
Vol.:(0123456789)

Internal and Emergency Medicine (2024) 19:1439–1458 
https://doi.org/10.1007/s11739-024-03547-1

EM - ORIGINAL

Novel COVID‑19 biomarkers identified through multi‑omics data 
analysis: N‑acetyl‑4‑O‑acetylneuraminic acid, N‑acetyl‑L‑alanine, 
N‑acetyltriptophan, palmitoylcarnitine, and glycerol 1‑myristate

Alexandre de Fátima Cobre1   · Alexessander Couto Alves2   · Ana Raquel Manuel Gotine3   · 
Karime Zeraik Abdalla Domingues1   · Raul Edison Luna Lazo1   · Luana Mota Ferreira4   · 
Fernanda Stumpf Tonin5   · Roberto Pontarolo4 

Received: 1 November 2023 / Accepted: 16 January 2024 / Published online: 28 February 2024 
© The Author(s), under exclusive licence to Società Italiana di Medicina Interna (SIMI) 2024

Abstract
This study aims to apply machine learning models to identify new biomarkers associated with the early diagnosis and 
prognosis of SARS-CoV-2 infection.Plasma and serum samples from COVID-19 patients (mild, moderate, and severe), 
patients with other pneumonia (but with negative COVID-19 RT-PCR), and healthy volunteers (control) from hospitals in 
four different countries (China, Spain, France, and Italy) were analyzed by GC–MS, LC–MS, and NMR. Machine learning 
models (PCA and PLS-DA) were developed to predict the diagnosis and prognosis of COVID-19 and identify biomarkers 
associated with these outcomes.A total of 1410 patient samples were analyzed. The PLS-DA model presented a diagnostic 
and prognostic accuracy of around 95% of all analyzed data. A total of 23 biomarkers (e.g., spermidine, taurine, l-aspartic, 
l-glutamic, l-phenylalanine and xanthine, ornithine, and ribothimidine) have been identified as being associated with the 
diagnosis and prognosis of COVID-19. Additionally, we also identified for the first time five new biomarkers (N-Acetyl-4-
O-acetylneuraminic acid, N-Acetyl-l-Alanine, N-Acetyltriptophan, palmitoylcarnitine, and glycerol 1-myristate) that are 
also associated with the severity and diagnosis of COVID-19. These five new biomarkers were elevated in severe COVID-19 
patients compared to patients with mild disease or healthy volunteers.The PLS-DA model was able to predict the diagnosis 
and prognosis of COVID-19 around 95%. Additionally, our investigation pinpointed five novel potential biomarkers linked to 
the diagnosis and prognosis of COVID-19: N-Acetyl-4-O-acetylneuraminic acid, N-Acetyl-l-Alanine, N-Acetyltriptophan, 
palmitoylcarnitine, and glycerol 1-myristate. These biomarkers exhibited heightened levels in severe COVID-19 patients 
compared to those with mild COVID-19 or healthy volunteers.
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Abbreviations
ANN	� Artificial neural network
EPO	� External parameter orthogonalization
GC–MS	� Gas chromatography coupled to mass 

spectrometry
GLSW	� Generalized least squares weighting
LC–MS	� Liquid chromatography coupled with mass 

spectrometry
NMR	� Nuclear magnetic resonance
OSC	� Orthogonal signal correction
PLS-DA	� Discriminant analysis by partial least squares
PCA	� Principal component analysis
RF	� Random forest
RMSEC	� Root mean square error of calibration
RMSECV	� Root mean square cross-validation error
RT-PCR	� Reverse transcription polymerase chain 

reaction
SVM	� Support vector machine
VIP	� Variable importance in projection

Introduction

The global pandemic caused by the novel coronavirus, 
SARS-CoV-2, has spurred a profound urgency for 
innovative diagnostic and prognostic approaches to combat 
the spread and impact of COVID-19 [1, 2]. Harnessing 
the power of cutting-edge technologies like Liquid 
Chromatography–Mass Spectrometry (LC–MS) [3], Gas 
Chromatography–Mass Spectrometry (GC–MS) [4], and 
Nuclear Magnetic Resonance (NMR) [5], this study delves 
into a comprehensive analysis of omics data obtained from 
COVID-19 patients across diverse geographical regions, 
including Italy, China, Spain, and France.

The Partial Least Squares Discriminant Analysis (PLS-
DA) stands as the leading machine learning (ML) algorithm 
for analyzing data across omics sciences [6–8]. Expert-
endorsed and cited extensively, it excels due to its superior 
predictive performance and capacity to handle multidi-
mensional data efficiently [6–8]. Its ability to predict using 
smaller dimensions, termed latent variables, facilitates analy-
sis without pre-filtering, resolving multicollinearity issues, 
and identifying crucial biomarkers. Compared to other mod-
els like deep learning or artificial neural networks, PLS-DA 
requires fewer training samples, making it more practical for 
omics data, where variables often outnumber samples [9].

Integrating machine learning techniques to this multi-
omics dataset not only elucidates distinctive molecular 
signatures but also unveils novel biomarkers crucial for 
the early diagnosis and prognosis of COVID-19 infection 
[2]. This interdisciplinary investigation aims to deepen our 
understanding of the disease's intricacies and offer invalu-
able insights into potential markers for swift and accurate 

identification of COVID-19 cases, thereby aiding in effec-
tive clinical management and timely interventions [10]. In 
this paper, we systematically explore multi-omics data via 
machine learning algorithms (PCA and PLS-DA) derived 
from varied populations, transcending geographical bound-
aries, to unveil pivotal biomolecular indicators that could 
revolutionize the landscape of COVID-19 diagnosis and 
prognosis.

Material and methods

The data used to carry out this study were collected from 
the Metaboanalyst platform database [11], a public database 
containing experimental data from various diseases, 
including COVID-19.

The following inclusion criteria were adopted for the 
selection of datasets: (i) samples from COVID-19 patients 
should be analyzed by nuclear magnetic resonance (NMR), 
liquid chromatography coupled with mass spectrometry 
(LC–MS), or gas chromatography coupled to mass 
spectrometry (GC–MS); (ii) datasets should present the 
identified metabolites (characterized); (iii) patients should 
be appropriately categorized according to the result of the 
COVID-19 test (positive or negative) or according to the 
severity of the disease (mild, moderate, and severe).

