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LETTER TO EDITOR

Fetuin-A, inter-α-trypsin inhibitor, glutamic acid and ChoE
(18:0) are key biomarkers in a panel distinguishing mild
from critical coronavirus disease 2019 outcomes

Dear Editor,
The mechanistic pathways leading to immune dysreg-

ulation and complications driven by uncontrolled severe
acute respiratory syndrome coronavirus-2 (SARS-CoV-2)
infection remain major challenges.1,2 Hence, a detailed
analysis of the proteome, metabolome and lipidome pro-
file of coronavirus disease 2019 (COVID-19) patients show-
ing different severity gradesmight shed light on the disease

F IGURE 1 Study design and clinical characterization of the study cohort. (A) Flowchart of the clinical strategy followed to categorize
patients of the coronavirus disease-2019 (COVID-19) study cohort. (B) Incidence of comorbidities (a), COVID-19 symptoms (b), medication
(c), and oxygen & intensive care (d), grouped by disease severity as mild, severe and critical patients. The size of bars (a, c) and circular (b, d)
portions is proportional to the percentage of the corresponding comorbidity, symptom, medication or treatment. While patients with mild
disease presented mostly anosmia, were treated with antibiotics and did not require oxygen supply, the incidence of dyspnea was significantly
higher in the severe and critical groups, many of the latter requiring corticosteroids, hydroxychloroquine, lopinavir/ritonavir. Low-flow
oxygen therapies were mainly necessary for severe patients, some of who required high-flow oxygen administration and, a high proportion of
critical patients were intubated and required vasopressor administration or dialysis. Please note that COVID-19-related medication (b) was
dispensed after blood sample collection, so that is assumed the subsequent analysis are not biased due to exposure to medication at the time
of blood collection

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided the
original work is properly cited.
© 2022 The Authors. Clinical and Translational Medicine published by John Wiley & Sons Australia, Ltd on behalf of Shanghai Institute of Clinical Bioinformatics

pathophysiology and unveil new predictive biomarkers to
promptly ascertain patient’s outcomes.
Our COVID-19 study cohort included 273 SARS-CoV-

2 infected individuals recruited during the first wave
(March–April 2020) in three different hospitals and
grouped by the disease severity following the medical
inclusion criteria3 in mild, severe or critical (Figure 1A),
from whom demographic, preexisting clinical conditions
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F IGURE 2 Serum proteomics profile of coronavirus disease-2019 (COVID-19) study cohort. (A) Heatmap showing significant proteins
increasing or decreasing in accordance with disease severity. Columns correspond to the degree of disease severity: mild (left), severe (centre)
and critical (right) groups. Mean values for each compound in each coronavirus disease-2019 (COVID-19) group (columns) are colour-coded
based on relative abundance, low (red) & high (green). Among the 65 significant proteins, 33 increased and 32 decreased with disease severity.
(B) Up-(upper) and down-(bottom) regulated protein networks sorted by gene-name showing a tight interconnection within the up- and
down-regulated proteins. (C) Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis sorted by pathway impact and -log10
(p). The interconnected up- and down-regulated genes were enriched in 77 pathways, and the 10 relevant pathways whose impact values were
greater than 0.1 (p < .05) were further considered. The bubble diagram shows matched pathways according to the p-values and pathway
impact values. The size of bubbles shows pathway impact value and the colour denote the level of significance by means of p-values. Numbers
in circles correspond to the significantly enriched pathways ordered from the highest to the lowest pathway impact value. The number of
matched proteins, impact value and p-value corresponding to each pathway are indicated on the inserted table. (D) Random forest analysis
showing the 15 protein-encoding genes ranked by classification accuracy to distinguish between a mild and critical group of patients. Squares
on the right represent the COVID-19 (1 =mild, 2 = severe and 3 = critical) and the colours depict the accuracy power (red and blue for high
and low accuracy, respectively)

and COVID-19 treatments are summarized in Table S1.
The greatest significant differenceswere observed between
mild and critically ill patients. These findings indicated
that older individualswith comorbidities such as hyperten-
sion, obesity, diabetes and cardiovascular disorders,mostly
presenting dyspnea (Figure 1B), may be at higher risk of
suffering from severe respiratory distress with subsequent
oxygen and drug requirements and, eventually, died. Simi-
larly, the serumbiochemical composition analysis revealed
a well-differentiated blood pattern previously defined for
critically ill patients (Figure S1).
In light of the promising results already provided by

omic technologies in the search for predictive biomark-
ers of COVID-19 severity,4,5 we conducted a nontar-
geted multi-omic, including proteomic, metabolomic and
lipidomic analyses, in the serum from patients of the

