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SUMMARY

The metabolic alterations caused by SARS-CoV-2 infection reflect disease progression. To analyze mole-
cules involved in these metabolic changes, a multiomics study was performed using plasma from 103 pa-
tients with different degrees of COVID-19 severity during the evolution of the infection. With the
increased severity of COVID-19, changes in circulating proteomic, metabolomic, and lipidomic profiles
increased. Notably, the group of severe and critical patients with high HRG and ChoE (20:3) and low
alpha-ketoglutaric acid levels had a high chance of unfavorable disease evolution (AUC = 0.925). Conse-
quently, patients with the worst prognosis presented alterations in the TCA cycle (mitochondrial dysfunc-
tion), lipid metabolism, amino acid biosynthesis, and coagulation. Our findings increase knowledge
regarding how SARS-CoV-2 infection affects different metabolic pathways and help in understanding
the future consequences of COVID-19 to identify potential therapeutic targets.

INTRODUCTION

COVID-19 is an infectious disease caused by a new type of virus from the Coronaviridae family, namely, severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2)." People infected with SARS-CoV-2 present a great variety of symptoms from the most common, such as fever
or cough, to pneumonia, respiratory failure, and even death in the worst cases.” The progression of SARS-CoV-2 infection depends on two
essential steps: the interaction of the coronavirus spike protein with the host cell surface receptor and the activation of host cell mecha-
nisms for viral replication and dissemination.” These events induce metabolic disturbances caused by viral infection. Under this scenario,
multiomics studies on SARS-CoV-2 viral infection have greatly increased” and provided us with knowledge about the complexity of COVID-
19 pathophysiology that can help medical units improve the diagnosis and prognosis of this disease. SARS-CoV-2, like other viruses, infects
cells through the interaction of lipid membranes and reprograms different pathways for replication.” For instance, SARS-CoV-2 induces the
expression of genes related to lipid metabolism, such as CD36, PPAR-y, SREBP-1, and diacylglycerol acyltransferase-1, in monocytes.”
Consequently, it is not surprising that a switch to fatty acid oxidation to fuel viral replication in patients with COVID-19 has been defined.”
COVID-19 infection induces the production of several fatty acids, glycerophospholipids, and sphingolipids, which are required for the sys-
temic inflammatory host response and energy metabolism and have been proposed as predictive biomarkers for COVID-19 severity."*” As
an example, butyric acid and L-phenylalanine, which are both increased in the serum of COVID-19 patients in comparison to healthy con-
trols, are biomarkers related to inflammation, whereas 2-hydroxybutyric acid, which is increased in critical patients with lactic acidosis and
ketoacidosis, is associated with lipid and carbohydrate metabolism.? On the other hand, the dysregulation of some plasma proteins during
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the development of COVID-19, such as HRG, FETUB, KNG1, LCAT, AHSG, and FN1, plays a key role in the survival of the most critically ill
patients.” Of note, AHSG has been proposed as a good biomarker for detecting critical patients.'”

Since most metabolomics studies of SARS-CoV-2 infection have been performed during the acute phase to find several biomarkers for
diagnosis, much less is known about the different altered biomolecules associated with the progression of COVID-19 and which metabolic
pathways are disturbed. Understanding how the infection biologically affects the organism is important for understanding the possible long-
term consequences. We previously investigated circulating proteomic, metabolomic, and lipidomic profiles at the acute phase of infection to
identify prognostic biomarkers for COVID-19 severity.'' In the present study, we aimed to determine proteomic, metabolomic and lipidomic
changes related to COVID-19 severity to provide insights into the long-term pathways affected by SARS-CoV-2 infection. This study investi-
gated changes in serum biomolecules at 4-8 weeks after the acute phase of SARS-CoV-2 infection in patients with different COVID-19
severity.

RESULTS
Acute COVID-19 outcomes involve greater metabolic changes

The longitudinal cohort comprised 103 nonvaccinated patients with a COVID-19-positive diagnosis divided into three groups based on dis-
ease severity, namely, the mild, severe, and critical groups. The mild and severe groups were composed mainly of women (75% and 58.8%,
respectively), whereas the critical group was formed mostly of men (60%). Range age was higher in the severe (50-75 years) and critical (50-67
years) groups than in the mild group (29-53 years) (p < 0.001). The most common symptoms in the three groups were fever and cough. Most
critical patients presented dyspnea and asthenia (62.1% in both symptoms, p < 0.001) (Figure 1).

The evolution of proteomic, metabolomic and lipidomic profiles at 4-8 weeks (recovery phase) (Figure 1) was analyzed based on severity
degree (Wilcoxon test). Data from the acute phase, which were previously published,'® were considered for those patients with recovery
phase sample availability to compare and normalize the data for this study. Specifically, in the mild group, a significant decrease in the relative
abundance levels of 16 molecules was observed, with lipids being the predominant biomolecules (Figure 2A), and glycerolipid metabolism
was one of the metabolomic pathways with greater incidence (Figure 2B; Table 1 and supplementary information 1). None of the biomole-
cules analyzed resulted in a significant increase in the recovery phase compared to the acute phase. In the severe group, the levels of 11 bio-
molecules, including citric acid, TGFb1 and ChoE (18:3), significantly increased, whereas 38 molecules decreased with a predominance of fatty
acids and diacylglycerides, which were involved in the biosynthesis of unsaturated fatty acids (Figures 2C and 2D; Table 1). Regarding the
group of critical patients, the relative abundance of five molecules was positively altered, and SFMBT2, GP5 and ChoE (18:0) specifically
increased in this group of patients. On the other hand, the relative abundance levels of 63 biomolecules were significantly decreased during
disease progression in critical patients. Valine, leucine, and serine, which are related to aminoacyl-tRNA biosynthesis, and glutamic acid and
D-gluconic acid, which are associated with D-glutamine and D-glutamate metabolism and glyoxylate and dicarboxylate metabolism, were
some of these biomolecules (Figures 2E and 2F; Table 1). Of note, five molecules were altered in all three severity groups, while seven
were specific to the mild group, 21 to the severe group and 36 to the critical group (Figure 2QG). Specifically, aspartic acid was the only metab-
olite whose levels decreased in all groups (Figures 2A, 2C, and 2E). In both the severe and critical groups, the levels of hippuric acid and ChoE
(20:3) were significantly increased, whereas the levels of some metabolites, such as linoleic acid, phenylalanine or glutamic acid, triglycerides
(TG 54:3, TG 52:2 and TG 50:1) and diglycerides (DG 36:3 and DG 36:4), were significantly decreased in the recovery phase compared to the
acute phase (Figures 2C and 2E). These compounds, which were disturbed in both severe and critical patients, were implicated in different
metabolic pathways, such as the linoleic acid, phenylalanine, glyoxylate and dicarboxylate pathways (Figures 2D and 2F; Table 1). Taken
together, these results showed an association of COVID-19 severity with major changes in circulating proteomic, metabolomic and lipidomic
profiles. Of interest in the mild group, only 16 biomolecules were significantly decreased, whereas 49 and 68 molecules were significantly
disturbed in the severe and critical groups, respectively.