Thus, we just collected and evaluated seven different 
public metabolomics and lipidomics data sets from a cohort 
of COVID-19 patients (diagnosed by RT-PCR) from four 
different countries: France, Spain, Italy, and China. These 
data (metabolomics and lipidomics) were generated by 
analyzing the plasma of patients at different stages of the 
disease using three different analytical techniques: NMR, 
GC–MS, and LC–MS. The quick access links to the 
databases used in this study can be accessed below. The 
summary of all omics data used for the development of this 
study is presented in Table 1.

Clinical conditions evaluated in the study

This study analyzed COVID-19, non-COVID-19, and 
healthy patient samples. The non-COVID-19 group were 
patients who had negative RT-PCR test results for COVID-
19 but who suffered from other pneumonias. Table 1 shows 
the clinical conditions evaluated in each study database.

Study design

Figure 1 shows a flowchart used to investigate biomarkers 
associated with the diagnosis and prognosis of COVID-19, 
including the investigation of these biomarkers in the patho-
physiology of the disease. It is important to highlight that 
this flowchart was inspired by previous studies published in 
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Table 1   Multi-omics datasets and their respective countries

Study Dataset Country Bioanalytics method Sample type Sample collection period Condition Total N

Bruzzone [14] 1 Spain NMR Plasma 2020 Healthy 280
NMR Plasma 2020 COVID-19 261

Shi [15] 2 China GC–MS Plasma 2020 Healthy 57
GC–MS Plasma 2020 COVID-19 60
GC–MS Plasma 2020 Non-COVID-19 30

Albóniga [16] 3 Spain LC–MS Plasma Not reported Healthy 133
LC–MS Plasma Not reported COVID-19 254

Barberis [17] 4 Italy GC–MS Plasma March–April, 2020 Healthy 26
GC–MS Plasma March–April, 2020 Non-COVID-19 32
GC–MS Plasma March–April, 2020 COVID-19 103

Blasco [18] 5 France LC–MS Plasma April, 2020 Healthy 45
LC–MS Plasma April, 2020 COVID-19 55

Caterino [19] 6 Italy LC–MS Plasma Not reported Healthy 9
LC–MS Plasma Not reported Mild 20
LC–MS Plasma Not reported Moderate 16
LC–MS Plasma Not reported Severe 16

Barberis [20] 7 Italy GC–MS Serum March, 2020 Healthy 24
GC–MS Serum March, 2020 COVID-19 21

Fig. 1   Flowchart adapted from [12, 13] demonstrating the steps fol-
lowed in the study. To investigate diagnostic biomarkers of COVID-
19, we collected omics datasets (n = 1381) in six distinct datasets of 
COVID-19, non-COVID-19, and healthy patients from Italy, France, 
Spain, and China. To investigate prognostic biomarkers for COVID-
19, we collected another dataset (n = 76) that contained COVID-

19 patients of different severities (mild, moderate, and severe) and 
healthy groups. The seven datasets were separately and independently 
pre-processed and analyzed via machine learning models (PCA and 
PLS-DA) to identify diagnostic and prognostic biomarkers. Finally, 
the role of important biomarkers identified in the pathophysiology of 
COVID-19 was investigated



1442	 Internal and Emergency Medicine (2024) 19:1439–1458

the literature [12, 13]. This flowchart is summarized in the 
following three steps:

First step Initially, blood samples (plasma and serum) 
from patients in the COVID-19, non-COVID-19 groups, 
and the control group (healthy volunteers) were analyzed 
by LC–MS, GC–MS, and NMR techniques. These three 
analytical techniques allow the detection of thousands of 
metabolites in plasma.

Second step We performed a multivariate analysis 
using two machine learning models (PCA and PLS-DA) 
to compare all metabolites between the COVID-19 and 
control groups. From this comparison, we identified the 
most relevant biomarkers for the diagnosis and prognosis 
of COVID-19.

Third step After identifying the main biomarkers for the 
diagnosis and prognosis of COVID-19 through machine 
learning, we compared the role of these biomarkers with the 
pathophysiological mechanisms associated with COVID-19 
based on publications available in the literature.

Description of the clinical conditions of the seven 
different datasets

Dataset I (Spain dataset): NMR analysis

Dataset I (dataset from Spain) refer to plasma samples from 
COVID-19 patients (n = 261) diagnosed with RT-PCR and 
from healthy volunteers (n = 280) with negative COVID-19 
RT-PCR test results [14]. Samples from healthy volunteers 
were collected during routine examinations (check-ups) 
before the pandemic (2018–2019). The two groups of 
samples were analyzed by NMR. The gender distribution 
in both patient groups was statistically the same (116 
women in the COVID-19 group vs 146 women in the 
healthy group, p = 1.00); on the other hand, the mean age 
in both patient groups was statistically different (COVID-
19 = 65 years vs healthy = 45 years, p < 0.001). The average 
hospitalization time of COVID-19 patients was 14 days. 
Nearly 9.34% (n = 24) of the patients died, and the most 
frequent comorbidities were hypertension (n = 116, 45.14%), 
cardiovascular events (n = 68, 26.46%), and diabetes (n = 64, 
24.90%). The most reported symptoms were fever (n = 177, 
68.87%), fatigue (n = 148, 57.59%), and dry cough (n = 135, 
52.53%) [14]. Table 1 shows the division of dataset I into 
two subsets (training and test) for machine learning analysis.

Dataset II (China dataset): GC–MS analysis

Dataset II (dataset from China) consisted of plasma samples 
from three groups of patients: COVID-19 patients diagnosed 
by RT-PCR test (n = 57), a group of healthy volunteers with 
a negative result of the COVID-19 RT-PCR test (n = 60), and 
non-COVID-19 patients who had COVID-19-like symptoms 

but who had a negative result of the COVID-19 RT-PCR test 
[15]. The following inclusion criteria were adopted to define 
a non-COVID-19 patient: (i) reduced lymphocyte or white 
blood cell count at the onset of the infection, (ii) fever or 
respiratory symptoms, and (iii) imaging manifestations of 
pneumonia. Median age was similar among COVID-19, non-
COVID-19, and healthy patients, at 51 years (IQR, 38–59), 
50.5  years (IQR, 37.5–68.8), and 52  years (44.3–59), 
respectively. Males were more prevalent in the COVID-19 
[n = 47 (59.5%)] and healthy volunteers [n = 38 (55.9%)] 
groups but were less prevalent in the non-COVID-19 group 
[n = 11 (36.7%) %)]. The most important comorbidities 
among COVID-19 and non-COVID-19 patients were 
hypertension [n = 19 (24.1%) vs n = 6 (20%)], and diabetes 
[n = 11 (13.9%) vs n = 2 (6.7%)]. For the COVID-19 group, 
32 patients (40.5%) had moderate disease and 47 (59.5%) 
developed severe disease [15]. Table 1 shows the division of 
dataset II into two subsets (training and testing) for machine 
learning analysis.

