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Abstract 

Background Approximately 10–30% of individuals continue to experience symptoms classified as post-acute 
sequelae of coronavirus disease 2019 (COVID-19 (PASC)). PASC is a multisystem condition primarily characterized 
by respiratory symptoms, such as reduced diffusing capacity for carbon monoxide (DLco). Although many studies 
have investigated the pathogenesis of acute COVID-19, the long-term molecular changes in COVID-19 convalescents 
with PASC remain poorly understood.

Methods We prospectively recruited 70 individuals who had been diagnosed with COVID-19 from 7 January 2020 
to 29 May 2020 (i.e., COVID-19 convalescents); we performed follow-up visits at 6 months, 1 year, 2 years, and 3 
years after hospital discharge. Thirty-five healthy controls (CONs), recruited from a physical examination center 
before the COVID-19 pandemic, served as a comparison group. We explored the proteomic and metabolomic profiles 
of 174 plasma samples from the 70 COVID-19 convalescents and 35 CONs.

Results We performed a comprehensive molecular analysis of COVID-19 convalescents to investigate host changes 
up to 3 years after hospital discharge. Our multi-omics analysis revealed activation of cytoskeletal organization 
and glycolysis/gluconeogenesis, as well as suppression of gas transport and adaptive immune responses, in COVID-
19 convalescents. Additionally, metabolites involved in glutathione metabolism; alanine, aspartate, and glutamate 
metabolism; and ascorbate and aldarate metabolism were significantly upregulated in COVID-19 convalescents. 
Pulmonary and molecular abnormalities persisted for 3 years in COVID-19 convalescents; impaired diffusing capacity 
for carbon monoxide (DLco) was the most prominent feature. We used this multi-omics profile to develop a model 
involving one protein (heterogeneous nuclear ribonucleoprotein K (HNRNPK)) and two metabolites (arachidonoyl-EA 
and 1-O-(2r-hydroxy-pentadecyl)-sn-glycerol)) for identification of COVID-19 convalescents with abnormal DLco.

Conclusions These data provide insights concerning molecular sequelae among COVID-19 convalescents up to 3 
years after hospital discharge, clarify mechanisms driving respiratory sequelae, and support the development 
of a novel model to predict reduced DLco. This longitudinal multi-omics analysis may illuminate the trajectory 
of altered lung function in COVID-19 convalescents.
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Background
Advances in understanding the pathogenesis of severe 
acute respiratory syndrome coronavirus 2 (SARS-CoV-2) 
and the implementation of effective treatments have sub-
stantially reduced mortality and hospitalization rates 
in recent years [1]. Although most coronavirus disease 
2019 (COVID-19) patients fully recover, approximately 
10–30% continue to experience symptoms classified as 
post-acute sequelae of COVID-19 (PASC) [2, 3]. Despite 
extensive research concerning the pathogenesis of acute 
COVID-19, the long-term changes in COVID-19 conva-
lescents and the mechanisms underlying PASC remain 
poorly understood.

PASC is a multisystem condition, in which respira-
tory symptoms constitute the most important cluster [4]. 
Convalescent individuals experience various degrees of 
pulmonary function test (PFT) impairment; reduced dif-
fusing capacity for carbon monoxide (DLco) is the main 
feature [5]. Our previous investigation, a follow-up study 
of hospitalized COVID-19 patients, revealed that more 
than 40% of the participants exhibited reduced DLco 
at 2 and 3 years after COVID-19 discharge [6]. Multi-
ple factors may contribute to these chronic respiratory 
sequelae, including lung tissue damage and pulmonary 
vascular abnormalities. Data remain scarce concerning 
the underlying etiology of persistent respiratory morbid-
ity and impaired lung function after COVID-19.

Although PFTs are valuable tools for patients who 
continue to experience dyspnea after COVID-19, some 
clinical difficulties are evident. The equipment for DLco 
detection is not widely available; moreover, many patients 
(e.g., older patients and those with hearing impairment) 
cannot easily cooperate with clinical staff during detec-
tion. Thus, simple and feasible approaches are needed for 
the early assessment of gas transfer abnormalities and 
restrictive impairment. In previous studies, multi-omics 
investigations were conducted to elucidate the pathologi-
cal landscape of PASC [7–10]. These quantitative omics 
technologies can facilitate the detection of novel PASC 
biomarkers and the development of appropriate treat-
ment strategies. Concerning respiratory sequelae after 
COVID-19, Xu et  al. analyzed the plasma metabolomic 
profile of COVID-19 convalescents 3  months after hos-
pital discharge; their work revealed various metabolic 
pathway alterations among individuals with abnormal 
PFT results [11]. Gu et al. performed a proteomic anal-
ysis of COVID-19 convalescents at 6 months, 1 year, 
and 2 years, identifying several proteins associated with 
reduced DLco [12]. However, it is unclear whether these 
abnormalities (especially for molecules involved in res-
piratory sequelae) persist 3 years after the initial SARS-
CoV-2 infection.

This study aimed to systematically elucidate the longi-
tudinal features of COVID-19 convalescents using multi-
omics analysis of plasma samples collected at 6 months, 
1 year, 2 years, and 3 years after hospital discharge. 
Participants were divided into normal DLco (nDLco) 
and abnormal DLco (aDLco) groups to investigate the 
mechanisms contributing to aDLco. Finally, a machine 
learning model was developed to identify pulmonary 
sequelae in COVID-19 convalescents at 6 months after 
hospital discharge. This longitudinal multi-omics analysis 
may illuminate the trajectory of altered lung function in 
COVID-19 convalescents.