Similar multiomics profiling in severe and critical patients after 4-8 weeks of COVID-19 evolution

At 4-8 weeks of COVID-19 evolution (recovery phase), of a total of 239 proteins, 78 metabolites and 112 lipids (supplementary information 1),
the Kruskal-Wallis test revealed significant 31 proteins, 51 metabolites and 31 lipids of which seven were found in the three groups of severity,
18 were significantly different between mild and severe, four between mild and critical and six between severe and critical (Figure STA). A
significant increase or decrease in relation to disease severity was represented in heatmaps by type of molecule and by severity group (Fig-
ure 3A). Although specific patterns were found for each group, some similarities were found in severe and critical patients who shared 29% and
37.3% of the proteomic and metabolomic profiles, respectively, compared to the mild group, in which compounds such as alpha-1B-glyco-
protein (A1BG), carboxypeptidase N subunit 2 (CPN2), complement C1s subcomponent (C1S), alanine-glyoxylate aminotransferase (AGT),
glutamic acid, 2-hydroxyisovaleric acid, alpha-ketoglutaric acid, oleic acid, PC 32:0 and DG 36:1 predominated (Figure 3A). Of note, a
high presence of immunoglobulins [immunoglobulin heavy variable 3-72 (IGHV3-72), immunoglobulin kappa variable 4-1 (IGKV4-1), immu-
noglobulin heavy constant alpha 1 (IGHA1), immunoglobulin kappa constant (IGKC), immunoglobulin lambda-like polypeptide 5 (IGLLS),
immunoglobulin heavy constant mu (IGHM), immunoglobulin heavy constant gamma 1 (IGHG1), immunoglobulin heavy constant gamma
4 (IGHG4) and immunoglobulin heavy constant gamma 2 (IGHG2)] as well as alanine, indole-3-propionic acid, indolelactic acid, valine,
s-xylose, d-arabinose and most of the triacylglycerols (TGs) was observed in severe patients. On the other hand, the most prevalent biomol-
ecules in critical patients were histidine-rich glycoprotein (HRG), clusterin (CLU), apolipoprotein F (APOF), benzoic acid, palmitic acid, methi-
onine, sphingomyelin 43:1 (SM 43.1), diacylglycerol 40:4 (DG 40:4), cholesteryl ester 22:4 [ChoE (22:4)] and cholesteryl ester 18:0 [ChoE (18:0)],

2 iScience 26, 107948, October 20, 2023



iScience ¢? CellPress
OPEN ACCESS

* COVID-19 cohort

t4

Screening and

identification
MILD GROUP SEVERE GROUP CRITICAL GROUP
h= 40 n= 34 n=29
25% 75% 41.2% 58.8%
42 (29-53) years 63 (50-75) years 59 (50-67) years
@ Fever OCough @ Dyspnea O Anosmia Asthenia

COVID-19 symptoms

i Acute phase Proteomics
o Time of admission
= Metabolomics
. *  Recovery phase
I After 4-8 weeks Lipidomics

Study design

Figure 1. Study design, demographic and symptomatology data of the COVID-19 study cohort

The cohort for this longitudinal study comprised 103 nonvaccinated patients infected with SARS-CoV-2 classified based on disease severity into three groups:
the mild, severe and critical groups. Demographic and symptomatology data were recorded at the time of admission. In every group, sex proportion
(in percentage; %) and age range (median and 25th-75th interquartile range) are indicated. Blood sampling for multiomics analysis was performed at the
time of admission (acute phase, data from previous studym) and after 4 to 8 weeks (recovery phase).

coinciding with their low prevalence in the other groups (Figure 3B). Interestingly, in critically ill patients, cholesterol compounds were strongly
present in contrast with most phosphatidylcholines (PCs) and TGs, which were significantly decreased in this group (Figure 3A).

Regarding changes observed in the protein profile (Figures 3A and 3B), the proteins were functionally interconnected. Most of those pro-
teins were significantly involved in the complement and coagulation cascades and lipoprotein particles, and more interestingly, four [HRG,
fetuin-B (FETUB), heparin cofactor 2 (SERPIND), and plasminogen (PLG)] of them were further associated with COVID-19, thrombosis and
anticoagulation pathways, and regulation of fibrinolysis (p < 0.05) (Figure 3B). Formation of fibrin clots (clotting cascade), serine-type endo-
peptidase inhibitor activity, hemostasis, retinoid cycle disease events, lipopolysaccharide receptor complex, toxic pneumonitis, hemolytic
uremic syndrome and aortitis were other processes in which the significant proteins were involved (p < 0.05).

In relation to the enriched pathways in which metabolites and lipids related to COVID-19 severity were identified after 4-8 weeks of infec-
tion, D-glutamine and D-glutamate metabolism, butanoate metabolism, tricarboxylic acid (TCA) cycle, arginine biosynthesis and alanine,
aspartate and glutamate metabolism predominated independently of severity, as shown in Figure 3C. Analyzing by groups, D-glutamine
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Figure 2. Evolution of proteomic, metabolomic and lipidomic profiles of the COVID-19 cohort based on disease severity

(A-F) Volcano plot comparing proteomic, metabolomic and lipidomic profiles in the recovery phase from the acute phase in (A) mild, (C) severe and (E) critical
individuals. Significantly (p < 0.05) upregulated molecules in COVID-19-positive patients are highlighted in red, and downregulated molecules are highlighted in
blue. The log2-fold change in molecular levels is represented on the x-axis, and the -log10 Wilcoxon test p value is on the y axis. Abbreviations: TG: triglyceride;
DG: diglyceride; LPC: lysophosphatidylcholine; SM: sphingomyelin and ChoE: cholesteryl ester. The bubble diagram shows the relevant metabolic pathways in
which the molecule profiles have changed significantly considering all patients classified by severity: (B) mild, (D) severe and (F) critical individuals. Joint-pathway
analysis sorted by pathway impact and -log10 greater than 0.1 (p value < 0.05) were further considered. The size of the bubbles shows the pathway impact value,
and the color denotes the level of significance (from non-significant pathways in yellow to significant in red) by the mean of p values. Significant pathways were
named in the bubble plot and p values and matched molecules are described in Table 1 and supplementary information 1.

(G) AVenn diagram indicates the number of compounds that were shared or not shared by mild, severe and critical groups. Different colors are corresponded to
different severity groups.

and D-glutamate metabolism and butanoate metabolism pathways were the most predominant in the mild and severe patients (Figures S1B
and S1C). However, in the critical group, selenocompound and propanoate metabolism, fatty acid elongation and fatty acid degradation
were the predominant enriched pathways, suggesting that COVID-19 severity is related to more metabolomic changes (Figure S1D).

