profile in patients with 
COVID-19 at extended time points after infection and provide clear 
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support for the existence of a syndrome of LC. Our observations 
provide an important foundation for understanding the patho-
physiology of this syndrome and potential therapeutic avenues  
for intervention.
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Fig. 3 | Distinct activation phenotype in nonlymphoid cells and absence of unactivated naive t and B cells found in LC. a, Dimensional reduction utilizing 
TriMap and clustering with phenograph was used to visualize immune cell phenotypes. Five populations consisting of unactivated naive and cytotoxic 
phenotypes were absent in the LC group when compared to MCs at 3 months (n = 14, seven samples per group). Absent populations are outlined in red 
(middle and right panel), with median percentages of the LC and MC contribution to each cluster population shown in the bar graph. b, Unactivated naive 
T and B cell populations with low expression of CD127 and no TIM-3 expression remained absent in peripheral blood at 8 months in the LC group (clusters 
1, 3 and 5). The phenotypes of the clusters are as follows: (1) CD127lowGzmB−CCR7+CD45RA+CD27+ naive CD8+ T cells, (2) CD57+ highly cytotoxic 
(GPR56+GzmB+) CD8+ T cells, (3) CD127lowTIM-3−CCR7+CD45RA+CD27+ naive CD4+ T cells, (4) CD3+CD4−CD8− innate-like T cells (may comprise 
natural killer T cells and γδ-T cells) and (5) naïve CD127lowTIM-3−CD38lowCD27−IgD+ B cells. c, Activated nonlymphoid (myeloid) cells with combined 
expression of CD38 and HLA-DR in the LC and MC groups at 3 months; levels were not significantly reduced at 8 months in the LC group. Elevated levels 
of activated monocytes and pDCs were found in the LC group when compared to MCs at 3 and 8 months. d, No difference in PD-1 levels was found on 
CD4+ T cells, but higher expression by CD8+ T cells was found in the LC group at both time points. Higher TIM-3 expression on CD8+ T cells was observed 
in the LC group at 3 months. Data are shown as median with IQR. Two-tailed P values <0.05 (*), <0.01 (**), <0.001 (***) and <0.0001 (****) were 
considered significant. A Wilcoxon t test was used for paired samples, and a Mann–Whitney t test was used for unpaired samples.
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Methods
Cohort characteristics. The ADAPT study is a prospective cohort study of post–
COVID-19 recovery established in April 2020 (ref. 14). A total of 147 participants 
with confirmed SARS-CoV-2 infection were enrolled, the majority following 
testing in community-based clinics run by St Vincent’s Hospital Sydney, with 
some patients also enrolled with confirmed infection at external sites. Initial 
study follow-up was planned for 12 months after COVID-19 and subsequently 
extended to 2 years. Extensive clinical data and a biorepository was systematically 
collected prospectively. The aims of ADAPT are to evaluate a number of outcomes 
after COVID-19 relating to pathophysiology, immunology and clinical sequalae. 
Laboratory testing for SARS-CoV-2 was performed using nucleic acid detection 
from respiratory specimens with the EasyScreen Respiratory Detection kit 
(Genetic Signatures) and the EasyScreen SARS-CoV-2 detection kit. Two ADAPT 
cohort subpopulations were defined based on initial severity of COVID-19 
illness: (1) patients managed in the community and (2) patients admitted to the 
hospital for acute infection (including those requiring intensive care support 
for acute respiratory distress syndrome). Patients were defined as having LC 
at 4 months based on the presence of one or more of the following symptoms: 
fatigue, dyspnea or chest pain14. These patients were gender and age (±10 years) 
matched with ADAPT participants without LC (matched ADAPT controls) 
(Table 1). Samples for these analyses were collected at the 3-, 4- and 8-month 
assessments. Our cohort consisted of 62 participants (31 with LC and 31 MCs); 
enrollment visits were performed at a median of 76 (IQR, 64–93) days after initial 
infection. Their 4-month assessments were performed at a median of 128 (IQR, 
115–142) days after initial infection (4.2 months). Their 8-month assessments 
were performed at a median of 232 (IQR, 226–253) days after initial infection 
(7.7 months). The dropout rate has been very low to date (approximately 9.4% at 
12 months). Four participants did not complete the 8-month assessment after the 
4-month assessment. The reasons for this include ‘did not attend’ (n = 2) and ‘lost 
to follow-up’ (n = 2). A further population of patients presenting to St Vincent’s 
Hospital clinics for COVID-19 testing on the multiplex respiratory panel who were 
PCR positive for any of the four human common cold coronaviruses (HCoV-NL63, 
O229E, OC43 or HKU1) and PCR negative for SARS-CoV-2 were recruited into 
the ADAPT-C substudy and used as a comparator group.