Methods
Patient enrollment
Study participants were recruited from a cohort of 
COVID-19 convalescents who had been discharged 
from a single center during the period from 7 January 
to 29 May 2020 [6]. According to the study protocol, 
patients attended the follow-up visits at the outpatient 
clinic at 6 months, 1 year, 2 years, and 3 years after hos-
pital discharge. These visits included symptom assess-
ments, laboratory tests, the 6-min walking test (6MWT), 
PFTs, and high-resolution chest computed tomography 
(HRCT) scans. Exclusion criteria were chronic lung dis-
ease, chronic infectious disease, autoimmune disease, 
and inability to complete the initial follow-up (e.g., due 
to post-discharge mortality, underlying medical condi-
tions, or psychotic disorders). COVID-19 severity during 
hospitalization was stratified using a modified six-point 
ordinal scale [13]. PFTs and HRCT were conducted in 
accordance with our previously published standard pro-
tocols [6].

Age- and sex-matched healthy controls (CONs) were 
recruited from the physical examination center of Beijing 
Chao-Yang Hospital before the COVID-19 pandemic. 
Plasma samples were collected once from each CON and 
stored at − 80°C.

The study was approved by the Research Ethics Com-
mission of our hospital (approval no. KY-2021–15). 
Written informed consent to take part in the study was 
obtained from all participants during their clinic visits. 
To develop a biomarker panel for identifying pulmo-
nary sequelae in COVID-19 convalescents, participants 
were randomly divided into a training cohort and a test 
cohort (using a 7:3 ratio) to confirm the diagnostic value 
of the panel.

Clinical data collection
Data regarding demographics, comorbidities, clinical 
presentation, supplemental oxygen during hospitaliza-
tion, laboratory tests, and the results of PFTs and HRCT 
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were extracted from patient medical records. PFTs were 
performed as previously described [6].

PFTs consisted of spirometry and DLco. Spiromet-
ric parameters included residual volume (RV), forced 
vital capacity (FVC), forced expiratory volume in 1 s 
(FEV1), FEV1/FVC ratio, total lung capacity (TLC), and 
maximum mid-expiratory flow (MMEF) 75/25. All PFT 
parameters were expressed as percentages of predicted 
normal values (%). Diffusion impairment was defined as 
DLco < 80% of the predicted value.

CT features were evaluated by an experienced radi-
ologist and an experienced pulmonologist. CT fea-
tures indicative of interstitial lung abnormalities (ILAs) 
included ground-glass opacities (GGOs), reticulation or 
consolidation, lung distortion, traction bronchiectasis 
and/or bronchiectasis, honeycombing, and non-emphy-
sematous lung cysts, as defined by the Fleischner Society 
[14]. Semiquantitative CT scores were determined as fol-
lows, according to lung involvement in each of the five 
lobes: 0 (no involvement), 1 (less than 5% involvement), 
2 (5–25% involvement), 3 (26–49% involvement), 4 (50–
75% involvement), and 5 (more than 75% involvement). 
The total severity score was calculated by summing the 
individual five lobar scores, with possible scores ranging 
from 0 to 25 [15].

Sample collection
Blood samples were collected through venipuncture, in 
which 4 mL of whole blood were drawn into ethylenedi-
aminetetraacetic acid (EDTA)-coated tubes (BD Vacu-
tainer® EDTA K2). Samples were centrifuged at 700 × g 
for 20 min at 4°C to separate plasma, which was then 
aliquoted into sterile tubes and stored at − 80°C to main-
tain sample integrity and minimize degradation prior to 
analysis.

Proteomic analysis
Proteomic analysis of plasma samples was performed 
in accordance with previously described methods [16]. 
Plasma samples were prepared by adding 50 nM tetra-
ethyl ammonium bromide to 200 μL of the sample, fol-
lowed by trypsin (in 50 mM ammonium bicarbonate) 
at an enzyme-to-protein ratio of 1:50. Samples were 
digested at 37°C for 16 h. The resulting peptides were 
desalted, dried, and resolubilized in 0.1% formic acid 
solution. All data were acquired using a Thermo Scien-
tific™ Vanquish™ Neo Ultra-High-Performance Liq-
uid Chromatography system coupled to an Orbitrap 
Astral mass spectrometer with a Thermo Scientific™ 
Easy-spray™ source. Data were acquired in data-inde-
pendent acquisition mode with a normalized collision 
energy of 25% and a default charge state of 2. A 110-
cm Thermo Scientific™ µPac™ Neo High-Performance 

Liquid Chromatography column was used for quantita-
tive experiments with a 7-min gradient of 4% to 99% B 
and a flow rate of 2.5 μL/min. For Orbitrap Astral mass 
spectrometry experiments, MS1 spectra were acquired 
at a resolving power of 240,000 every 0.6 s; tandem mass 
spectrometry spectra were acquired in the astral ana-
lyzer with injection times varying among experiments. 
For comparison searches, raw data were analyzed using 
DIA-NN v1.8.1 in library-free mode and searched against 
the UniProt Human database (UP000005640_9606_one_
gene_one_protein_2023_09_28.fasta).