Overall, these findings suggested that severe and critical patients share minor differences in biochemical composition (similar proteomic
and metabolomic profiles among groups, Figure 3A), but the implication of these differences in biological pathways is different (Figure S1),
changing more in the critical group in the recovery phase.

HRG, alpha-ketoglutaric acid and ChoE (20:3) as multiomics-based biomarkers for unfavorable COVID-19 evolution

To identify key biomarkers for unfavorable progression of COVID-19, the severe and critical groups were grouped into the “unfavorable”
group (hereinafter, the study groups were mild and unfavorable). In this way, metabolic pathways explaining how mild COVID-19 could
become a more adverse diagnosis could be revealed.

In this longitudinal cohort with this new classification, the mild group was composed mainly of women (75%), whereas the unfavorable
group comprised 54% men. Range age was higher in the unfavorable group (51-72 years) than in the mild group (28-53 years) (p < 0.001).
Patients in the mild group had obesity (50%), hypertension (12.5%), dyslipidemia (12.5%) and cardiovascular problems (10%) before SARS-
CoV-2 infection. In the case of patients in the unfavorable group, the most important previous comorbidities were obesity (63.5%) and hyper-
tension (34.9%). Dyslipidemia (27%), diabetes mellitus (17.5%) and metabolic syndrome (14.3%) were also present in this group of patients,
which reaffirmed that the unfavorable group presented a higher prevalence of comorbidities than the mild group. Moreover, the 65% of
mild patients exercised regularly (p = 0.022) (Table 2).

Table 1. Significant metabolomic pathways involved in the evolution of COVID-19 infection

MILD SEVERE CRITICAL

Pathway name Match p value Match p value Match p value
Alanine, aspartate and glutamate metabolism - - 3/61 0.003 4/61 0.005
Aminoacyl-tRNA biosynthesis - - - - 8/74 1.257E-6
Arginine biosynthesis - - - - 3/27 0.003
Biosynthesis of unsaturated fatty acids - - 2/47 0.024 - -
Butanoate metabolism - - - - 2/29 0.045
D-Glutamine and D-glutamate metabolism - - - - 2/10 0.005
Galactose metabolism 2/51 0.008 - - - -
Glutathione metabolism - - - - 3/56 0.027
Glycerolipid metabolism 4/35 1.2063E-6 - - 3/35 0.007
Glycerophospholipid metabolism 2/86 0.022 - - - -
Glycine, serine and threonine metabolism - - - - 5/68 0.001
Glyoxylate and dicarboxylate metabolism - - 2/56 0.034 5/56 4.145E-4
Linoleic acid metabolism - - 2/17 0.003 2/17 0.016
Phenylalanine metabolism - - 2/21 0.005 2/21 0.024
Valine, leucine and isoleucine biosynthesis = = = = 4/12 7.470E-6

Profile of the number of matched molecules in relation to known compounds of each pathway and p value corresponding to each pathway impact from the joint-

pathway analysis are indicated in mild, severe and critical groups. The specific molecules of each pathway are described in supplementary information 1.
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Figure 3. Distribution and implication of different biomolecules and pathways during the recovery phase in COVID-19 patients

(A) Heatmaps of proteomic, metabolomic and lipidomic (left to right) significant profiles by disease severity using MetaboAnalyst 5.0. The columns in each
heatmap indicate the mild (left), severe (center) and critical (right) groups, and the color intensity shows the abundance of the compound in each group
(increased in red and decreased in blue). Biomolecules with significant differences (p values <0.05) between groups were determined by the nonparametric
Kruskal-Wallis test. Biomolecules with >50% missing values were removed.

(B) Network of significant proteins in COVID-19-infected patients using STRING 11.5. In violet: proteins involved in complement, regulation and lipoprotein; in
red: proteins related to COVID-19, thrombosis, coagulation, and regulation of fibrinolysis. Significant proteins (p values <0.05) were determined by the
nonparametric Kruskal-Wallis test.

(C) Enrichment analysis by Kyoto Encyclopedia of Genes and Genomes (KEGG) using MetaboAnalyst 5.0 of significant metabolites and lipids among COVID-19-
infected patients. The gradient of color indicates the p value degree, with red being the most significant. Significant metabolites and lipids (p values <0.05) were
determined by the nonparametric Kruskal-Wallis test.
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Table 2. Demographic information from patients of the longitudinal cohort using the new classification criteria

Variables Mild (n = 40) Unfavorable (n = 63) p value
Male 10 (25) 34 (54) <0.001
Age (years) 42 (28-53) 60 (51-72) 0.004

Comorbidities

Obesity 20 (50) 40 (63.5) 0.04
Metabolic syndrome 0(0) 9(14.3) 0.364
Diabetes mellitus (DM) 0 (0) 11 (17.5) 0.005
Hypertension (HTA) 5(12.5) 22 (34.9) 0.012
Dyslipidemia (DLP) 5(12.5) 17 (27) 0.800
Cardiovascular diseases (CVD) 4 (10) 6(9.5) 0.937
Respiratory diseases (COPD) 2(5) 0 (0) 0.730
Cancer 2(5 2(3.2 0.640
Lifestyle factors

Exercise 26 (65) 24 (38.1) 0.022
Smoker 4 (10) 4 (6.3) 0.056
Habitual alcohol consumption 3(7.5) 8(12.7) 0.398

Data are presented as n (%) or median (25th-75th interquartile range).

First, a random forest analysis was performed. Figure 4A shows the top 15 significant proteins, metabolites and lipids that better differ-
entiated the two groups. The top two biomolecules in each random forest analysis were selected as biomarker candidates: HRG and throm-
bospondin 1 (THBS1) (proteins), 2-hydroxyisovaleric acid and alpha-ketoglutaric acid (metabolites), phosphatidylcholine 32:0 (PC 32:0) and
cholesteryl esters ChoE (20:3) (lipids). Of note, the compounds HRG and ChoE (20:3) were significantly higher in the unfavorable group,
and THBS1, 2-hydroxyisovaleric acid, alpha-ketoglutaric acid and PC 32:0 were significantly higher in the mild group (Figure 4A). Interestingly,
the HRG candidate was not only associated with the unfavorable group but also previously related to immune system processes and COVID-
19 (Figure 3B). Metabolomic-based biomarker analysis by receiver operating characteristic (ROC) curves was performed individually for the six
candidates mentioned above and represented by the type of molecule (Figure S2). Four of the biomarkers obtained good outcomes for the
area under the curve (AUC) (AUC >0.65): alpha-ketoglutaric acid (AUC = 0.878; 95% Cl = 0.818-0.939; p = 0.000), 2-hydroxyisovaleric acid
(AUC = 0.805; 95% ClI = 0.724-0.885; p = 0.000), ChoE (20:3) (AUC = 0.739; 95% Cl = 0.644-0.834; p = 0.000) and HRG (AUC = 0.682; 95%
Cl =0.569-0.796; p = 0.003) (Figure S2). The other two compounds, THBS1 and PC 32:0, were eliminated from the next analysis due to their
low AUC results (THBS1: AUC = 0.349, 95% Cl = 0.235-0.464, p = 0.015; PC 32:0: AUC = 0.373, 95% Cl = 0.271-0.475, p = 0.020).