Dataset III (Spain dataset): LC–MS analysis

Dataset III (dataset from Spain) consisted of plasma samples 
from COVID-19 patients (n = 254) diagnosed with RT-PCR 
and a group of healthy volunteers (n = 133) with a negative 
COVID-19 test result [16]. COVID-19 patients were grouped 
into the following categories: (i) severe COVID-19: patients 
who developed severe respiratory syndrome; (ii) moderate 
COVID-19: patients who have opportunities on chest X-rays 
and need oxygen therapy; (iii) mild COVID-19: patients 
who were asymptomatic one week after infection with 
SARS-CoV-2, and who also did not need oxygen therapy. 
All samples were analyzed by capillary electrophoresis 
coupled with a time-of-flight mass spectrometer (CE-MS) 
with an electrospray analyzer [16]. The median age of the 
healthy group was lower [42 years (IQR, 36−51)] than 
the COVID-19 group [71 years (55−85)], but within the 
COVID-19 group, there was a significant age difference: 
mild COVID-19 57 years (50−75), moderate COVID-19 
85 years (75−89), severe COVID-19 71 years (59−92). 
Females were more predominant among patients in the 
healthy volunteers’ group, but for COVID-19 patients, 
there was no significant difference (52%). Hypertension 
(52%) was the most prevalent comorbidity in the COVID-19 
group [16]. Table 1 shows the division of dataset III into two 
subsets (training and testing) for machine learning analysis.

Dataset IV (Italy dataset): GC–MS analysis

Dataset VII belongs to Italy and is composed of COVID-19 
patients (n = 103) diagnosed with RT-PCR, non-COVID-19 
patients (n = 32) who had other pneumonia but symptoms like 
COVID-19 with negative COVID-19 RT-PCR results, and a 
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group of healthy volunteers (n = 26) [17]. Plasma samples 
from all three groups of patients were collected and analyzed 
by GC–MS, which identified 1108 metabolites, of which 556 
belonged to the lipid class (467 identified by the positive ion-
ization mode and 89 by the negative ionization mode). In the 
COVID-19 group, 84 of the patients had moderate disease, 
and 19 patients had severe disease. As for the non-COVID-19 
group, 20 patients had moderate disease, and 12 patients had 
severe disease. The mean ages (in years) for COVID-19, non-
COVI-19, and healthy patients were 67.3 ± 18.0, 69.6 ± 8.9, 
and 50.1 ± 5.3, respectively. The percentage of females in 
the COVID-19, non-COVID-19, and healthy groups were, 
respectively, 40.7% (n = 42), 59.3% (n = 19), and 57.7% 
(n = 15). The time (in days) from admission to diagnosis 
was 5.8 ± 7.2 in the COVID-19 group and 7.7 ± 6.5 in the 
non-COVID-19 group. The time (in days) from diagnosis 
to severity was 6.5 ± 7.3 for patients with severe COVID-19 
and 1.8 ± 4.9 for non-COVID-19 patients. In the COVID-19 
group, the most frequent comorbidities were hypertension 
(n = 38), cardiovascular disease (n = 38), diabetes (n = 17), 
and digestive system (n = 16). The most reported symptoms 
in the COVID-19 group were fever (n = 52), cough (n = 34), 
and dyspnea (n = 27) [17].

Dataset V (France dataset): LC–MS analysis

Dataset V is formed by a cohort of COVID-19 patients 
(n = 55) diagnosed with RT-PCR in a hospital in France 
(Tours University Hospital) and samples from healthy 
volunteers (n = 45) [18]. Plasma samples from both groups 
of patients were collected and analyzed by LC–MS. The 
mean age (in years) between the COVID-19 and healthy 
group was statistically similar (77.5 ± 16.0 vs 75.9 ± 17.5, 
p = 0.83). The sex distribution between the COVID-19 and 
healthy groups was also similar (female 51% vs female 
49%, p = 1.00). Hypertension (56.8%), cardiovascular 
events (55.6%), renal failure (46.7%), and smoking (42.3%) 
were the most prevalent comorbidities in the COVID-19 
group. The time (in days) from performing the RT-PCR 
test to collecting the plasma sample in the COVID-19 and 
healthy group was statistically similar (3.6 ± 2.6 vs 2.6 ± 1). 
The most frequent symptoms were dyspnea (64.8%), fever 
(66.7%), cough (61.1%), and diarrhea (14.8%), which are the 
most frequent symptoms reported by the COVID-19 group. 
A total of 66.7% of the COVID-19 group were hospitalized, 
and 11.1% died [18]. Table 1 shows the division of dataset V 
into two subsets (training and testing) for machine learning 
analysis.

Dataset VI (Italy dataset): LC–MS analysis

Dataset VI comprises a cohort of COVID-19 patients 
(n = 56) distributed according to disease severity: mild 

COVID-19 (n = 20), moderate COVID-19 (n = 16), and 
COVID-19 severe (n = 20) from two hospitals in Italy 
(University Hospital Federico II and Cotugno Hospital, 
Naples-Italy) [19]. The database also contained samples of 
healthy volunteers who constituted the control group (n = 9). 
Plasma samples from all patient groups were collected and 
analyzed by LC–MS and 630 metabolites were detected, 483 
of which belonged to the lipid class. The median age of the 
COVID-19 group was 58 years, with 70% (n = 36) men and 
30% (n = 16) women. The median age of the control group 
was 46 years old; 40% were men and 60% were women. 
Data on patients' comorbidities were not available [19]. 
Table 1 shows the division of the VI dataset into two subsets 
(training and testing) for machine learning analysis.