Metabolomic analysis
Metabolomic analysis of plasma samples was conducted 
as previously described [17]. Samples stored at − 80°C 
were thawed at room temperature. For each plasma sam-
ple, 100 µL were added to a 1.5-mL Eppendorf tube con-
taining 400 µL of an ice-cold mixture of methanol and 
acetonitrile (1/1, vol/vol); all mixtures were vortexed for 
1 min, and whole samples were extracted by ultrasonica-
tion for 10 min in an ice-water bath, then stored at − 20°C 
for 1 h. Extracts were centrifuged at 4°C (13,000 rpm) 
for 10 min. For each extract, 100 µL of supernatant in 
a glass vial was dried using a freeze concentration cen-
trifugal dryer. Quality control samples were injected at 
regular intervals (every 20 samples) throughout the ana-
lytical run to obtain data for repeatability assessment. An 
ACQUITY Ultra-Performance Liquid Chromatography 
I-Class system (Waters Corporation, Milford, MA, USA) 
coupled with a Q-Exactive plus quadrupole-Orbitrap 
mass spectrometer, equipped with a heated electro-
spray ionization (ESI) source (Thermo Fisher Scientific, 
Waltham, MA, USA), was used to analyze metabolic 
profiles in ESI-positive and ESI-negative ion modes. Raw 
liquid chromatography–mass spectrometry data were 
processed using Progenesis QI v2.3 software (Nonlinear 
Dynamics, Newcastle, UK) for baseline filtering, peak 
identification, integration, retention time correction, 
peak alignment, and normalization. The main parameters 
were 5 ppm precursor tolerance, 10 ppm product toler-
ance, and 5% product ion threshold. Compound iden-
tification based on precise mass-to-charge ratio (m/z), 
secondary fragments, and isotopic distribution was per-
formed with the Human Metabolome Database (HMDB), 
Lipid Maps (v2.3), and Metlin databases for qualitative 
analysis.

Statistical analysis
Categorical data were presented as counts (percent-
ages) and analyzed using the chi-square test. Normally 
distributed continuous variables were presented as 
mean ± standard deviation and analyzed using t-tests or 
one-way analysis. Non-normally distributed continuous 
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variables were presented as median (interquartile range) 
and analyzed using the Wilcoxon rank sum test or the 
Kruskal–Wallis test. The threshold for statistical signifi-
cance was set at P-value < 0.05.

Fold changes (FCs) for group comparisons were cal-
culated using mean values. Wilcoxon rank sum tests 
were used to identify statistically significant differences 
between groups. Differentially expressed proteins (DEPs) 
and differentially expressed metabolites (DEMs) were 
selected based on the following thresholds: FC ≥ 1.5 
or < 0.67 and P- value < 0.05. All P-values were subjected 
to false discovery rate (FDR) correction using the Benja-
mini and Hochberg method to maximize reliability.

Partial least squares discriminant analysis (PLS-DA) 
was performed using MetaboAnalyst 5.0 (https:// www. 
metab oanal yst. ca/). Volcano plots were used for data 
visualization. The Mfuzz package (v2.46.0) in R software 
was used to identify expression patterns in proteomic and 
metabolic profiles. To explore biological functions and 
pathways, Kyoto Encyclopedia of Genes and Genomes 
(KEGG, http:// www. genome. jp/ kegg/) and Gene Ontol-
ogy (GO, http:// geneo ntolo gy. org/) enrichment analyses 
were performed. Connected networks and interactions 
between proteins and metabolites were visualized using 
the ggplot2 package in R software and Cytoscape v3.5.1.

Machine learning and predictive model
Machine learning classifiers were constructed using 
logistic regression, random forest, linear support vector 
machine, k-nearest neighbor, and neural network algo-
rithms. Receiver operating characteristic (ROC) analysis 
was performed to assess the discriminative performances 
of the models, quantified by the area under the ROC 
curve (AUC) values.

Results
Study design
We prospectively recruited 99 patients who had been 
diagnosed with COVID-19 from 7 January 2020 to 29 
May 2020 and subsequently discharged from the hospi-
tal. Of these patients, 29 were excluded; 70 COVID-19 
convalescents were enrolled at the 6-month follow-up. 
These participants were divided into two groups based 
on diffusing capacity: aDLco (n = 27) and nDLco (n = 43) 
(Fig.  1A and Additional file  1: Fig. S1). At the 3-year 
follow-up, 23 COVID-19 convalescents remained in 
the study (10 in the aDLco group and 13 in the nDLco 
group). In total, 174 plasma samples were collected 
from COVID-19 convalescents across four follow-up 
time points. Additionally, 35 CONs were recruited from 
a physical examination center before the COVID-19 

pandemic (Fig. 1A); plasma samples were collected from 
these CONs.

A comprehensive molecular analysis, incorporating 
proteomic and metabolomic methods, was performed 
on the plasma samples to evaluate host changes up to 
3 years after hospital discharge (Fig.  1B). Subsequent 
analyses focused on patients with aDLco to identify most 
prominent signatures (Fig. 1C). Based on these data, we 
used machine learning algorithms to develop a novel 
biomarker panel for identifying pulmonary sequelae in 
COVID-19 convalescents. This plasma biomarker panel 
was then validated in a test cohort (Fig. 1D).

Participant demographic and clinical characteristics
Patient demographic and clinical characteristics are pre-
sented in Additional file  2: Table  S1. The mean ages of 
COVID-19 convalescents at 6 months after hospital dis-
charge and CONs were 56.3 (12.4) and 52.9 (14.5) years, 
respectively. Age and sex were balanced between the two 
groups. Among the 70 COVID-19 convalescents, severity 
classifications were 23 (32.9%), score 2; 18 (25.7%), score 
3; 28 (40%), score 4; and one (1.4%), score 5. At 6 months 
after hospital discharge, 10 (14.3%) participants experi-
enced cough and sputum, whereas 12 (17.1%) had short-
ness of breath. In terms of PFT parameters, six (8.6%) 
patients had obstructive ventilatory impairment (FEV1/
FVC < 70%), 14 (20.0%) patients had restrictive ventila-
tory impairment (TLC < 80% predicted), and 27 (38.6%) 
patients had reduced DLco (< 80%).