Then, the discriminatory power of selected biomarkers for differentiating mild and unfavorable groups was analyzed by binary logistic
regression. The combination of the four selected biomarkers [HRG + alpha-ketoglutaric acid + 2-hydroxyisovaleric acid + ChoE (20:3)
(Model 1)], rather than using each biomolecule individually, significantly increased the discriminatory power of these compounds
(AUC = 0.924). Because the selected panel of four biomolecules included one protein, two metabolites and one lipid, we tested the pre-
diction accuracy of using only one molecule representing each type of molecule (combinations of three different natural compounds). The
best discriminatory power was obtained by the combination of HRG + alpha-ketoglutaric acid + ChoE (20:3) (AUC = 0.925; 95% CI = 0.872-
0.979; p < 0.001; Model 2), in contrast to the combination of HRG + 2-hydroxyisovaleric acid + ChoE (20:3) (Model 3), which presented an
AUC value of 0.785 (Figure 4B). Of note, the combination of the three selected biomolecules together showed the best discrimination
between groups due to its high specificity and sensitivity rather than considering them individually. These biomarkers associated with spe-
cific COVID-19 unfavorable diagnoses could help to identify possible targeting COVID-19 progression-specific metabolic pathways.

Next, to analyze whether the levels of the biomarkers were affected by age (p = 0.004) and gender (p < 0.001) in the proposed panels,
logistic regression models including these factors for mild and unfavorable patients were performed using the Model 1 and the Model 2
as they obtained the best AUC (Figure 4B). The Odds Ratio (OR) for age was 1.066 for both models (p = 0.027 and 0.029, respectively)
and the OR for gender was 3.451 (p = 0.184) for Model 1 and 3.168 (p = 0.198) for Model 2, indicating that gender was not associated
with proposed panels (Table 3). Therefore, age was the only significantly factor which contribute to the plasma molecule panels and for
this reason, ROC curves of Model 1 [HRG + alpha-ketoglutaric acid + 2-hydroxyisovaleric acid + ChoE (20:3)] and Model 2 [HRG + alpha-ke-
toglutaric acid + ChoE (20:3)] were performed including age as factor. The best discriminatory power was obtained by the combination of age
and Model 1 (AUC = 0.954; 95% Cl = 0.913-0.995; p < 0.001) (Figure 4C) whereas the combination of age with Model 2 obtained AUC of 0.949
(95% Cl = 0.904-0.994; p < 0.001) (Figure 4C). Moreover, the relation of comorbidities with the four main biomolecules proposed associated to
unfavorable group were analyzed by the coefficient of point-biserial correlation (pb) and represented in a correlation matrix. The results
confirmed that HRG, alpha-ketoglutaric acid and ChoE (20:3) were not affected by any previous comorbidities (Figure 4D). Hence, the age
was a factor which improved the discriminatory power of plasma molecule panel to distinguish mild from unfavorable patients.
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Figure 4. Biomarker analysis for distinguishing COVID-19 progression from mild to unfavorable

(A) Random forest of significant proteins, metabolites and lipids (left to right) in patients comparing mild and unfavorable disease outcomes by MetaboAnalyst
5.0. The intensity of colors indicates the significance of the compound in differentiating groups (high in red and low in blue).

(B) ROC curves of selected biomarkers for differentiating mild from unfavorable COVID-19 patients by binary logistic regression using IBM SPSS Statistics 21.0.
(C) ROC curves of Model 1 and Model 2 including age for differentiating mild from unfavorable COVID-19 patients by binary logistic regression using IBM SPSS
Statistics 21.0.

(D) Heatmap showing the point-biserial correlation coefficient (pb) of pairwise comparison analyses between previous comorbidities with levels of selected
biomarkers. The correlation matrix is color-coded according to the point-biserial correlation coefficient (—1:1, blue:red through white), and correlations with
statistical significance are indicated with an asterisk as *p < 0.05.

DISCUSSION

COVID-19 has become a public health problem affecting ~700.0 million confirmed patients with high variability of symptoms such as fever or
cough in mild patients to pneumnonia and complicated dyspnea in critical patients.'” Most patients present mild symptoms, whereas a small
proportion of patients infected with SARS-CoV-19 progress to critical illness with multi-organ failure accompanied by metabolic
disturbances.”®

The study of the metabolic changes that underlie the evolution of COVID-19 infection generates knowledge for understanding this
pandemic disease and consequently for identifying specific biomarkers to act early in COVID-19 diagnosis and treatment. Thus, this longi-
tudinal study of nonvaccinated SARS-CoV-2-infected patients provides a comprehensive perspective on circulating proteomic, metabolomic
and lipidomic signatures associated with different COVID-19 severity degrees, from mild to critical outcomes. Previously published data
described fetuin-A, glutamic acid and ChoE (18:0) as key predictive biomarkers for distinguishing mild from critical patients in the acute phase
of SARS-CoV-2 infection.'” Interestingly, in this study of 103 patients from a previous cohort with well-characterized follow-up until the recov-

ery phase, the TCA cycle, lipid metabolism and amino acid biosynthesis were the key pathways in good COVID-19 healing. In addition,
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Table 3. Multivariable analysis of the associations of age and gender with COVID-19 severity

Variables Odds ratio 95% Cl p value
Model 1 Age 1.066 1.007-1.129 0.027

Gender 3.451 0.555-21.443 0.184
Model 2 Age 1.066 1.007-1.129 0.029

Gender 3.168 0.547-18.359 0.198

Model 1 was compound by HRG + alpha-ketoglutaric acid + 2-hydroxyisovaleric acid + ChoE (20:3) and the Model 2 was formed by the combination of HRG +
alpha-ketoglutaric acid + ChoE (20:3).

analyzing the changes between two time points (baseline and after 4-8 weeks), the proteome, metabolome and lipidome after 4-8 weeks
were still different from the acute phase of COVID-19."° The major number of changes was found in critical group with 68 molecules, followed
by the severe group with 49 and finally by the mild group with only 16 decreased biomolecules found in relation to baseline. Surprisingly, most
of the up-regulated changes were observed in the severe group with 11 biomolecules and not in the critical group (5 increased biomolecules),
probably because this comparison evaluated changes between the acute and recovery phase. This result indicates that the high levels of most
biomolecules in the critical group did not vary along this period of time during infection and suggests that the up-regulation of the most bio-
molecules could have occurred during the acute phase as reported by some studies.’*'® Moreover, several studies reported that during the
acute phase, excessive release of cytokines and other inflammatory molecules can lead to multi-organ dysfunction or even death'”'® and
these consequences were reflected in changes in multiomics profiles during the recovery phase, where severity has been associated with
increased alterations in pathways and molecules, indicating the tissue damage degree and the state of the immune system. Of note, in
the recovery phase, fatty biosynthesis and elongation predominated together with butanoate and selenocompound metabolisms in the
case of severe and critical groups, whereas synthesis of amino acids such as arginine, alanine and glutamate, together with an activation
of the TCA cycle (Figure S1) probably by glutaminolysis'” producing high levels of alpha-ketoglutaric acid, which was found in our study
to be highly present in the mild group (Figure 3A). These results indicate that a good recovery is characterized by a predominance of anabolic
processes as indicated by some studies,”” while over-activation of the TCA cycle could end up breaking the cycle, worsening cellular function,
and producing a poor recovery.”’