Ethics. The ADAPT study was approved by the St Vincent’s Hospital 
Research Ethics Committee (2020/ETH00964) and is a registered trial 
(ACTRN12620000554965). The ADAPT-C substudy was approved by the same 
committee (2020/ETH01429). All data were stored using REDCap (v11.0.3) 
electronic data capture tools. Unexposed healthy donors were recruited through 
St Vincent’s Hospital and approved by St Vincent’s Hospital Research Ethics 
Committee (HREC/13/SVH/145). The University of Melbourne unexposed 
donors were approved by Medicine and Dentistry HESC study ID 2056689. All 
participants gave written informed consent, and patients were not compensated.

Sample processing and flow cytometry. Blood was collected for biomarker 
analysis (serum separating tube (SST) 8.5 ml x1 (serum) and EDTA 10 ml x1 
(plasma)), and 36 ml was collected for PBMCs (ACD (citric acid, trisodium 
citrate and dextrose) 9 ml x4). Phenotyping of PBMCs was performed as 
described previously36. Briefly, cryopreserved PBMCs were thawed using RPMI 
(+L-glutamine) medium (ThermoFisher Scientific) supplemented with penicillin/
streptomycin (Sigma-Aldrich) and subsequently stained with antibodies binding 
to extracellular markers for 20 min. Extracellular panel included Live/Dead 
dye Near InfraRed, CXCR5 (MU5UBEE) and CD38 (HIT2) (ThermoFisher 
Scientific); CD3 (UCHT1), CD8 (HIL-72021), PD-1 (EH12.1), TIM-3 (TD3), 
CD27 (L128), CD45RA (HI100), CD86 (BU63), CD14 (HCD14), CD16 (GB11), 
IgD (IA6-2), CD25 (2A3) and CD19 (HIB19) (BioLegend); and CD4 (OKT4), 
CD127 (A019D5), HLA-DR (L234), GRP56 (191B8), CCR7 (G043H7) and 
CD57 (QA17A04) (BD Biosciences). Perm Buffer II (BD Pharmingen) was used 
for intracellular staining of granzyme B (GB11, BD Biosciences). Samples were 
acquired on an Cytek Aurora (BioLegend) using Spectroflo software. Before each 
run, all samples were fixed in 0.5% paraformaldehyde.

Serum analytes. The LEGENDplex Human Anti-Virus Response Panel (IL-1β, 
IL-6, IL-8, IL-10, IL-12p70, IFN-α2, IFN-β, IFN-λ1, IFN-λ2/3, IFN-γ, TNF-α, 
IP-10 and GM-CSF) and a custom-made panel (IL-5, IL-9, IL-13, IL-33, PD-1, 
sTIM-3, sCD25, CCL2 (MCP-1), PTX3, transforming growth factor β1, CXCL9 
(MIG-1), myeloperoxidase, PECAM-1, ICAM-1 and VCAM-1) were purchased 
from BioLegend, and assays were performed as per the manufacturer’s instructions. 
Beads were acquired and analyzed on a BD Fortessa X20 SORP (BD Biosciences). 
Samples were run in duplicate, and 4,000 beads were acquired per sample. Data 
analysis was performed using Qognit LEGENDplex software (BioLegend). Lower 
limit of detection values were used for all analytes at the lower limit.

Catalytic ACE2 detection in plasma. Plasma ACE2 activity was measured using 
a validated, sensitive quenched fluorescent substrate-based assay as previously 
described37. Briefly, plasma (0.25 ml) was diluted into low-ionic-strength buffer 
(20 mmol l−1 Tris-HCl, pH 6.5) and added to 200 ml ANXSepharose 4 Fast-Flow 
resin (Amersham Biosciences, GE Healthcare) that removed a previously 

characterized endogenous inhibitor of ACE2 activity. After binding and washing, 
the resulting eluate was assayed for ACE2 catalytic activity. Duplicate samples 
were incubated with the ACE2-specific quenched fluorescent substrate, with or 
without 100 mM ethylenediaminetetraacetic acid. The rate of substrate cleavage 
was determined by comparison to a standard curve of the free fluorophore 
4-amino-methoxycoumarin (Sigma-Aldrich) and expressed as picomoles of 
substrate cleaved per milliliter of plasma per minute. The intra- and interassay 
coefficients of variation were 5.6% and 11.8%, respectively. Samples below the 
limit of detection were designated 0.02 (half the lower limit of detection; i.e., 
50% × 0.04).