Given the substantial diffusion impairment, we divided 
the COVID-19 convalescents into nDLco and aDLco 
groups at 6 months, and then explored potential dis-
tinguishing characteristics (Additional file  2: Table  S2). 
Pulmonary function parameters including RV, TLC, 
MMEF 75/25, FEV1, FEV1/FVC, and 6MWT all were 
significantly decreased in the aDLco group (Fig.  2A). 
Concerning radiological abnormalities, the aDLco group 
exhibited higher scores for total abnormalities, total 
reticulation or consolidation, traction bronchiectasis 
and/or bronchiectasis, and total GGO (Fig.  2B). DLco 
values were inversely correlated with the extent of total 
abnormalities, reticulation or consolidation, GGO, and 
traction bronchiectasis and/or bronchiectasis (Fig.  2C 
and D). Overall, our detailed analysis of lung imaging and 
functional parameters revealed that reduced DLco was 
the most prominent feature after SARS-CoV-2 infection.

Proteomic signature dynamics over 3 years 
after SARS‑CoV‑2 infection
Next, we examined the proteomic characteristics of hos-
pitalized COVID-19 convalescents over 3 years of post-
discharge follow-up, focusing on dynamic changes in 
host dysfunction. PLS-DA (Additional file  1: Fig. S2A) 

https://www.metaboanalyst.ca/
https://www.metaboanalyst.ca/
http://www.genome.jp/kegg/
http://geneontology.org/
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Fig. 1 Overview of the study design. A Study design and participant timeline: This longitudinal cohort consisted of COVID-19 convalescents 
followed up at 6 months (n = 70), 1 year (n = 23), 2 years (n = 23), and 3 years (n = 23), along with a healthy control group (n = 35). COVID-19 
convalescents were divided into nDLco and aDLco groups based on their diffusing capacity at the 6-month follow-up. Clinical evaluations included 
pulmonary function tests, laboratory analyses, computed tomography, and face-to-face interviews. Plasma samples were collected for proteomic 
and metabolomic analyses. B Dynamic proteomic (top) and metabolomic (down) signatures of patients over 3 years of follow-up. C Proteomic 
and metabolomic profiles of patients with aDLco at 6 months after hospital discharge. D Identification of COVID-19 convalescents with respiratory 
sequelae at 6 months after hospital discharge
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Fig. 2 Correlations between pulmonary function parameters and CT imaging features in COVID-19 convalescents at the 6-month follow-up. 
A Comparison of pulmonary function parameters between nDLco and aDLco groups at the 6-month follow-up. Parameters included residual 
volume (RV), functional residual capacity (FRC), total lung capacity (TLC), maximum mid-expiratory flow (MMEF) 75/25, forced expiratory volume 
in 1 s (FEV1), forced vital capacity (FVC), FEV1/FVC, and 6-min walking test (6MWT). P-values were calculated using the Wilcoxon rank sum test, 
and significant P-values are indicated on the boxplots. *P < 0.05, **P < 0.01, ***P < 0.001. B Boxplots showing total radiological scores from CT 
imaging in nDLco and aDLco groups. Scores include total score, reticulation score, traction bronchiectasis and/or bronchiolectasis, ground-glass 
opacity (GGO) score, non-emphysematous lung cyst score, and honeycombing score. P-values were calculated using the Wilcoxon rank sum 
test, and significant P-values are indicated on the boxplots. *P < 0.05, **P < 0.01. C Correlation matrix illustrating relationships between pulmonary 
function parameters and CT imaging scores. Red and blue colors represent positive and negative correlations, respectively. *P < 0.05. **P < 0.01. D 
Analysis of correlations between DLco and each of the following: total score, reticulation score, traction bronchiectasis and/or bronchiolectasis, 
and GGO score
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and volcano plots (Additional file  1: Fig. S2B–E) illus-
trated clear separation between groups. In total, 319 
proteins were differentially expressed in samples from 
COVID-19 convalescents (6 months, 1 year, 2 years, and 
3 years) compared with CONs (Fig.  3A and Additional 
file 2: Table S3.1).

To systematically evaluate the dynamic changes in 
DEPs among COVID-19 convalescents over the 3-year 
follow-up period, we performed clustering analysis on 
the 319 proteins. Eight expression patterns were identi-
fied, including five increasing clusters (1, 2, 4, 5, and 7), 
two decreasing clusters (3 and 6), and one inverted “V” 
cluster (8) across convalescent individuals with differ-
ent timepoints (Fig.  3B). GO biological process analy-
sis indicated that DEPs in the increasing clusters were 
mainly enriched for supramolecular fiber organization, 
cytoskeletal organization, actin cytoskeletal organiza-
tion, actin filament-based processes, and hemostasis 
(Fig.  3C). Notably, KEGG analysis of the increasing 
clusters revealed that the glycolysis, carbon metabo-
lism, and pentose phosphate pathways were upregu-
lated in COVID-19 convalescents (Additional file  1: 

Fig. S3). Specifically, levels of cytoskeletal organization-
related proteins (e.g., actin-related protein 2/3 complex 
(ARPC) and actin-related protein (ACTR)) and glyc-
olysis-related proteins (e.g., L-lactate dehydrogenase 
A chain (LDHA), phosphoglycerate kinase 1 (PGK1), 
and fructose-bisphosphate aldolase A (ALDOA)) were 
elevated in COVID-19 convalescents (Fig.  3D). These 
results suggest that tissue repair processes persist in 
COVID-19 convalescents for up to 3 years.