Regarding the proteomic signature related to an unfavorable COVID-19 outcome, in the recovery phase, most of the significant molecules
detected were related to complement function and coagulation along with the high presence of different immunoglobulins as reported in
other studies.”'>?? In particularly in our study, a significant increase in the circulating relative abundance of HRG was found in severe and
critical patients compared to the mild patients, reaffirming its importance in several metabolic functions.” In agreement, Nishibori M. empha-
sized the decrease in plasma HRG levels at early phases of the disease to be used as a biomarker to distinguish between mild and severe
cases.”” HRG is produced primarily by the liver and secreted into circulation, where it regulates many processes, such as coagulation and
fibrinolysis.”* It has been reported that HRG can bind to heparin, the main anticoagulant, preventing the activation of coagulation factors
and therefore triggering the formation of blood clots (Figure 5A).?> Remarkably, 50% of patients with severe COVID-19 showed coagulopathy
problems associated with high levels of D-dimer protein.”® And more recently, an association of thromboembolic complications with Long
COVID was described, by mechanisms such as persistent inflammation, coagulation abnormalities, endothelial damage and dysfunction.?”
Other functions of HRG are host defense, pathogen clearance, angiogenesis, dead cell clearance and tumor growth, which could be related
to a protective effect of the organism against damage induced by SARS-CoV-2 infection.”® Published data suggest that the changes in the
plasma levels of HRG, especially in severe patients with COVID-19, are associated with its role in preventing the excessive activation of neu-
trophils and endothelial cells. In the case of neutrophils, HRG maintains a quiescent state and low production of reactive oxygen species
(ROS). Regarding epithelial cells (ECs), HRG inhibits the release of the cytokine named high-mobility group box-1 (HMGB1) and consequently
suppresses the inflammatory responses induced by HMGB1.7%%? In addition, HRG maintains the integrity of ECs by inhibiting the reorgani-
zation of the cytoskeleton and regulating E-cadherin levels (Figure 5A).'® " Thus, HRG could be considered as a possible therapeutic target as
an anti-thrombotic and regulator of neutrophil over-activation.

The levels of alpha-ketoglutaric acid, a common intermediate molecule of the tricarboxylic acid (TCA) cycle, decreased during the pro-
gression of COVID-19, reaching high levels in the mild group compared to the unfavorable group. Previously published data described
increased circulating alpha-ketoglutaric acid concentrations in critical patients during the acute phase directly related to increased glutamic
acid relative abundance in plasma.'%* Concretely, in the acute phase, an increase in the circulating relative abundance of glutamic acid was
determined to be a key predictive biomarker for distinguishing mild from critically ill patients.?’ Glutamic acid, which is synthesized from
alpha-ketoglutaric acid® is a non-essential amino acid with a key role in the TCA cycle, gluconeogenesis and amino acid metabolism and
hence acts as an oxidative stress and energy homeostasis controller under stress conditions. Moreover, macrophages and monocytes use
glutamic acid for their proper function as antioxidant defenders through the glutathione synthesis pathway.** High levels of alpha-ketoglu-
taric acid inhibit SARS-CoV-2 replication in the human monocytic U937 cell line*" and are associated with anti-inflammatory and anti-throm-
botic roles. Of note, supplementary dietary alpha-ketoglutaric acid reduced clot formation, leukocyte accumulation and apoptotic tissue
damage in the lungs of infected mice.” For this reason, alpha-ketoglutaric acid may be a good dietary strategy to prevent thrombosis
and inflammation in patients with COVID-19, as it happened with other dietary supplements such as vitamin D or C which improve the recov-
ery during SARS-CoV-2 infection.*>* Thus, in agreement with all these data, we found a decreased relative abundance of glutamic acid and
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Figure 5. Molecular functions and metabolic pathways related to HRG, alpha-ketoglutaric acid and ChoE (20:3) biomarkers based on COVID-19 severity
(A) HRG is synthesized in the liver and secreted into the bloodstream, where it interacts with several cell types and performs different functions. In SARS-CoV-2
infection, the prothrombotic factor HRG binds to heparin, preventing the interaction between coagulation factors and heparin and triggering blood clot
formation. In neutrophils, HRG binds to its receptor, CLEL1A, which maintains the quiescent status and low production of ROS to promote phagocytic
activity, and in epithelial cells, the activation of CLEL1A inhibits the translocation of the cytokine HMGB1 to the extracellular matrix and promotes cell
attachment by regulating E-cadherin levels.

(B) In patients with severe COVID-19, the TCA cycle is altered by low levels of alpha-ketoglutaric acid due to low levels of its precursor, glutamic acid. Moreover,
ChokE levels are increased through the increased activity of cholesterol synthesis. Finally, a reduction in the synthesis of amino acids such as leucine or serine,

among others, is observed. Yellow dots correspond to cholesterol particles.

alpha-ketoglutaric acid in patients with the most unfavorable COVID-19 outcomes after 4 to 8 weeks of SARS-CoV-2 infection. Consequently,
a worse progression of COVID-19 disease could be directly related to mitochondrial dysfunction, hypoxia, and tissue damage through the
reduction of TCA cycle activation (Figure 5B).*” Hence a possible therapy based on the administration of pharmacological modulators of mito-
chondrial function was suggested as a potential treatment for COVID-19 to improve patient recovery. In addition, mitochondrial dysfunction
has already been described as one of the mechanisms involved in Long COVID? and for that, this new therapy could also be effective in Long
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COVID, using compounds such as mitochondria-targeted antioxidants that inhibit inflammation and oxidative stress and thus prevent organ
dysfunction.*®**” Moreover, a significant reduction in glutamine, which is an arginine precursor and a derivative of glutamic acid implicated in
aminoacyl-tRNA biosynthesis, was also previously described in critical COVID-19 patients.”” Thus, it could be postulated that aminoacyl-tRNA
biosynthesis has an important role in SARS-CoV-2 infection due to its role in immunity regulation against viral infection apart from its canonical
function in protein synthesis.*' Some studies have shown that aminoacyl-tRNA synthetase and the multisynthetase complex (MSC) have a non-
enzymatic function after infection, such as replication or entry into the host cell. Additionally, aminoacyl-transfer RNA synthetase-interacting
multifunctional protein (AIMP1 or p43), one of the MSC members, can be secreted from macrophages and monocytes to act as an active
proinflammatory cytokine and innate immune response stimulator.”? The other metabolite, 2-hydroxyisovaleric acid, also known as
2-hydroxy-3-methylbutyric acid, is a valine derivative and originates primarily from the metabolism of valine, leucine, and isoleucine and keto-
genesis.”® Thus, it was not surprising that not only the relative abundance of 2-hydroxyisovaleric acid but also valine, leucine and isoleucine
levels were significantly decreased during the disease course in critical patients, while in mild and severe patients, they did not undergo any
changes. Accordingly, low levels of 2-hydroxyisovaleric acid, which were detected in the acute phase of disease in critical COVID-19 patients,
have been proven not to be restored in the first or second month of the recovery phase.” Moreover, consistent with our results, previous data
also proposed 2-hydroxyisovaleric acid as a candidate biomarker of the severity of COVID-19.%*