COVID-19 study cohort. The proteomics analysis identi-
fied 65 proteins with a significant increase or decrease in
abundance according to the disease severity (Figure 2A),
which resulted to be highly interconnected (Figure 2B).
Hence, the complement and coagulation cascades were
markedly themost significantly enriched pathways related
to COVID-19 severity (Figure 2C). Other protein-coding
genes such as carboxypeptidases, protease inhibitors, acute
phase proteins, extracellular matrix stabilizers and antimi-
crobial enzymes, were also significantly up-regulated in
severely and critically ill patients. These results showed the
essential contribution of these proteins in the coagulopa-
thy phenomenon and hyperinflammatory state that sub-
sequently enhances SARS-CoV-2 endocytosis and infectiv-
ity and promotes secondary bacterial infections, previously
described as aggravators of severe and critical COVID-19
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F IGURE 3 Metabolomic and lipidomic profile of coronavirus disease-2019 (COVID-19) patients grouped by disease severity. (A)
Heatmap plots significant relative abundance of metabolites & lipids increasing or decreasing in accordance with disease severity. Significant
differences (p-values < .05) were determined by ANOVA test followed by post-hoc Bonferroni correction for mean relative abundance
between mild, severe and critical COVID-19 groups of patients. Columns correspond to the degree of disease severity: mild (left), severe
(centre) and critical (right) groups. Mean values for each compound in each COVID-19 group (columns) are colour-coded based on relative
abundance, low (red) & high (green). (B) Metabolomic and lipidomic Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment
analysis and related blood diseases in COVID-19 patient cohort. Functional metabolic enrichment pathway of 15 metabolites selected from
random forest modelling (Fisher’s exact test. p < .05) (left), and the corresponding enriched blood pathway diseases (right). (C) Random forest
modelling of significant metabolites and lipids with the highest classification accuracy. Right-legend indicates the capacity of the compounds
to differentiate groups of severity, blue (low) and red (high)

cases.6 Proteins with reduced abundance in critically ill
patients with COVID-19 were mostly associated with lipid
transport (apolipoproteins), which dysfunction seems to
increase SARS-CoV-2 infectivity in patients with COVID-
19.7 For the first time, fetuin-A (AHSG) and inter-α-trypsin
inhibitor 3 (ITIH3) were determined as the most accurate
biomarkers (random forest) of the critical clinical progres-
sion of COVID-19 (Figure 2D).
The metabolomic and lipidomic analyses revealed 34

metabolites and 28 lipids that were significantly increased
or decreased in relation to severity (Figure 3A). Inter-
estingly, many of the altered metabolites were amino
acids and sugars involved in central carbon metabolism.
In line with previous reports,8,9 critically ill patients