Dataset VII (Italy dataset): GC–MS analysis

Database IV consisted of a prospective cohort formed 
by two groups: (i) COVID-19 patients (n = 24) who were 
healthcare workers at a hospital in northern Italy (Novara 
University Hospital); (ii) a group of healthy volunteers 
(n = 21) [20]. Serum samples from these patients were 
collected and analyzed by GC–MS, in which 322 metabolites 
were detected and quantified, aiming to investigate which 
metabolites are important for the diagnosis. The mean 
ages (in years) between the COVID-19 and healthy groups 
were, respectively, 38.9 ± 10.9 and 36.5 ± 10.1 years. The 
number of women between the COVID-19 and healthy 
groups was equal (n = 16). The mean time from collection 
between collection of serum samples and diagnosis was 
13.3 ± 5.1 days. Smoking was the only comorbidity reported 
between the COVID-19 (n = 2) and healthy (n = 3) groups. 
Fever (n = 13) and anosmia (n = 12) were the most important 
symptoms among COVID-19 patients. Table 1 shows the 
division of dataset IV into two training and testing subsets 
for machine learning analyses [20].

Data pre‑processing

Pre-processing is a critical step in metabolomics. This aims 
to remove the experimental noise contained in the spectra, 
correct the baseline problems of the acquired spectra, and 
other interfering problems that, for some reason, it was 
not possible to eliminate during the process of obtaining 
the spectra. This allows converting raw spectral data 
into clean and more adjusted spectra for chemometric 
analyses. For each dataset, the pre-processing methods 
were optimized by choosing the combination of scaling, 
normalization, filtering, and transformation that maximizes 
goodness of fit (greater accuracy and lower values ​​of 
training errors, e.g., RMSE). The following preprocessing 
options were explored: (i) Scaling and centering: mean 
center, multiway center, median center, square root mean 
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scale, multiway scale, group scale, Log decay scaling, 
and auto-scale; (ii) Normalization: multiplicative scatter 
correction (MSC-mean); standard normal variate (SNV); 
(iii) Variable filtering: generalized least squares weighting 
(GLSW), derivative (Savitzky – Golay), orthogonal signal 
correction (OSC), baseline (specified points), smoothing 
(Savitzky – Golay), baseline (weighted least square) 
and external parameter orthogonalization (EPO); (iv) 
Transformations: Log10 and absolute value [21–28]. Data 
filtering is particularly important in human omics sciences 
(metabolomics, lipidomics, etc.) due to the variability of 
the human population compared to studies performed with 
laboratory animals generally under controlled conditions 
[29]. This high variability is noticeable when experimental 
data from patients of different regions or in comparative 
studies where different instrumental analysis methods 
are used [30, 31]. In our case, the samples were analyzed 
in different countries (Italy, China, Spain, and France) 
and by different analytical techniques (NMR, GC–MS, 
and LC–MS). Thus, the filtering techniques applied in 
the present study were used to minimize these biological 
variations among patients.

Principal component analysis ‑ PCA

All machine learning models were developed in SOLO 
software (Eigenvector Research, Copenhagen). The 
Principal Component Analysis (PCA) was applied to detect 
outlying samples and assess the degree of separation in PC 
space between cases and control individuals [32]. For the 
severity data, we assessed the degree of separation among 
mild COVID-19, moderate COVID-19, and severe COVID-
19, and healthy individuals. For diagnostic data, PCA was 
employed to verify possible discrimination between COVID-
19, non-COVID-19 patients, and healthy volunteers. The 
detection of outlier samples was further investigated by 
constructing the graph of leverage vs student residuals, 
where samples with high leverage values ​​and student 
residuals simultaneously were identified as potential outliers 
and removed from the dataset [33].

Partial least squares discriminant analysis ‑ PLS‑DA

The first step in developing the PLS-DA model was the 
investigation of outlier samples. The detection of outlier 
samples was further investigated by constructing the lever-
age vs student residuals graph, where samples with high 
leverage values and student residuals simultaneously were 
identified as potential outliers and removed from the dataset 
[33]. The datasets of each of the four countries were ran-
domly divided into two subsets: the training subset (70% of 
samples) and the test subset (30% of samples), Table 1. Cali-
bration and validation were performed automatically using 

the Kennard-Stone algorithm [34]. The estimation of cross-
validation error (RMSECV) and root mean square error of 
calibration (RMSEC) was performed using the Venetian 
Blind cross-validation method [35]. Thus, the number of 
latent variables of the PLS-DA model were chosen consider-
ing lower values of RMSEC and RMSECV [33]. The perfor-
mance of the PLS-DA model was evaluated using sensitivity 
(Eq. 1), specificity (Eq. 2), and accuracy (Eq. 3) [36, 37].

where: TP = true positive, FP = false positive, TN = true 
negative, FN = false negative.

Variable importance in projection (VIP)

VIP was applied to the PLS-DA models to identify relevant 
disease biomarkers. VIP quantifies the importance of 
individual variables (biomarkers) in the model prediction. 
Inspection of the VIP plot was employed to identify 
important variables visually. In the PLS-DA model, a VIP 
score is calculated based on the weighted sum of quadratic 
correlations between the original data variable and the latent 
variables of the PLS-DA model. The weight corresponds 
to the percentage of variances explained by each specific 
latent variable. Original variables with weights greater than 
1 in the VIP chart are considered statistically significant and 
important for differentiating between the different classes of 
the samples under study [38, 39].

Comparing biomarker levels through univariate 
analysis

Univariate analysis was utilized to examine significant dif-
ferences in biomarker levels among patients with mild, mod-
erate, and severe COVID-19, as well as the healthy group. 
In this analysis, we initially assessed the normality of each 
biomarker (variable) using the Shapiro–Wilk test. When a 
biomarker exhibited a normal distribution, group compari-
sons were conducted using the one-way ANOVA test. Con-
versely, for biomarkers that deviated from a normal distribu-
tion, comparisons among the four groups were performed 
using the Kruskal–Wallis test. Significance levels of p < 0.05 
were considered statistically significant.

(1)Sensitivity =
TP

TP + FN

(2)Specificity =
TN

TN + FP

(3)Accuracy =
TP + TN

TP + TN + FP + FN
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Machine configuration used in machine learning 
analyzes

For the development of the machine learning models 
(PCA and PLS-DA) the following machine (computer) 
configuration was used: (i) Operating system: Windows; 
(ii) Machine name: DESKTOP-1A56SJ7; (iii) Processor: 
Intel(R) Core(TM) i5-4200U CPU @ 1.60 GHz 1.60 GHz; 
(iv) Installed RAM: 8.00  GB; (v) System type: 64-bit 
operating system, × 64-based processor.