The lipidomic profile in critically ill patients was significantly disturbed in the specific content of cholesterol compounds compared to those
of mild and severe patients. In the recovery phase of COVID-19 disease, cholesteryl esters (ChoEs) were significantly increased in critical pa-
tients in contrast with most TGs and phosphatidylcholines (PCs), which were significantly increased in mild and severe patients as previously
reported.”>*® Of note, and similar to those previously observed with the relative abundance of alpha-ketoglutaric and glutamic acid, the circu-
lating signatures of both ChoEs and TGs were the opposite in the acute phase of critical patients; there was a significant ChoE decrease but a
significant increase in the relative abundance of TGs.'? For viral entry to be successful, itis important to highlight the role of the host cell mem-
brane composition, where the virus can enter by plasma membrane fusion or endocytosis.”” In this regard, cholesterol has a fundamental role
in regulating the entry of the virus into the host cell by promoting membrane fusion, besides in viral translation/replication and immune acti-
vation (Figure 5B). In this regard, cholesterol has a fundamental role in regulating the entry of the virus into the host cell by promoting mem-
brane fusion, in addition to viral translation/replication and immune activation (Figure 5B). The viral fusion protein and the viral spike protein of
SARS-CoV-2 require interaction with cholesterol to enter the host cell.*® Specifically, elevated membrane cholesterol levels improve the ef-
ficiency of SARS-CoV-2 to enter and infect the host cell because this compound increases the number of entry sites and the number of angio-
tensin-converting enzyme 2 (ACE2) receptors in the membrane.”” In addition, the virus can hijack cholesterol metabolism for its assembly,
maturation, and release of viral par‘[icles.50 Thus, cholesterol is a key factor in SARS-CoV-2 infection and in COVID-19 disease evolution,
and some lipid species are potential biomarkers for COVID-19 severity and targets for treatment to prevent the entry of the virus into the
host cell and its subsequent translation and replication. Specifically, ChoE (20:3) has been proposed as a healing biomarker for the recovery
phase, whereas our preliminary study'” reported ChoE (18:0) as a predictive biomarker for distinguishing mild from critical patients in the
acute phase. Accordingly, other authors proposed monitoring lipid metabolism and low cholesterol therapy in patients with COVID-19.”’
Of interest, despite both ChoEs being increased along the disease course in critical patients (Figure 2E), we observed a change in the pre-
dominance of cholesterol type depending on the acute or recovery phase; therefore, further studies of specific cholesterol compounds would
provide a greater understanding of the pathogenesis of SARS-CoV-2 infection. Interestingly, lipid metabolism alterations in the context of
Long COVID were described as a risk factor for unfavorable outcomes, which could be modulate by metabolic interventions and diets as
a possible therapy for improving symptoms of Long COVID.>

Finally, the best-proposed multiomics biomarkers associated with the COVID-19 recovery phase were HRG, alpha-ketoglutaric acid, and
ChoE (20:3) because it is the best combination with the lowest number of compounds. However, age is a factor that directly influences the
levels of these compounds. Many studies have linked age to a worse recovery from SARS-CoV-2 infection, so it is a factor to be considered
when assessing the progression of the infection.”®>* By contrast, any previous comorbidity did not affect. In conclusion, these biomolecules
related to COVID-19 severity are associated with specific metabolic pathways, such as mitochondrial dysfunction, metabolism of lipids, amino
acid biosynthesis, and the coagulation process. Knowledge of the molecular pathways altered due to viral infection that remain disturbed
beyond the acute phase may help not only to understand the healing differences among SARS-CoV-2-infected subjects during the progres-
sion of COVID-19 but also to understand and anticipate the appearance of future pathologies derived from SARS-CoV-2 infection, such as
long COVID. It would be of great interest to investigate the role of these molecules and molecular pathways to improve or create new treat-
ments for emerging pandemic infections and for that, further studies would be needed to better understand the specific molecular mecha-
nisms underlying these pathways.

Limitations of the study

Patients in this cohort were a representative, well-characterized group of patients with COVID-19 positivity from the first to third waves of
SARS-CoV-2 infection in which experimental design the control group was considered the mild group of COVID-19 severity rather than a
group of non-infected SARS-CoV-2 patients, according to the main objective of the study. The effect of different variants of SARS-CoV-2
has not been considered due to a lack of specific information; the small sample size impeded a more robust subgroup analysis and the appli-
cability of the proposed panel of biomarkers is not immediate in clinical diagnosis. The present work identified various metabolic pathways,
but it does not provide detailed mechanistic explanations for how SARS-CoV-2 infection specifically affects the different molecular pathways.
One or two experiments at the cellular or animal level could be necessary to prove the significance of the target molecules. The dietary habits
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and intake of the patients could affect the metabolic profiles in the different groups, and they were not possibly controlled in this study
because the sampling was performed when the patients arrived at the hospital during the COVID-19 health crisis. Finally, it would be inter-
esting to investigate the role of these molecules and molecular pathways related to different symptomatology of Long COVID-19.
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REAGENT or RESOURCE SOURCE IDENTIFIER
Biological samples
Human blood plasma samples Hospital Universitari Joan XXIII N/A

(Tarragona) and the Vall d'Hebron
Hospital (Barcelona)

Chemicals, peptides, and recombinant proteins

1.4-Dithiothreitol
lodoacetamide
Formic acid
Acetonitrile
Methanol

Succinic acid-d4
Myristic acid-d27
Glycerol-13C3
D-glucose-13Cé
Methoxyamine hydrochloride
MSTFA +1% TMCS