Conversely, DEPs in the decreasing clusters were 
enriched for adaptive immune responses and gas 
transport (Fig.  3C). Levels of immunoglobulins (e.g., 
immunoglobulin heavy constant alpha 2 (IGHA2) and 
immunoglobulin kappa variable 2–30 (IGKV2–30)) and 
gas transport-related proteins (e.g., bisphosphoglyc-
erate mutase (BPGM) and hemoglobin subunit delta 
(HBD)) remained low for up to 3 years after hospital 
discharge (Fig.  3D). These findings imply that immu-
nosuppression and diffusion impairment persist in 
COVID-19 convalescents for up to 3 years.

Fig. 3 Temporal dynamics and functional insights into proteomic alterations among COVID-19 convalescents over 3 years of follow-up. A Venn 
diagram illustrating differentially expressed proteins (DEPs) in COVID-19 convalescents at the 6-month (6m), 1-year (1y), 2-year (2y), and 3-year 
(3y) follow-up visits compared with healthy controls (CONs). B Cluster analysis of temporal expression patterns for all DEPs. C GO pathway 
analysis of DEPs across different expression patterns, showing the top 15 GO terms. Red boxes highlight important terms. D Heatmap showing 
expression levels of DEPs in CONs and COVID-19 convalescents at various time points. DEPs associated with key GO pathways (supramolecular fiber 
organization, cytoskeletal organization, adaptive immune response, and gas transport) are highlighted
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Metabolomic signature dynamics over 3 years 
after SARS‑CoV‑2 infection
Metabolomic analyses were conducted to evaluate 
dynamic changes in the metabolic characteristics of 
COVID-19 patients over the 3-year follow-up period. 
In total, 966 DEMs were significantly altered across 
the four groups; of these DEMs, 291 were overlapping 
(Fig.  4A and Additional file  2: Table  S3.2). PLS-DA 
(Additional file  1: Fig. S4A) and volcano plots (Addi-
tional file 1: Fig. S4B–D) were used to illustrate group 
separation. Clustering analysis of the 966 DEMs iden-
tified eight clusters, including five increasing clus-
ters (1, 2, 5, 6, and 7), two decreasing clusters (3 and 
8), and one inverted “V” cluster (4) (Fig. 4B). DEMs in 
the increasing clusters were enriched for metabolites 
involved in glutathione metabolism; alanine, aspartate, 
and glutamate metabolism; and ascorbate and aldarate 
metabolism. In contrast, DEMs in the decreasing clus-
ters were enriched for glycine, serine, and threonine 

metabolism; DEMs in the inverted “V” cluster were 
enriched for histidine metabolism (Fig. 4C).

Intriguingly, we found that lipid disturbance was a 
key characteristic of COVID-19 convalescents. Com-
pared with CONs, COVID-19 convalescents exhibited 
increased levels of glycerophospholipids, prenol lipids, 
and polyketides, whereas decreased levels of fatty acyls 
were evident across the four follow-up time points 
(Fig. 4D). These pronounced metabolic alterations might 
be associated with repair processes and the dysregula-
tion of transport mechanisms. Both clinical and molecu-
lar signatures indicated that reduced DLco was the most 
prominent feature of impaired lung function in COVID-
19 convalescents.

Proteomic and metabolomic profiling of COVID‑19 
convalescents with aDLco at 6 months
Reduced DLco is a primary feature of COVID-19. To 
determine whether the molecular changes discussed 

Fig. 4 Temporal dynamics and functional insights into metabolic alterations among COVID-19 convalescents over 3 years of follow-up. A Venn 
diagram illustrating DEMs in COVID-19 convalescents at the 6-month (6m), 1-year (1y), 2-year (2y), and 3-year (3y) follow-up visits compared 
with healthy controls (CONs). B Cluster analysis of temporal expression patterns for all DEMs. C Kyoto Encyclopedia of Genes and Genome (KEGG) 
pathway analysis of DEMs across different expression patterns, showing the top 15 KEGG terms. D Differential lipid metabolite analysis over time 
in COVID-19 convalescents. The y-axis represents the sum of the peak areas for all lipid metabolites (e.g., fatty acyls, glycerophospholipids, prenol 
lipids, polyketides, and glycerolipids). P-values were calculated using the Wilcoxon rank sum test and Dunn’s test. The significant P-values are 
indicated on the boxplots. *P < 0.05, **P < 0.01, ***P < 0.001
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above are related to reduced DLco, we examined DEPs 
and DEMs in patients with nDLco and patients with 
aDLco. Proteomic analysis showed that 182 proteins 
differed between the aDLco group and CONs, whereas 
199 proteins differed between the nDLco group and 
CONs (Additional file  2: Table  S3.3). Among these 

sets of DEPs, only six overlapped between the two 
comparisons (Fig.  5A). Four expression patterns were 
determined based on clustering analysis of 245 DEPs 
(Fig.  5B). The stratification and DEPs for each group 
are shown in Additional file 1: Fig. S5. DEPs in cluster 
1, which exhibited a decreasing trend in COVID-19 