Results

Pre‑processing and data standardization

The LC–MS, GC–MS and NMR spectra used in machine 
learning analyzes (PCA and PLS-DA) were previously 
standardized through pre-processing using specific statistical 
techniques. The process involved imputation of missing data 
by column (biomarker) median, Savitzky-Golay smooth-
ing, application of the first derivative and normalization 

(log10). Savitzky-Golay smoothing aimed to improve the 
signal/noise ratio, resulting in clearer and easier to interpret 
spectra. The use of the first derivative corrected shifts in the 
spectra in the baseline. Normalization (log10) was imple-
mented to standardize the data and reduce biological varia-
tions between samples, which can be caused using different 
analytical techniques (LC–MS, GC–MS, and NMR) and the 
diversity of geographic origins of the samples.

PCA analysis

Visualization of the PC scores plot did not reveal clear outli-
ers (Figs. 2 and 3). There was a reasonable separation in PC 
space between COVID-19 and healthy controls, as well as 
among COVID-19, non-COVID-19, and healthy samples. 
As for the severity data, mild, moderate, and severe COVID-
19 patients were clearly separated.

PLS‑DA model: pre‑processing optimization

Figure S1 in supplementary material shows the graphs of 
leverage vs student residuals from PLS-DA model for the 

Fig. 2   PCA model for discriminating samples from COVID-19 
patients (red circles) and healthy volunteers (green circles). In (a) 
a PCA model is illustrated referring to the samples of COVID-19 
patients (n = 261) and healthy volunteers (n = 280) from Spain ana-
lyzed NMR (dataset 1). In (b) a PCA model is illustrated referring 
to samples from COVID-19 patients (n = 254) and healthy volunteers 
(n = 133) from Spain analyzed by LC–MS (dataset 3). In (c) a PCA 

model is illustrated referring to samples from COVID-19 patients 
(n = 55) and healthy volunteers (n = 45) from France analyzed by LC–
MS (dataset 5). In (d) a PCA model is illustrated referring to sam-
ples from COVID-19 patients (n = 21) and healthy volunteers (n = 24) 
from Italy analyzed by GC–MS (dataset 7). In all datasets, the PCA 
model was able to discriminate between COVID-19 samples and 
samples from healthy volunteers (color figure online)
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samples from the four countries studied. From Figure S1, 
although some samples had high leverage values, they were 
not considered outliers because they are within ± 3 standard 
deviations. Thus, no sample was excluded from the data-
set. Several pre-processing methods (alone or in combina-
tion) and cross-validation were tested during the training of 

PLS-DA models. The combination of three pre-processing 
methods (GLSW filtering, normalize, and auto-scale) and 
the Venetian blind cross-validation were the ones that had 
the best predictive performance (higher values ​​of accuracy, 
sensitivity, and specificity and lower RMSECV) in all dif-
ferent datasets studied. Figures S2 (supplementary material) 
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shows graphs of the number of latent variables selected for 
the training models as a function of the low values of the 
RMSECV training errors.

For the NMR plasma analysis data (data from Spain, 
dataset 1) the PLS-DA model was trained using five latent 
variables (Figure S2, supplementary material). For the 
LC–MS analyzes of the Spain (dataset 3), France (dataset 
5), and Italy (dataset 6) the PLS-DA models were trained 
using seven, two, and two latent variables, respectively. For 
plasma samples from Italy (dataset 2) analyzed by GC–MS, 
the model was trained using three LV. Still in the GC–MS 
analyses, dataset 4 and dataset 7 both from Italy, were 
trained using three LV, respectively. All plots of RMSECV 
vs number of latent variables are shown in Figure S2 
(supplementary material). The performance of all PLS-DA 
models in predicting the diagnosis and severity of COVID-
19 in all countries studied are summarized in Table 2.

Variable importance in projection (VIP): COVID‑19 
diagnosis prediction

The VIP graphs of the most important variables in diag-
nosing and predicting severity are shown in Figs. 4 and 5, 
respectively.

The box-plot plots showing the range of biomarkers asso-
ciated with severity are shown in Fig. 6 (LC–MS data from 
Italy, dataset 6). On the other hand, the boxplots of bio-
markers associated with diagnosis for all other countries are 
shown in figures S8-S10 in Supplementary Material.

Patients from Spain (dataset 1, NMR analyses) with 
COVID-19 had higher levels of l-phenylalanine and pyru-
vic acid than the group of healthy volunteers. For the 
China GC–MS analyses (dataset 2), COVID-19 patients 
had higher levels of succinic acid, l-phenylalanine, lac-
tic acid, glutamic acid, fumaric acid, and d-fructose than 
healthy volunteers or patients with other pneumonia (non-
covid-19); however, COVID-19 patients had lower levels 

of 1,3-dihydroxypropan-2-yl palmitate and citric acid than 
healthy or non-covid-19 individuals.

In LC–MS analysis of Spain dataset (dataset 3), COVID-
19 patients had higher levels of glycerol-3-phosphate, 
retinal, and cysteine-S-sulfate than healthy volunteers. On 
the other hand, the biomarkers sarcosine, levulinic acid, 
ribothymidine, and iminodiacetic acid were at lower levels in 
COVID-19 patients than in healthy volunteers. For data from 
France analyzed by LC–MS (dataset 4), only the biomarker 
1,2 dioleoylglycerol had higher levels in COVID-19 patients 
than in healthy volunteers. Already, the following biomarkers 
were at lower levels in COVID-19 patients than in healthy 
or non-COVID-19 volunteers: 2-hydroxypent-3-enetrile, 
1-decanol, 3-hydroxypyridine sulfate, benzothiazole, and 
L-lactic acid. For the diagnostic data from the samples 
analyzed by LC–MS (dataset 5), COVID-19 patients had 
higher levels of 2-hydroxybutyric acid, cytosine, asparagine, 
isoleucine, and N-acetyl glucosamine-1-phosphate than 
healthy volunteers. However, COVID-19 patients had low 
levels of indoxyl sulfate, glycerol myristate, and N-acetyl 
tryptophan (Fig. 5A). Finally, for the diagnostic data from 
Italy analyzed by the GC–MS (dataset 7), the following 
biomarkers were at higher levels in COVID-19 patients 
than in healthy volunteers: dihomo-gamma-linoleic acid, 
9-Decenoic acid, campesterol, and erythromo-1,4-lactone.