Chloroform

NaCl

Methyl-tert-butyl ether
2-propanol
Ammonium formate

Formic acid

Sigma-Aldrich
Sigma-Aldrich
Sigma-Aldrich
Merck

Merck
Sigma-Aldrich
Sigma-Aldrich
Cortecnet
Cortecnet
Sigma-Aldrich

Thermo Scientific

Sigma-Aldrich
Sigma-Aldrich
Sigma-Aldrich
Merck

Sigma-Aldrich

Fisher Scientific

https://www.sigmaaldrich.com/ES/es/product/sial/d0632
https://www.sigmaaldrich.com/ES/es/product/sigma/i1 149
https://www.sigmaaldrich.com/ES/es/product/sial/33015m
https://www.sigmaaldrich.com/ES/es/product/mm/100029
https://www.sigmaaldrich.com/ES/es/product/mm/106035
https://www.sigmaaldrich.com/ES/es/product/aldrich/293075
https://www.sigmaaldrich.com/ES/es/product/aldrich/366889
https://cortecnet.com/glycerol-13c3.html
https://cortecnet.com/d-glucose-13cé.html
https://www.sigmaaldrich.com/ES/es/product/aldrich/226904

https://www.thermofisher.com/order/catalog/product/
TS-489157SID=srch-hj-TS-48915

https://www.sigmaaldrich.com/ES/es/product/sial/32211m
https://www.sigmaaldrich.com/ES/es/product/sial/s7653
https://www.sigmaaldrich.com/ES/es/product/sigald/34875
https://www.sigmaaldrich.com/ES/es/product/mm/101040
https://www.sigmaaldrich.com/ES/es/product/sigma/78314

https://www.fishersci.es/shop/products/formic-acid-99-0-optima-
lc-ms-grade-fisher-chemical/10596814?searchHijack=true&
searchTerm=A117-50&searchType=RAPID&matchedCatNo=A117-50

Critical commercial assays

Human-7 Multiple Affinity Removal
Spin (MARS)

Pierce™ Trypsin/Lys-C Protease Mix,
MS Grade

TMT 11-plex labelling
Lipidomic SPLASH

Agilent Technologies

Thermo Fisher Scientific

Thermo Fisher Scientific

Avanti Lipids, INC

https://www.agilent.com/en/product/biopharma-hplc-analysis/
abundant-protein-depletion/multiple-affinity-removal-
spin-cartridge-human-7

https://www.thermofisher.com/order/catalog/product/es/es/A41007

https://www.thermofisher.com/order/catalog/product/A34808
https://avantilipids.com/product/330707

Software and algorithms

MetaboAnalyst 5.0

SPSS statistics 21.0

GraphPad Prism 9.0

String 11.5

Proteome Discoverer v.1.4.0.288

Mascot search engine v.2.5

MetaboAnalyst

IBM Corporation

GraphPad

STRING CONSORTIUM 2023
Thermo Fisher Scientific

Matrix Science

https://www.metaboanalyst.ca/
http://www.spss.com.hk/software/statistics/
https://www.graphpad.com/
https://string-db.org/
https://www.thermofisher.com/es

https://www.matrixscience.com/
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RESOURCE AVAILABILITY
Lead contact

Further information and requests for resources and reagents should be directed to and will be fulfilled by the Lead Contact, Anna Rull (anna.
rull@iispv.cat).

Materials availability

This study did not generate new unique reagents.

Data and code availability

Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Study participants and data collection

This longitudinal COVID-19 cohort comprised 103 patients with SARS-CoV-2 infection confirmed by polymerase chain reaction (PCR) within
the first 21 days of infection. All patients were recruited between March 2020 and February 2021 (from the first to the third waves) at the Hos-
pital Universitari Joan XXIII (Tarragona) and the Vall d'Hebron Hospital (Barcelona). Although the SARS-CoV-2 strains were not identified in
this study, Alpha (lineage 74 B.1.1.7), Beta (lineage B.1.351) and Delta (lineage B.1.617.2) strains were the predominant circulating variants
during this period.”>¢ These patients were selected from a previous cohort'® due to sampling at two time points: at the time of admission
(acute phase) and after 4 to 8 weeks (recovery phase). None of the patients enrolled in the present study had received the SARS-CoV-2 vaccine
at the time of blood sampling. According to the inclusion criteria described in “Diagnosis and Treatment Protocol for COVID-19 Patients”
(version 8 trial),’’ COVID-19 patients were classified into three groups based on disease severity, namely, mild (n=40), severe (n=34) and crit-
ical (n=29) (Figure 1), as previously described.'® Additionally, to determine severity biomarkers, the severe and critical groups were grouped
into a single group named unfavourable group. The sample size was based on the availability of the samples. All information was collected
and stored in a database specially designed for this purpose. The aforementioned database contained data regarding hospitalization, such as
the symptoms presented at the time of admission, radiological findings, pneumonia degree, oxygen therapy needed, medical treatment
received, demographic data and previous diseases of interest.

Ethics

Protocols were carried out in accordance with the recommendations of the Ethical and Scientific Committees from each participating insti-
tution and were approved by the Committee for Ethical Clinical Research following the rules of Good Clinical Practice from the ISPV (079/
2020, CEIm IISPV) and from the Vall d’'Hebron Hospital (PR(AG)192/2020). The CEIm IISPV is an independent committee made up of health
and non-health professionals that supervise the correct compliance of the ethical principles governing clinical trials and research projects that
are performed in our environment, specifically in their methodology, ethics, and laws. All subjects or their relatives gave written informed con-
sent in accordance with the Declaration of Helsinki.

METHOD DETAILS

Sample recruitment

The blood sample was processed to obtain serum for used in the omics analysis. The sampling protocol performed included clinical evalu-
ation, blood cell count, and standard biochemical parameters at baseline and after 4 to 8 weeks. Serum samples were stored at -80°C at Bio-
bank—Institut d'Investigacio Sanitaria Pere Virgili (IISPV) facilities until used for omics analysis.