showed a significant increase in glucose and glutamic
acid (GA) levels but a reduction in glutamine, citrate
and uric acid levels, suggesting mitochondrial dysfunc-
tion, an enhanced glutaminolysis and a shift from anaer-
obic to aerobic glycolysis (Warburg effect). Accordingly,
D-glutamine and D-glutamate metabolism were the most
significantly enriched pathways (Figure 3B, left panel),
andwere significantly related to seizures disorders, anoxia,
heart failure, diabetes, obesity and inflammatory diseases
(Figure 3B, right panel). Lipid levels that increased with
severity were mainly triglycerides (TGs) and diacylglyc-
erols, and those that decreased were predominantly sphin-
gomyelins (SMs), cholesteryl esters (ChoEs) and lysophos-
phatidylcholines. Lipoproteins rich inTGsmay trigger dys-
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F IGURE 4 Evaluation of potential biomarkers to be a part of a panel to distinguish coronavirus disease-2019 (COVID-19) outcomes. (A)
Heatmap showing the Spearman correlation coefficient of pairwise comparison between demographic, clinical and most enriched proteomic,
metabolomic and lipidomic biomolecules determined in the blood of patients with mild (1), severe (2) and critical (3) COVID-19. Spearman
matrices are colour-coded (-1:1, orange:purple through white) and correlations with p-values < .05 were considered statistically significant.
(B) Receiver operating characteristic (ROC) curves analysis for the predictive power of top selected protein-encoding genes, lipids and
metabolites in random forest analysis to differentiate patients with mild from those with a critical illness. (C) ROC curve analysis for the most
enriched proteomic, metabolomic and lipidomic biomolecules to differentiate severe from critically-ill patients with COVID-19. (D) Binary
logistic regression modelling analysis testing the accuracy of the four selected biomarkers to differentiate mild from critically ill patients with
COVID-19 in a randomly selected set of patients

function in innate immunity and impair the defencemech-
anism against COVID-1910 and a reduced abundance of
SMs and ChoEs may interfere in signal transduction and
in key immune and cellular processes. Among them, GA
and ChoE (18:0) resulted in the most powerful (random
forest) predictive biomarkers for COVID-19 evolution (Fig-
ure 3C), confirmed by the prognosis accuracy determined
by the receiver operating characteristic (ROC) analysis
(Figure S2A–C, respectively). The highest accuracy was
attained when combining both compounds in the distinc-
tion of mild from critical illnesses (Figure 2SD). To pro-
vide insights into the biological pathways related to the
pathophysiology of the disease, we study the linkage and
co-regulation between the distinct classes of biomolecules
by integrating the most significant demographical and
clinical data (Table S1 and Figure S1) and the top omic
molecules determined above (Figure S3A,B) in Spearman
correlation matrix analyses (Figure 4A1–3). Despite all
three groups showing a similar association pattern formost

of the variables analyzed, patients with mild illness (Fig-
ure 4A1) significantly differed from those of the severe and
critical groups (Figure 4A2,3, respectively). In brief, sig-
nificant correlations were obtained across the omic data,
which were more intense between lipidomics than within
the protein-encoding genes, and nearly negligible through
metabolomics. The predictive power of the selected omics
biomolecules as biomarkers for the severe disease was sub-
sequently demonstrated by the high accuracy, sensitivity
and specificity obtained by combining the four molecules
in the ROC analysis (Figure 4B) to effectively distinguish
critical COVID-19 patients from patients with mild disease
(area under the curve [AUC] = 0.994). To precisely pre-
dict whether a patient will progress from severe to a life-
threatening disease, not only the four but all the top-omic
selected biomarkers need to be integrated into the ROC
analysis (AUC = 0.811; Figure 4C).
Taking a step further, the inclusion of AHSG, ITIH,

GA and ChoE (18:0) in a predictive biomarker panel for
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COVID-19 severity was validated in a randomly selected
subset of patients. The regression modelling analysis con-
firmed the usefulness (classification accuracy>90%) of the
biomarker panel in distinguishing mild to critical COVID-
19 outcomes (Figure 4D). Once more, all these findings
highlighted the complex interactions between certain bio-
logical processes and the most serious complications aris-
ing from SARS-CoV-2 infections and revealed their poten-
tial as predictive biomarkers of disease severity.
Limitations are the small sample size to perform sub-

group analyses and the lack of a non-infected SARS-CoV-2
group of subjects. However, this study was conducted in
a representative symptomatic well-characterized Spanish
cohort to determine predictive biomarkers of COVID-19
severity.
In conclusion, the multi-omic analysis identified new

specific molecules related to complement and coagulation
cascades, platelet activation, cell adhesion, acute inflam-
mation, energy production (Krebs cycle and Warburg
effect), amino acid catabolism and lipid transport as fin-
gerprints of the acute disease. A novel biomarker panel
consisting of AHSG, ITIH3, GA and ChoE (18:0) was pro-
posed for the accurate differentiation of mild from critical
COVID-19 outcomes.
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