According to the VIP (Fig.  5C) graph and the 
Kruskal–Wallis test (Fig. 6), the following biomarkers were 
at higher levels in patients with severe COVID-19 than in 
patients with mild COVID-19: spermidine (p = 0.018), 
taurine (p = 0.048), l-aspartic (p = 0.000), l-glutamic 
(p = 0.000), l-phenylalanine (p = 0.000), and xanthine 
(p = 0.019). Severe COVID-19 patients had lower levels of 
the following biomarkers when compared to mild COVID-19 
patients: 5 aminopentanoic acid (p = 0.000), dihydropiandros-
terone sulfate (p = 0.003), dodecenoyylcarinitine (p = 0.014), 
and l-palmitoylcarnitine (p = 0.011).

Table 3 shows the common biomarkers found in the dif-
ferent datasets that were important in predicting the diagno-
sis and severity of COVID-19. It is important to highlight 
that some of these biomarkers had already been previously 
identified by our group in previous studies involving other 
patients. of COVID-19.

Discussion

In this study, machine learning models (PCA and PLS-DA) 
were developed to analyze seven multi-omics datasets of 
COVID-19 patients in different stages of the disease (mild, 
moderate, and severe) coming from four different countries 
(Italy, France, Spain, and China) were analyzed to identify 
potential new diagnostic and prognostic biomarkers. From 
these analyses, high levels of a total of 23 diagnostic and 

Fig. 3   PCA model for discrimination of diagnostic and severity data 
samples. For diagnostic data, samples from COVID-19 patients, 
healthy volunteers, and non-COVID-19 are represented by old, green, 
and blue colored circles, respectively. In (a) a PCA model is illus-
trated referring to samples from COVID-19 patients (n = 60), healthy 
volunteers (n = 57), and non-COVID-19 (n = 30) from Spain analyzed 
by GC–MS (dataset 2). In (b) a PCA model is illustrated referring 
to the samples of COVID-19 patients (n = 103), healthy volunteers 
(n = 26), and non-COVID-19 (n = 40) from Italy analyzed by GC–MS 
(dataset 4). For the severity data, in (c) a PCA model is illustrated 
referring to samples of severe COVID-19 patients (n = 16), moder-
ate COVID-19 (n = 16), mild COVID-19 (n = 20), and volunteers 
healthy subjects (n = 9) from Italy analyzed by LC–MS (dataset 6). 
Samples from healthy patients, severe COVID-19, moderate COVID-
19, mild COVID-19, and healthy volunteers are represented by pink, 
blue, green, and red circles, respectively (dataset 6). In all datasets, 
the PCA model was able to discriminate between COVID-19 samples 
and samples from healthy volunteers

◂
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prognostic biomarkers of COVID-19 were identified. Of 
the 23 metabolites, three of them (N-acetyl glucosamine-
1-phosphate, ornithine, and ribothymidine) had already 
been described in the literature for the first time as new 
biomarkers associated with the pathogenesis and sever-
ity of COVID-19, in a study conducted by our research 
group involving other patients [30]. Therefore, the pre-
sent study consolidates the role of these three biomarkers 
in understanding the molecular and pathophysiological 
mechanisms of the disease.

As the course of COVID-19 is very variable, caused 
mainly by biological variability among patients because 
they belong to different countries, the use of different 
analytical techniques: LC–MS, GC–MS and NMR, and 
SARS-Cov-2 mutations, the proteomics and metabolomics 
of these patients is very uncertain and complex, requiring 
the application of the PLS-DA model. This is considered 
a gold standard machine learning model for the analysis 
of metabolomics, lipidomics, and data from other omics 
sciences (for example, proteomics, glycomics, genomics, 
and transcriptomics) due to its greater predictive 
performance in the diagnosis and prognosis of diseases 
[7, 8, 30]. For example, a recent systematic review study 
conducted by Mendez (2018) evaluated the number 
of citations of studies published in the last 28  years 
(between 1990 and 2018) and available on the Web of 
Science platform, showed a growing increase in scientific 
publications citing PLS-DA (n = 2242 citations), while 
other algorithms [(e.g., Support Vector Machine (SVM), 
Artificial Neural Network (ANN), Random forest (RF), 
logistic regression (LR), and deep learning (DL)] were 
less commonly mentioned (n = 500 citations) [6]. Another 
recent study, also conducted by Mendez (2019), evaluated 
the predictive performance of eight different machine 
learning models (PLS-DA, LR, RF, principal component 
regression (PCR), radial basis function kernel, SVM, 
ANN, and non-artificial neural network) using ten different 
publicly available omics datasets found that the PLS-DA 
algorithm had the best predictive performance [8].

The diagnostic and prognostic accuracy of PLS-DA mod-
els developed in our study ranged from 80 to 96% AUC 
ROC, in agreement with previous studies available in the 
literature (AUC ROC 70–99%) [30, 40]. Another additional 
factor that increases the data's complexity is that the samples 
were analyzed in three different analytical techniques, NMR, 
LC–MS, and GC–MS, allowing the identification of a great 
diversity of diagnostic and prognostic biomarkers with dif-
ferent characteristics, physical–chemical differences, differ-
ent molecular weights, and different biological functions in 
the patient's organism. This offers an opportunity to better 
understand the biochemical and pathophysiological mecha-
nisms of infection and disease progression at the molecular 
level [41, 42].

In our study, from analysis of plasma samples by NMR 
(data from Spain) and GC–MS (data from China), patients 
with COVID-19 had high levels of l-phenylalanine, 
cytosine, asparagine, isoleucine l-aspartic, and l-glutamic 
than the group of healthy volunteers or patients with other 
pneumonia. Similar results were found in a recent study on 
changes in the amino acid profile in patients with SARS-
CoV-2 infection found high levels of phenylalanine, glutamic 
acid, glutamate, tryptophan, alanine, glycine, and histidine 
in adult patients with COVID-19 [43]. In COVID-19, these 
amino acids have been associated with the severity of the 
disease. They are directly involved in catabolic processes 
because inflammatory cytokines promote the breakdown 
of muscle tissue, resulting in the release of amino acids, 
which are subsequently used in the gluconeogenesis pathway 
to supply the metabolic demands caused by SARS-Cov-2 
infection [30, 44]. As COVID-19 patients often present 
with hypoxemia due to respiratory difficulties [45, 46], the 
pyruvate produced in the cytosol, instead of penetrating the 
mitochondria (respiratory chain) to produce energy, it is 
retained in the cytosol and converted into lactate (anaerobic 
respiration), with low energy production, a process catalyzed 
by the enzyme lactate dehydrogenase (LDH) [47, 48]. 
Lactate dehydrogenase is an enzyme frequently used in 
clinical laboratories and used as a routine test to diagnose 
and monitor several clinical conditions, including COVID-
19 [49]. The LDH is synthesized in many tissues of the body 
(e.g., blood cells, muscles, heart, kidneys, and lungs) and is 
released into the bloodstream in cases of cell or tissue injury 
[50, 51]. Regarding COVID-19, some systematic reviews 
and meta-analyses found a strong association between 
high LDH levels and the most severe forms of COVID-
19 [52–54]. This happens because during SARS-CoV-2 
infection, lung tissue damage and inflammation can occur, 
which leads to the release of LDH into the bloodstream as 
lung cells and other tissues are damaged [50, 51].