Proteomic analysis

Before proteomic analysis, the depletion of the seven most abundant plasma proteins (Albumin, IgG, antitrypsin, IgA, transferrin, haptoglobin
and fibrinogen) was performed with the Human-7 Multiple Affinity Removal Spin (MARS) cartridges from Agilent Technologies following man-
ufacturer’s protocol. Thirty (30) pg of depleted protein were reduced with 4 mM 1.4-Dithiothreitol for 1h at 37°C and alkylated with 8 mM
iodoacetamide for 30 min at 25°C in the dark. Afterwards, samples were overnight digested (pH 8.0, 37°C) with sequencing-grade
Trypsin/Lys-C Protease Mix (ThermoFisher Scientific, CA, USA) at enzyme:protein ratio of 1:50. Digestion was quenched by acidification
with 1% (v/v) formic acid and peptides were desalted on Oasis HLB SPE column (Waters, Massachusetts, USA) before TMT 11-plex labelling
(Thermo Fisher Scientific, CA, USA) following manufacturer instructions. To normalize all samples in the study along the different TMT-multi-
plexed batches used, a pool containing all the samples was labelled with TMT-126 tag and included in each TMT. The different TMT 11-plex
batches were desalted on Oasis HLB SPE columns before the nanoLC-MS analysis. Labelled and multiplexed peptides were loaded on a trap
nano-column (100 um 1.D.; 2cm length; 5um particle diameter, ThermoFisher Scientific, CA, USA) and separated onto a C18 reversed phase
(RP) nano-column (75um 1.D.; 15cm length; 3um particle diameter, Nikkyo Technos Co. LTD, Japan) on an EASY-Il nanoLC from Thermo
Fisher. The chromatographic separation was performed with a minutes (min) gradient using Milli-Q water (0.1% formic acid) and acetonitrile
(0.1% formic acid) as mobile phase at a flow rate of 300 nL/min. Each TMT-plex was analysed twice to increase the peptide and protein
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coverage. Mass spectrometry analyses were performed on an LTQ-Orbitrap Velos Pro from ThermoFisher by an enhanced FT-resolution MS
spectrum 4 (R=30,000 FHMW) followed by a data-dependent FT-MS/MS acquisition (R=15,000 FHMW, 40% HCD) from the most intense ten
parent ions with a charge state rejection of one and dynamic exclusion of 0.5 minutes. Protein identification and quantification were per-
formed on Proteome Discoverer software v.1.4.0.288 (ThermoFisher Scientific, CA, USA) by Multidimensional Protein Identification Technol-
ogy (MudPIT) combining the two raw data files obtained from each sample. For protein identification, all MS and MS/MS spectra were
analyzed using Mascot search engine (v.2.5) combing Homo sapiens (74449 entries) and contaminants (247 entries) databases. Two missed
cleavages were allowed and an error of 0.02 Da for FT-MS/MS fragmentation mass and 10.0 ppm for a FT-MS parent ion mass were allowed.
TMT-10plex was set as quantification modification and oxidation of methionine and acetylation of N-termini were set as dynamic modifica-
tions, whereas carbamidomethylation of cysteine was set as static modifications. The false discovery rate (FDR) and protein probabilities were
calculated by Percolator. For protein quantification, the ratios between each TMT-label against-TMT label were used and quantification re-
sults were normalized based on the protein median.

Metabolomic analysis

For metabolomics analysis, a protein precipitation extraction was performed by adding eight volumes of methanol:water (8:2) containing in-
ternal standard mixture (succinic acid-d4, myristic acid-d27, glycerol-13C3 and D-glucose-13Cé) to serum samples. Samples were mixed and
incubated at 4°C for 10 minutes, centrifuged at 15,000 rpm and the supernatant was evaporated to dryness before compound derivatization
(methoxyamine hydrochloride and MSTFA +1% TMCS). Samples were analyzed on a 7200 GC-qTOF from Agilent Technologies (Santa Clara,
CA, USA). The chromatographic separation was based on Fiehn Method, using a J&W Scientific HP5-MS (30 m x 0.25 mm i.d., 0.25 pm film
capillary column and helium as carrier gas using an oven program from 60°C to 325°C. lonization was done by electronic impact (El), with
electron energy of 70eV and operated in full scan mode, recording data in a range between 35 and 700 m/z at a scan rate of 5 spec/s. Targeted
compounds from central carbon metabolism were identified using pure standards, in addition, screening for the identification of more me-
tabolites was performed by matching their El mass spectrum and retention time to the metabolomic Fiehn library (from Agilent) which con-
tains more than 1,400 metabolites. After putative identification of metabolites, these were semi-quantified in terms of internal standard
response ratio.

Lipidomic analysis

For the extraction of hydrophobic lipids, liquid-liquid extraction with chloroform:methanol (2:1) based on the Folch procedure was per-
formed by adding four volumes of chloroform:methanol (2:1) containing internal standard mixture (Lipidomic SPLASH®) to serum
(20 pL). Then, the samples were mixed and incubated at -20°C for 30 min. Afterwards, water with NaCl (0.8 %) was added and the mixture
was centrifuged at 15,000 rpom. The lower phase was recovered, evaporated to dryness and reconstituted with methanol:methyl-tert-butyl
ether (9:1). Samples were analyzed on a 1290 Infinity UHPLC coupled to a 6550 gTOF mass spectrometer from Agilent Technologies (Santa
Clara, CA, USA). The chromatographic separation consists of an elution with a ternary mobile phase containing water, methanol and
2-propanol with 10mM ammonium formate and 0.1% formic acid. The stationary phase was a C18 column (Kinetex EVO C18 Column,
2.6 um, 2.1 mm X 100 mm) that allows the sequential elution of the more hydrophobic lipids such as lysophospholipids, sphingomyelins,
phospholipids, diglycerides, cholesteryl esters and triglycerides, among others. The identification of lipid species was performed by match-
ing their accurate mass and tandem mass spectrum, when available, to Metlin-PCDL from Agilent containing more than 40,000 metabolites
and lipids. Chromatographic behaviour of pure standards for each family and bibliographic information was used to ensure their putative
identification. After putative identification of lipids, these were semi-quantified in terms of internal standard response ratio using one in-
ternal standard for each lipid family.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical analysis

Before the statistical analyses, the distribution and homogeneity of the variances were tested using a Kolmogorov-Smirnov test. Global
significance regardless of the disease severity and qualitative variables such as sex, symptoms, comorbidities and clinical treatments was
calculated with the %2 test for categorical data. To carry out the analysis of the evolution of the omics profile, the fold change was calcu-
lated, and the Wilcoxon test for paired samples was used to detect significant changes. The volcano plot was generated using
MetaboAnalyst 5.0 software. The recovery phase data were normalized by calculating the ratio between the data at 4 to 8 weeks divided
by the data at the time of admission (baseline). The Kruskal-Wallis and Mann-Whitney tests were employed to assess significant differ-
ences between severity groups. The protein network was constructed with the online String software (version 11.5). Random forest analyses
were performed to determine the proteins, lipids and metabolites with higher accuracy for classifying patients according to disease
severity. Pathway enrichment and joint-pathway analyses were conducted to explore the association of the significant biomolecules,
COVID-19 severity and related metabolomic pathways. Random forest, enrichment and joint-pathway analyses were performed using
MetaboAnalyst 5.0 software. Venn diagrams were performed by R Studio using the VennDiagram library. Binary logistic regression models
and receiver operating characteristic (ROC) curves were generated by IBM SPSS Statistics 21.0 (IBM Corp. Released 2012. IBM SPSS Sta-
tistics for Windows, Version 21.0. Armonk, NY: IBM Corp.) to evaluate the potential accuracy of the selected biomarkers for predicting
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COVID-19 severity. Logistic regression analyses were performed to evaluate the potential accuracy of different candidates, and to optimize
all the model components, stepwise variable selection was used. Correlations between qualitative variables, comorbidities and levels of
selected biomarkers were calculated using the point-biserial correlation coefficient, and graphical representations were generated with
GraphPad Prism software (version 9.0, GraphPad Inc., San Diego, CA). Complex and detailed figures were created with BioRender.
com. The results were considered statistically significant at P < 0.05.
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