Fig. 5 Proteomic alterations in COVID-19 convalescents with abnormal DLco at 6 months. A Venn diagram illustrating DEPs among COVID-19 
convalescents with aDLco at 6 months (aDLco-6m), nDLco at 6 months (nDLco-6m), and healthy controls (CONs). B Differential expression 
and hierarchical clustering of proteins among CON, nDLco-6m, and aDLco-6m groups. Heatmap on the left displays protein expression levels; 
proteins are grouped into clusters based on similar expression patterns, and the number of proteins in each cluster is indicated. C Gene Ontology 
biological process (GO-BP) enrichment analysis for DEPs in cluster 1. Key biological processes include oxygen transport, immune system processes, 
and adaptive immune responses. D KEGG pathway enrichment analysis for DEPs in clusters 3 and 4. Key enriched pathways include glycolysis/
gluconeogenesis, regulation of the actin cytoskeleton, and tight junctions
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convalescents, were enriched in gas transport-related 
pathways and immune-related pathways (Fig.  5C). 
Additionally, KEGG pathway analysis of DEPs in clus-
ters 3 and 4 revealed upregulation of glycolysis/gluco-
neogenesis in COVID-19 convalescents compared with 
CONs (Fig.  5D). These results implied that patients 
with aDLco had higher levels of immunosuppres-
sion, abnormal gas transport, and pulmonary function 
repair.

Metabolomic analysis identified 565 metabolites that 
differed between the aDLco group and CONs, as well as 

620 metabolites that differed between the nDLco group 
and CONs (Additional file  2: Table  S3.4). Only seven 
DEMs overlapped among these three groups (Fig.  6A). 
The stratification and DEMs for each group are shown 
in Additional file  1: Fig. S6. Clustering analysis of these 
significantly altered metabolites revealed four distinct 
clustering patterns (Fig.  6B). DEMs in cluster 1, which 
showed an increasing trend in aDLco convalescents, 
were enriched in nitrogen metabolism, phenylalanine 
metabolism, and taurine and hypotaurine metabolism 
(Fig.  6C). DEMs in clusters 2 and 3, which exhibited 

Fig. 6 Metabolic alterations in COVID-19 convalescents with abnormal DLco at 6 months. A Venn diagram illustrating DEMs among COVID-19 
convalescents with aDLco at 6 months (aDLco-6m), nDLco at 6 months (nDLco-6m), and healthy controls (CONs). B Differential expression 
and hierarchical clustering of metabolites among CON, nDLco-6m, and aDLco-6m groups. Heatmap on the left displays metabolite expression 
levels; metabolites are grouped into clusters based on similar expression patterns, and the number of metabolites in each cluster is indicated. C 
A bubble chart illustrating KEGG pathway enrichment for metabolite clusters. Highlighted pathways include glycolysis/gluconeogenesis, pyruvate 
metabolism, and the tricarboxylic acid (TCA) cycle
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decreasing trends in aDLco convalescents, were enriched 
in glycerolipid metabolism, vitamin B6 metabolism, and 
fructose and mannose metabolism (Fig.  6C). Notably, 
consistent with the proteomic analysis, metabolites asso-
ciated with the glycolysis/gluconeogenesis pathway were 
also upregulated in COVID-19 convalescents, particu-
larly those with abnormal DLco (Fig. 6C). Comparison of 
KEGG pathways between the nDLco and aDLco groups 
at 6 months after hospital discharge indicated that most 
pathways were shared between groups, but individu-
als with reduced DLco also exhibited unique metabolic 
alterations after SARS-CoV-2 infection. The specific 
dysregulated metabolites and associated pathways are 
presented in Fig. 6C. Intriguingly, despite significant phe-
notypic differences between the two groups, the plasma 
proteomic and metabolomic characteristics of individu-
als with reduced DLco were not highly distinct. This find-
ing suggests that a combined diagnostic panel is needed 
to distinguish COVID-19 convalescents with respiratory 
sequelae from CONs.

Distinguishing COVID‑19 convalescents with respiratory 
sequelae at 6 months from controls
Due to the prevalence of respiratory sequelae among 
individuals with PASC, there is an urgent need to identify 
COVID-19 convalescents with a high risk of these seque-
lae. We developed a biomarker panel to predict diffusion 
impairment using machine learning models. To facilitate 
model development and confirm the diagnostic value of 
the selected molecules, samples were randomly divided 
into a training cohort (Fig. 7A) and a test cohort (Fig. 7B). 
Considering that multiple proteins and metabolites were 
associated with diffusion impairment in COVID-19 con-
valescents, we selected six overlapping DEPs and seven 
overlapping DEMs for machine learning analyses with 
the following algorithms: logistic regression, random for-
est, linear support vector machine, k-nearest neighbor, 
and neural network. We used tenfold cross-validation to 
assess each model’s accuracy and error rate (Additional 
file  2: Table  S4). Ultimately, the decision tree algorithm 
was identified as the best diagnostic model (Fig. 7A) and 
validated using the test cohort (Fig.  7B). As shown in 
Fig.  7C, the decision tree model included four splitters 
and three distinct molecules—heterogeneous nuclear 
ribonucleoprotein K (HNRNPK), arachidonoyl-EA, and 
1-O-(2r-hydroxy-pentadecyl)-sn-glycerol—to classify 
four terminal nodes.