Linear model. The analytes most associated with LC were identified via log-linear 
classification. For an arbitrary set of four analytes, let the concentration of the ith 
analyte at 8 months be denoted wi. Log-linear classification assigns a weight ai 
to the logarithm of each analyte concentration. A linear function of these logged 
concentrations and weights takes the form f (⃗a) is a threshold parameter. The 
weights wi and the intercept w0 are selected to maximize the predictive power of 
the linear classifier by training on the analyte data, where f (⃗a) > 0 results in the 
classifier predicting that the participant with analyte concentration ⃗a  has LC and 
does not have LC otherwise.

f (⃗a) = w0 +

N∑

i=1
wilog10 (ai)

Because of the modest small sample size of 58 participants at month 8, 
we performed bootstrapping to randomly sample new populations of size 58 
from our population with replacement. The sampled population was then 
split 29:29 into test and train datasets. The training dataset was used to train 
a log-linear classifier using Python3 v3.8.10 and the Scikit-learn machine 
learning package v0.24.1. From the test set, the number of true positives (TPs; 
both the classifier and data indicate the participant had LC), true negatives 
(TNs; both the classifier and data indicate the participant had asymptomatic 
COVID), false positives (FPs; classifier predicts the participant will have LC, but 
the data disagree) and false negatives (FNs; classifier predicts the participant 
will have asymptomatic COVID, but the data disagree) were identified. Then, 
two subsequent scores were calculated. The accuracy is defined as (TP + TN)/
(TP + TN + FP + FN) and measures the proportion of test participants that 
had their COVID status correctly predicted. The second measure is the F1 
score and is defined as TP/(TP + 0.5 × (FP + FN)), which is a measure that 
combines recall, how many LC cases were correctly predicted and precision (of 
all the participants predicted to have LC, how many were correct). This process 
is repeated for 1,000 different bootstrapped sample populations. The average 
accuracy of a model of N analytes is then calculated and used to assess which 
combination of N analytes performs the best.

Dimensional reduction and clustering analysis. FCS 3.0 files were compensated 
manually using acquisition-defined matrix as a guide, and the gating strategy 
was based on unstained or endogenous controls. Live singlets were gated from 
patients with LC and asymptomatic MCs using FlowJo v.10.7.2, samples were 
decoded and statistical analysis between groups and unsupervised analysis was 
performed, with matched asymptomatic controls as the primary comparator 
group. For unsupervised analysis, the following FlowJo plugins were used: 
DownSample (v.3), TriMap (v.0.2), Phenograph (v.3.0) and ClusterExplorer 
(v.1.5.9) (all FlowJo LLC). First, 100,000 events per sample were downsampled 
from the total live singlet gate (Extended Data Fig. 6). The newly generated 
FCS files were labeled according to control or patient group (LC or MCs) and 
concatenated per group. Subsequently, 20,000 events were taken from each 
grouped sample by downsampling. The two new FCS files corresponding to LC 
and MCs were then concatenated for dimensionality reduction analysis using 
TriMap (40,000 events in total). TriMap was conducted using the following 
parameters to include the markers CD25, CD38, CCR7, CD19, IgD, CD45RA, 
PD-1, TIM-3, CD4, CD57, CD127, CD27, HLA-DR, CD8, CXCR5, GPR56 and 
granzyme B and using the following conditions: metric = Euclidean, nearest 
neighbors = 15 and minimum distance = 0.5. The phenograph plugin was then 
used to determine clusters of phenotypically related cells. The same markers 
as TriMap and parameters k = 152 and Run ID = auto were used for analysis. 
Finally, the ClusterExplorer plugin was used to identify the phenotype of the 
clusters generated by phenograph.

Statistical analysis. All column graphs are presented as medians with IQRs. 
One-way analysis of variance with Kruskal–Wallis and Dunn’s correction for 
multiple comparisons was used for serum analyte analysis. A Wilcoxon paired t 
test was used to analyze statistical data with Prism v9.0 (GraphPad) software. For 
unpaired samples, a Mann–Whitney U test was used. Two-tailed P values less than 
0.05 were considered significant (*P < 0.05, **P < 0.01, ***P < 0.001 and ****P < 
0.0001).