Because of the increase in lactate levels, the emergence 
of metabolic acidosis causes complications in the patient's 
clinical condition [55]. Our study also confirmed these 
results where COVID-19 patients from China (Fig. 4A) 
and Italy (Fig. 4C) had higher lactate levels than healthy 
volunteers. Still, in the data from China (Fig. 4A), lower 
levels of citric acid were observed in COVID-19 patients 
than in healthy volunteers. It is known that citric acid is 
one of the compounds produced in the Krebs cycle (citric 
acid cycle) at the level of mitochondria, but as the infec-
tious process occurs in an anaerobic state, it is expected 
that citric acid levels are low, as pyruvate molecules are 
constantly being converted to lactate, rather than produc-
ing acetyl coenzyme A, which is the initial substrate of 
the Krebs cycle [56]. In our study, higher levels of glu-
tamic acid were also observed in COVID-19 patients than 
in healthy patients. Similar results were found in recent 
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studies by Paéz-Franco (2022) and Reverté (2021), where 
higher levels of glutamic acid were observed in moderately 
severe COVID-19 patients than in patients with mild or 
moderate disease [57, 58]. In immune cells, glutamine is 
converted to glutamate, aspartate, and alanine by partial 
oxidation to CO2, in a process called glutaminolysis, and 
this conversion plays a key role in the effective functioning 
of immune system cells, in addition, through the pentose 
phosphate pathway, a metabolic pathway parallel to the 
glycolysis pathway, cells can produce ribose-5-phosphate, 
which is a precursor to the pentose sugars seen in the struc-
ture of RNA and DNA, as well as glycerol-3-phosphate 
for phospholipid synthesis [59, 60]. Another biosynthetic 
pathway for glutamic acid is via the gamma-glutamyl cycle, 
which is the synthetic pathway for GSH, a tripeptide with 
potent antioxidant activity. The COVID-19 infection dis-
rupts this cycle [17, 57, 61], promoting an uncontrolled 
increase in glutamic and pyroglutamic acid levels, causing 
metabolic acidosis and liver failure [62, 63]. In our study, 
citric acid levels were reduced in COVID-19 patients than 
in patients with other pneumonia or unhealthy volunteers 
(Fig. 4A). Citrate is an intermediate metabolite of the 
Krebs cycle (occurring in mitochondria), and due to the 
low oxygen availability caused by COVID-19, this results 
in reduced levels of all Krebs cycle metabolites, including 
citrate, resulting in decreased ATP production. Results like 
ours were found in the recent study by Shi (2021), proving 
the importance of this metabolite in the pathogenesis and 
diagnosis of the disease [15].

In our study, glycerol 3-phosphate levels were much 
higher in COVID-19 patients than in healthy volunteers. 
It is important to highlight that glycerol 3-phosphate is an 
important metabolite in glycidic and lipid metabolism, and 
actively regulates the body's acquired immunity in response 
to viral infections [64]. In COVID-19, changes in glycerol 
3-phosphate levels have been used as an indicator of immu-
nological damage caused by the virus and have been used as 
a biomarker associated with disease severity [65, 66].

Glycerol 3-phosphate is a crucial precursor in the 
biosynthesis of glucose and lipids [67, 68]. The disturbances 
that the SARS-CoV-2 virus causes in this metabolism can 
result in dysfunctions in the metabolic processes of these 
sugars and lipids, especially glucose, triglycerides, and LDL 
cholesterol [69, 70]. The latter are biomarkers widely used 
in the clinic to diagnose and monitor conditions such as 
diabetes, dyslipidemia, obesity, and other metabolic diseases. 
Evidence indicates that patients with diabetes or high blood 
glucose levels are more susceptible to serious complications 
from COVID-19 [71]. Hyperglycemia compromises the 
immune system, making it more challenging for the body 
to fight viral infection [72, 73]. On the other hand, it is 
known that cholesterol plays a crucial role in the structure 
of cell membranes and can impact the functioning of the 
immune system and inflammation [74]. COVID-19 is 
known to trigger an intense inflammatory response in some 
individuals, and there is evidence linking elevated LDL 
cholesterol levels to a dysregulated or excessive immune 
response [75]. Individuals with high triglyceride levels often 
have underlying conditions, such as obesity, type 2 diabetes, 
and cardiovascular disease, which are also associated with 
an increased risk of serious complications from COVID-
19. These comorbidities can influence the immune system 
response and the body's ability to fight infection [76].

Another molecule that was at higher levels in COVID-
19 patients than in healthy ones was cysteine-S-sulfate. 
Cysteine-S-sulfate is known to be an endogenous metabo-
lite involved in inflammatory processes [77]. The role of 
cysteine-S-sulphate in COVID-19 is little known, however 
there is a recent study citing the participation of cysteine-S-
sulphate in the inflammatory processes of COVID-19, and 
the authors propose this molecule as a possible biomarker 
that should be considered in the pathogenesis and diagnosis 
of COVID-19 [78]. Recent studies have demonstrated that 
ferritin, an essential protein responsible for iron storage in 
the body, is being used in clinical practice as a biomarker 
indicative of inflammation associated with COVID-19 [79]. 
During COVID-19 infection, some patients experience a 
significant increase in ferritin levels [79]. This elevation 
is related to the body's inflammatory response to the viral 
infection, and may be indicative of an exacerbated inflam-
matory reaction, known as a 'cytokine storm', which may 
contribute to the severity of the disease [80]. As a result of 
this exacerbated inflammatory response in severe cases of 
the disease, problems such as dehydration and kidney dys-
function may arise. These conditions can cause an increase 
in urea levels in the blood, resulting from a decrease in the 
volume of water in the body and a reduction in the kidneys' 
ability to filter and excrete urea properly [81].