As depicted in Fig. 7D, the optimal marker set included 
one protein (HNRNPK) and two metabolites (arachi-
donoyl-EA and 1-O-(2r-hydroxy-pentadecyl)-sn-glyc-
erol). This marker set exhibited better predictive ability 
compared with other molecules. The model distinguished 
the aDLco and CON groups with 100% sensitivity and 

100% specificity. Moreover, it was able to differentiate 
aDLco and nDLco groups with an AUC value of 0.863, 
suggesting that this marker set can identify respiratory 
sequelae in COVID-19 convalescents at 6 months after 
hospital discharge.

Sensitivity and specificity of ROC curves generated 
from the test set are presented in Fig. 7E and Additional 
file  1: Fig. S7. In the testing cohort, the sensitivity and 
specificity of this panel for distinguishing the aDLco 
and CON groups were both 1.00; for distinguishing the 
aDLco and nDLco groups, the sensitivity and specific-
ity were 0.708 and 0.75. These results indicate that the 
plasma biomarker panel developed in this study can 
facilitate clinical identification of respiratory sequelae in 
COVID-19 convalescents after hospital discharge.

Discussion
Due to the high heterogeneity of PASC, there remains 
disagreement concerning its definition, and the underly-
ing mechanisms are poorly understood. Previous studies 
have shown that symptoms and clinical parameters alone 
cannot distinguish PASC subtypes; thus, a combined pro-
teomic and metabolomic analysis offers insights concern-
ing the molecular sequelae of PASC, which may allow 
clinicians to predict its occurrence and develop targeted 
therapeutic approaches [8, 10, 18]. Respiratory sequelae 
are the main cluster of PASC symptoms. After the reso-
lution of acute disease, some patients exhibit persistent 
respiratory symptoms, as well as residual radiologic 
abnormalities and impaired lung function, which seri-
ously affect their health-related quality of life [19, 20]. To 
explore the contributing factors, we conducted a longitu-
dinal assessment of the plasma proteomes and metabo-
lomes from 6 months to 3 years after acute disease. 
Additionally, we developed a minimal panel of molecular 
markers using machine learning models to predict diffu-
sion impairment.

We systematically characterized pulmonary sequelae 
over 3 years of follow-up. Consistent with the results of 
a previous study [21], we found that pulmonary abnor-
malities persisted in COVID-19 convalescents at 3 years; 
reduced DLco constituted the most prominent feature 
and was inversely correlated with the extent of lung 
abnormalities (e.g., GGO, reticulation or consolida-
tion, and traction bronchiectasis and/or bronchiectasis). 
Considering the clinical characteristics of PASC in our 
cohort, we performed a longitudinal multi-omics analy-
sis to identify the dynamic changes in the proteomes and 
metabolomes of COVID-19 convalescents over 3 years 
of follow-up. Participants were divided into nDLco and 
aDLco groups to explore differentially altered pathways, 
with the goal of elucidating molecular mechanisms that 
underlie diffusion impairment.
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Fig. 7 Identification and validation of predictive biomarkers for diffusion impairment in COVID-19 convalescents. A Biomarker discovery process. 
Six proteins and seven metabolites were identified and then refined using a random forest model to select three markers. B Validation of selected 
markers. The model used four splitters and three distinct molecules—heterogeneous nuclear ribonucleoprotein K (HNRNPK), arachidonoyl-EA, 
and 1-O-(2r-hydroxy-pentadecyl)-sn-glycerol—to classify four terminal nodes. C Optimal marker set. The optimal marker set comprised one protein 
(HNRNPK) and two metabolites (arachidonoyl-EA and 1-O-(2r-hydroxy-pentadecyl)-sn-glycerol). D Receiver operating characteristic (ROC) curves 
for marker validation. ROC curves assessed the predictive performance of the identified markers. The left graph compares the aDLco at 6 months 
(aDLco-6m) and healthy control (CON) groups, whereas the right graph compares the aDLco-6m and nDLco at 6 months (nDLco-6m) groups. 
Area under the curve (AUC) values for individual markers and the logistic panel demonstrate their diagnostic accuracy. E Confusion matrix analysis 
of combined panel performance among plasma samples from the test cohort
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After identifying respiratory sequelae that persisted in 
COVID-19 convalescents at 3 years after hospital dis-
charge, we sought to determine whether plasma prot-
eomic signaling components also exhibited persistent 
abnormalities. The present study revealed an activation 
signature for cytoskeletal organization in COVID-19 
convalescents. The cytoskeletal system is suspected to 
participate in SARS-CoV-2 infection [22–24] through 
the upregulation of proteins such as actin beta (ACTB) 
[25] and tubulin alpha-1C chain (TUBA1C) [26]. SARS-
CoV-2 can interact with and control the host actin 
cytoskeleton, leading to increases in viral load, cell-to-
cell spread, and immune dysfunction [23, 24]. Thus far, 
research concerning cytoskeletal organization has mainly 
focused on its role in acute COVID-19; little is known 
about its role in PASC. We observed the upregulation of 
cytoskeletal organization-related proteins in COVID-19 
convalescents; these proteins were associated with PFT 
parameters. Grote et al. also found that cytoskeletal pro-
teins, including talin 1 (TLN1) and parvin beta (PARVB), 
were increased in the high-density lipoprotein proteome 
of patients with post-COVID-19 symptoms [27]. Further-
more, Sfera et  al. revealed that SARS-CoV-2 hijacks the 
actin cytoskeleton, causing host cell fusion and eliciting 
pathological syncytia that may contribute to cognitive 
impairment in COVID-19 patients [28].