Reporting Summary. Further information on research design is available in the 
Nature Research Reporting Summary linked to this article.
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Data availability
To protect patient privacy, underlying electronic health records may be accessed 
via a remote server pending a material transfer agreement and approval from study 
steering committee. As data within this manuscript are from an ongoing clinical 
trial, further data will be provide by the corresponding author upon request and 
will require approval from study steering committee.
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Extended Data Fig. 1 | No difference in levels of 22 serum analytes following SARS-CoV-2 infection at month 4. a, No differences in IL-1b, IL-6, TNF-α, 
IL-12p70, IFN-α2, IFN-λ2/3, GM−CSF, IL-10, IFN-γ, TGF-β1 or IL-13 levels between the 4 groups (LC, MC, HCoV and UHC) at 4 months. b, No differences in 
sCD25, PTX3, CCL2(MCP-1), IL-33, PD-1, IL-5, IL-9, MPO, PECAM-1, ICAM-1 or VCAM-1 levels between the 4 groups at 4-months. Data shown as medians 
with interquartile ranges. c, Median and IQR values for the 4 groups at 4 months. LC (long COVID), MC (asymptomatic matched controls), HCoV (human 
endemic coronavirus infected), UHC (unexposed healthy controls).
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Extended Data Fig. 2 | See next page for caption.
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Extended Data Fig. 2 | Reduction of some cytokines at month 8. a, IFN-β and IFN-λ1 levels remained higher in LC at 8-months compared to HCoV 
and UHC; MC was only higher than HCoV at 8-months. b,c, Reduction of most analytes at 8-months post-infection. Data shown as medians with 
interquartile ranges Kruskal-Wallis with Dunn’s correction was used for 4-month analysis, p values <0.05 (*), <0.01 (**), <0.001 (***), <0.0001 (****), 
were considered significant. Wilcoxon t-test was used for paired comparison of 4- and 8-month data and Mann-Whitney t-test was used for unpaired 
samples. LC (Long COVID), MC (asymptomatic matched controls), HCoV (human endemic coronavirus infected), UHC (unexposed healthy controls); 4 M 
(4-months), 8 M (8-months).
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Extended Data Fig. 3 | Clustering of cell phenotypes. a, Example of cell cluster phenotype identification using CellExplorer plugin on FlowJo. Cluster 14 is 
equivalent to population 3, identified as CD127lowTIM-3negCCR7+CD45RA+CD27+naïve CD4+ T cells. b,c, TriMap of T cell, B cell, NK Cell and myeloid cell 
clusters (outlined in red) at 3 months (b) and 8 months (c).
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Extended Data Fig. 4 | Deciphering naive phenotypes. a,c,Representative TriMap and phenograph clustering of CCR7+CD45RA+ naïve T cells (a) and 
IgD+CD27− naïve B cells (c). Red gates and red text represent un-activated naïve subsets absent in LC. b,d, Phenotype and cell frequencies contributing to 
each cluster from naïve T cells (b) and naïve B cells (d). e,f, Representative histogram of CD127 expression on differing naïve T cell (e) and naïve B cell (f) 
populations (all data combined). Red text highlights subsets absent in LC. LC (long COVID), and MC (asymptomatic matched controls), UHC (unexposed 
healthy controls).
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Extended Data Fig. 5 | Activation markers expressed on mDCs and t cells. a, No difference in activated state of Myeloid dendritic cells (mDCs) at 3 
months and 8 months. b, No difference between LC and MC at 3 and 8 months when co-expression of PD-1 and Tim-3 were examined.Data shown as 
medians with interquartile ranges. Two-tailed p values <0.05 (*) were considered significant, ns (not significant). Wilcoxon t-test was used for paired 
samples and Mann-Whitney t-test was used for unpaired samples. LC (long COVID), and MC (asymptomatic matched controls), UHC (unexposed 
healthy controls).
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Extended Data Fig. 6 | Gating strategy. a, Representative pseudo colour dot plot and gating strategy for flow cytometry analysis. Cells use for downstream 
analysis were live singlets expressing lineage markers; mDC (myeloid dendritic cells), pDC (plasmacytoid dendritic cells).
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