We identified several acyl-carnitine molecules (dode-
cenoylcarnitine, tetradecenoylcarnitine, tetradecadienoylcar-
nitine, palmitoylcarnitine, and malonylcarnitine) that were 

Fig. 4   Variable Importance in the projection chart of the most impor-
tant biomarkers for diagnosing COVID-19. The figures in (A), (B), 
and (C) represent the biomarkers that were important in predicting 
the diagnosis of COVID-19 using data from China (dataset 2, GC–
MS Data), Spain (dataset 3, LC–MS data), and Italy (dataset 4, GC–
MS Data), respectively. The X-axis represents all analyzed metabo-
lites; the Y-axis represents the VIP score that reflects the importance 
of each metabolite in predicting the different classes of samples 
(COVID-19 represented by blue color, non-COVID-19 by black 
color, and healthy volunteers by green color). The higher the VIP 
score, the more important the biomarker is in diagnosing COVID-19. 
The red dashed line parallel to the X axis represents the VIP score 
threshold (VIP score threshold = 1). The metabolites contributing sig-
nificantly to the prediction of the different sample classes are above 
the threshold (VIP score > 1). In the figures in (A), (B), and (C) only 
the main biomarkers most important for the diagnosis of COVID-19 
are shown (color figure online)

◂
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at higher levels in severe COVID-19 patients than in mildly 
ill or healthy volunteers. Similar results were found in the 
recent study by Lauro [82]. The increase in acyl-carnitine 
levels may indicate a marked increase in the transport of 
lipids to the mitochondria for the beta-oxidation process 
to produce energy for the cells, being a response to the 
low energy production of the anaerobic processes result-
ing from the respiratory dysfunction caused by COVID-19 
[44]. In addition to the biomarkers mentioned above, we 
also identified for the first time some biomarkers that are 
associated with the diagnosis and severity of COVID-19 
namely: N-Acetyl-4-O-acetylneuraminic acid, N-Acetyl-
l-Alanine, N-Acetyltriptophan, palmitoylcarnitine, and 
glycerol 1-myristate.

As limitations of our study, we can mention that although 
the study was carried out involving samples of plasma and 
serum from patients from several countries (China, Spina, 
Italy, and France), we recognize that the constant emergence 
of new variants of the SARS-CoV-2 can alter the metabo-
lome, proteome, and lipome of patients with COVID-19 and 
consequently the emergence of new biomarkers associated 
with these new variants. Long-term follow-up longitudinal 

cohort metabolic studies monitoring these patients are 
warranted.

Conclusion

In this study, machine learning models (PCA and PLS-DA) 
were used to analyze several multi-omics datasets of 
COVID-19 patients from different countries (China, Spina, 
Italy, and France) to identify new biomarkers associated 
with rapid diagnosis and prognosis of COVID-19, aiming 
to prevent long-term symptoms. The PLS-DA model was 
able to predict the diagnosis and prognosis of COVID-19 
around 95%.

A total of 23 biomarkers have been identified as 
being associated with the diagnosis and prognosis 
of COVID-19 (e.g., spermidine, taurine, l-aspartic, 
l-glutamic, l-phenylalanine and xanthine, N-acetyl 
glucosamine-1-phosphate, ornithine, and ribothymidine). 
Moreover, we introduce five novel biomarkers linked to 
COVID-19 for the first time, encompassing N-Acetyl-
4-O-acetylneuraminic acid, N-Acetyl-l-Alanine, 
N-Acetyltriptophan, palmitoylcarnitine, and glycerol 
1-myristate. Among these, palmitoylcarnitine emerges as 
notably significant in predicting the prognosis of COVID-
19, given its markedly heightened levels observed in 
patients experiencing severe symptoms in contrast to those 
with mild COVID-19 or healthy volunteers. Regarding the 
other four biomarkers (N-Acetyl-4-O-acetylneuraminic 
acid, N-Acetyl-L-Alanine, N-Acetyltriptophan, and 
glycerol 1-myristate), their prominence lies in diagnosing 
COVID-19 owing to their elevated presence in patients 
affected by the disease as opposed to the group comprising 
healthy volunteers or patients unaffected by COVID-19.

In summary, the comprehensive analysis of multi-
omics data through advanced machine learning models has 
yielded a breakthrough in identifying biomarkers pivotal 
for the swift diagnosis and prognosis of COVID-19. These 
findings pave the way for enhanced diagnostic accuracy, 
prognosis prediction, and potential targeted interventions, 
marking a significant stride toward effectively managing 
and mitigating the long-term implications of this global 
health crisis.

Fig. 5   Variable Importance in the projection chart of the most impor-
tant biomarkers for the diagnosis of COVID-19. The figures in (A) 
and (B) represent the biomarkers that were important in predicting 
the diagnosis of COVID-19 using data from Italy (dataset 7, LC–MS 
data) and France (dataset 5, GC–MS Data), respectively. The figure 
in (C) represents the biomarkers that were important in predicting the 
prognosis of COVID-19 using data from Italy (LC–MS Data, data-
set 6). The X-axis represents all analyzed metabolites; For figures 
in (A) and (B), the Y-axis represents the VIP score that reflects the 
importance of each metabolite in predicting the different classes of 
samples (COVID-19 represented by blue color, non-COVID-19 by 
black color, and healthy volunteers by green color). For figure in (C), 
the Y-axis represents the VIP score that reflects the importance of 
each metabolite in predicting the different classes of samples (severe 
COVID-19 represented by pink, moderate COVID-19 represented by 
blue, mild COVID-19 represented by green, and healthy volunteers 
by red color). The higher the VIP score, the more important the bio-
marker is in diagnosing COVID-19. The dashed line parallel to the 
X-axis represents the VIP score threshold (VIP score threshold = 1). 
The metabolites that contribute significantly to the prediction of the 
different sample classes are above the threshold (VIP score > 1). In 
the figures in (A), (B), and (C) only the main biomarkers most impor-
tant for the diagnosis (figures A and B) and prognosis (figure C) of 
COVID-19 are shown (color figure online)

◂
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Fig. 6   Profile of the main blood biomarkers associated with the 
severity of COVID-19 using data from Italy (LC–MS dataset, data-
set 6). Results are grouped according to classes: severe COVID-19 
patients (n = 16), moderate COVID-19 (n = 16), mild COVID-19 

(n = 20), and volunteers healthy subjects (n = 9). Boxes indicate inter-
quartile ranges (median); horizontal lines indicate minimum and 
maximum values
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