Proteomic analysis identified three predominant path-
ways that remained abnormal at 3 years after hospi-
tal discharge and displayed associations with diffusion 
impairment, including the suppression of gas transport 
and adaptive immune responses and the activation of 
glycolysis/gluconeogenesis. We observed persistent sup-
pression of gas transport pathways in COVID-19 con-
valescents, even at 3 years after hospital discharge. Our 
proteomic findings were consistent with the clinical PFT 
results, suggesting that SARS-CoV-2 infection caused 
severe and prolonged damage to gas exchange mecha-
nisms. Most DEPs involved in gas transport pathways 
were hemoglobin subunits, including HBD, hemoglobin 
subunit beta (HBB), hemoglobin subunit gamma-2 
(HBG2), and hemoglobin subunit alpha-2 (HBA2). The 
expression levels of these hemoglobin subunits report-
edly are correlated with COVID-19 severity. During 
SARS-CoV-2 infection, the dysregulation of iron metab-
olism and anemia can cause multiorgan damage. Dys-
regulated expression of hemoglobin subunits leads to 
imbalances in globin chain synthesis, ultimately disrupt-
ing erythropoiesis [29]. Additionally, we observed that 
adaptive immune responses were depressed; most DEPs 
involved in these pathways were immunoglobulins. Our 
longitudinal data showed that immunoglobulin expres-
sion gradually declined over the four follow-up visits; 
levels were lower in the aDLco group than in the nDLco 

group. Consistent with our results, Yin et al. observed the 
downregulation of immunoglobin kappa, lambda, and 
heavy chain genes in individuals with long COVID (i.e., 
PASC) via bulk RNA-sequencing [30]. There is also evi-
dence that immunoglobulin signatures can be used for 
early identification of patients with high PASC risk [31]. 
Our results indicate immune dysregulation in COVID-
19 convalescents, especially individuals with reduced 
DLco. Glucose metabolism contributes to the regulation 
of multiple physiological processes, including viral infec-
tion, immunity, tumorigenesis, and homeostasis [32]. 
During acute COVID-19, enhanced glycolysis is a key 
metabolic feature required for the replication of SARS-
CoV-2 [33, 34]. Glucose metabolism also exhibits long-
term alteration after SARS-CoV-2 infection [35, 36]. In 
the present study, glycolysis/gluconeogenesis activation 
was observed in COVID-19 convalescents. Compared 
with the nDLco group, the extent of glycolysis/gluco-
neogenesis activation was higher in the aDLco group. 
Previous works have extensively investigated dynamic 
alterations in gas transport, immune response, and glyco-
lysis/gluconeogenesis mechanisms during acute COVID-
19, but the long-term effects have remained unclear. Our 
results provide comprehensive insights concerning prot-
eomic and metabolic alterations, as well as their associa-
tions with long-term COVID-19 outcomes, potentially 
enhancing the understanding of PASC and enabling the 
identification of therapeutic targets.

Using the multi-omics profile, we developed a panel 
consisting of one protein (HNRNPK) and two metabolites 
(arachidonoyl-EA and 1-O-(2r-hydroxy-pentadecyl)-sn-
glycerol), which demonstrated excellent predictive per-
formance. The panel achieved AUC values of 1.00 and 
0.863 for distinguishing the aDLco group from CONs and 
the nDLco group from CONs, respectively. HNRNPK 
is an important RNA-binding protein involved in regu-
lating gene expression, which plays a crucial role in the 
replication of various viruses [37, 38]. Notably, HNRNPK 
may contribute to the replication cycle of SARS-CoV-2. 
A network analysis by Qi et  al. showed that HNRNPK 
and its interacting host genes were significantly upregu-
lated in patients with severe COVID-19 [39]. However, 
the role of HNRNPK in aDLco remains unclear. The two 
metabolites in our diagnostic panel constitute an orga-
nonitrogen compound and a fatty acyl, respectively. Met-
abolic alterations have also been observed in a cohort of 
COVID-19 convalescents at 3 months after hospital dis-
charge, linking pathways such as lysine degradation and 
glycerophospholipid metabolism to impaired DLco [11]. 
These findings suggest that persistently altered proteins 
and metabolites comprise an effective biomarker panel 
for predicting diffusion impairment.
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There were some limitations in this study. First, because 
the patients were infected with SARS-CoV-2 during the 
first wave of COVID-19, data were unavailable regarding 
vaccination status and treatments; this lack of informa-
tion should be considered when interpreting the results. 
Second, patients in this study were infected with the orig-
inal pandemic strain of SARS-CoV-2. Considering the 
differences in pathogenicity among SARS-CoV-2 vari-
ants, our results might not fully explain PASC caused by 
other SARS-CoV-2 variants. Third, although the samples 
were age-matched, potential confounding factors such as 
diet, vaccination, or environmental confounding factors 
(e.g., pathogen type) may influence the generalizability 
of our findings. Fourth, the proposed potential signa-
tures identified by multi-omics require further validation 
using a more rigorous methodology. Finally, although the 
results were verified using a test cohort, the identified 
biomarkers and pathways associated with PASC (particu-
larly respiratory sequelae) require confirmation through 
external validation in large prospective cohort studies.

Conclusions
In conclusion, this study provides insights concerning 
molecular sequelae among COVID-19 convalescents 
over 3 years after hospital discharge. We comprehen-
sively characterized respiratory sequelae from 6 months 
to 3 years post-discharge, revealing key proteomic and 
metabolomic signatures associated with these compli-
cations. Additionally, we developed a biomarker panel 
to predict diffusion impairment among COVID-19 
convalescents.
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