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ABSTRACT The human organism is inhabited by trillions of microorganisms, known 
as microbiota, which are considered to exploit a pivotal role in the regulation of host 
health and immunity. Recent investigations have suggested a relationship between 
the composition of the human microbiota and COVID-19 infection, highlighting a 
possible role of bacterial communities in the modulation of the disease severity. In 
this study, we performed a shotgun metagenomics analysis to explore and compare 
the nasopharyngeal microbiota of 38 hospitalized Italian patients with and without 
COVID-19 infection during the third and fourth pandemic waves. In detail, the met­
agenomic analysis combined with specific correlation analyses suggested a positive 
association of several microbial species, such as S. parasanguinis and P. melaninogenica, 
with the severity of COVID-19 infection. Furthermore, the comparison of the microbiota 
composition between the nasopharyngeal and their respective fecal samples highligh­
ted an association between these different compartments represented by a sharing of 
several bacterial species. Additionally, lipidomic and deep-shotgun functional analyses 
of the fecal samples suggested a metabolic impact of the microbiome on the host’s 
immune response, indicating the presence of key metabolic compounds in COVID-19 
patients, such as lipid oxidation end products, potentially related to the inflamma­
tory state. Conversely, the patients without COVID-19 displayed enzymatic patterns 
associated with the biosynthesis and degradation of specific compounds like lysine 
(synthesis) and phenylalanine (degradation) that could positively impact disease severity 
and contribute to modulating COVID-19 infection.

IMPORTANCE The human microbiota is reported to play a major role in the regulation 
of host health and immunity, suggesting a possible impact on the severity of COVID-19 
disease. This preliminary study investigated the possible correlation between nasophar­
yngeal microbiota and COVID-19 infection. In detail, the analysis of the nasopharyng­
eal microbiota of hospitalized Italian patients with and without COVID-19 infection 
suggested a positive association of several microbial species with the severity of the 
disease and highlighted a sharing of several bacteria species with the respective fecal 
samples. Moreover, the metabolic analyses suggested a possible impact of the micro­
biome on the host's immune response and the disease severity.

KEYWORDS COVID-19, nasopharyngeal microbiota, gut microbiome, microbiome, 
inflammation

C OVID-19 is a respiratory disease caused by the coronavirus SARS-CoV-2, involving 
more than 750 million cases worldwide from more than 200 countries (https://
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covid19.who.int/). Although COVID-19-related symptoms are mainly inherent to the 
respiratory system, recent studies have suggested a possible relationship between 
gut microbiota and disease onset, development, and severity (1–4).

The gut microbiota is defined as the community of microorganisms that live in 
the gastrointestinal tract. These microorganisms are reported to play a crucial role 
in digestive health, immune function, and other physiological processes (5, 6). In this 
context, several studies have suggested that alterations in the gut microbiota composi­
tion may be associated with increased susceptibility to viral infections (7, 8) and disease 
severity (1, 2). Indeed, comparative metagenomic analyses of the gut microbiota of 
healthy individuals and COVID-19 patients have reported differences in bacterial richness 
and composition (1, 2), revealing that COVID-19 patients were mainly characterized by 
a low bacterial richness and by reduced representation of beneficial bacteria, such as 
Faecalibacterium, Roseburia, and Blautia, as opposed to the increase of several opportun­
istic pathogen bacteria, such as Actinomyces, Rothia, and Streptococcus (9, 10). Moreover, 
the gut microbiota seems to be related to plasma concentrations of several cytokines, 
chemokines, and inflammation markers, suggesting its possible role in the modulation of 
host immune responses (2).

Similarly, the nasopharyngeal microbiota, i.e., the community of microorganisms 
living in the nasal cavities and throat, may also play a role in COVID-19 infections, 
since it is known that its changes could affect the severity and duration of respiratory 
diseases (11–13). In particular, several studies reported a decrease in the biodiversity 
(14) and significant differences in bacterial composition (13, 15) of the nasopharyngeal 
microbiota of SARS-CoV-2-infected patients compared to healthy controls. However, 
results obtained from different studies on the associations between the nasopharyngeal 
microbiota and COVID-19 disease provided contradictory data (12), revealing a huge 
level of variability. The contradictory results could also be related to the low taxonomic 
resolution analysis methodology used, mainly 16S rRNA gene microbial profiling, and the 
small sample size (12).

This study allowed the microbial profiling of the nasopharyngeal and gut microbiota 
of COVID-19 patients at a high taxonomic resolution and detected shared bacterial taxa 
in the human gut and nasopharyngeal districts, thus suggesting the occurrence of a 
clear bacterial link between these different body-compartments. Furthermore, specific 
lipidomic assays of fecal samples identified an intriguing relationship between microbial-
driven metabolic pathways and the severity of COVID-19 infection.

RESULTS AND DISCUSSION

Clinical features and inflammatory profile of enrolled patients

A total of 38 Italian hospitalized patients (19 with COVID-19 and 19 who tested negative 
for SARS-CoV-2) were included in this study, and an overview of their clinical characteris­
tics is provided in Table 1 and Table S1. COVID-19-negative patients were hospitalized 
mainly for cardiovascular and respiratory issues unrelated to COVID-19 infection (Table 
1 and Table S1). Patients with positive RT-PCR for SARS-CoV-2 were classified as having 
severe COVID-19 in 14 cases and mild/moderate disease in 5 cases (Table S1).

The inflammatory profiles of the enrolled subjects, based on C-reactive protein 
(CRP), procalcitonin (PCT), interleukin-6 (IL-6), and interleukin-10 (IL-10) assays, were 
assessed through the quantification of each marker in blood samples (Table 1). Overall, 
no significant differences between COVID-positive and COVID-negative patients were 
observed, except for pro­inflammatory cytokine IL-6, whose levels were lower in 
COVID-positive patients (P value = 0.01, Mann-Whitney test). Several factors may explain 
this result, such as age or the presence of other diseases in hospitalized COVID-nega­
tive subjects. Conversely, the anti­inflammatory cytokine IL-10 exhibited a trend toward 
higher in COVID-positive patients (Table 1). IL-6 and IL-10 showed a positive correlation 
only in COVID-positive patients (Spearman r = 0.42, P value one-tail = 0.036), suggesting 
a feedback mechanism as already proposed in the literature (16) (Fig. S1a).
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Intra- and inter-individual variability of the microbiota composition among 
nasopharyngeal samples of COVID-19-negative and COVID-19-positive 
patients

In order to identify possible differences in nasopharyngeal microbiota composition 
between patients with and without COVID-19 disease, 38 nasopharyngeal swabs were 
collected from all subjects, immediately inactivated with DNA/RNA shield buffer (Zymo 
Research, USA) and submitted to bacterial DNA extraction (17). Then samples were 
analyzed through the shallow shotgun metagenome sequencing approach, and the 
achieved data were processed and analyzed using the METAnnotatorX2 bioinformatics 
platform (18, 19), following the standard filtering parameters reported in the manual as 
previously reported (1). In detail, the bioinformatic analyses resulted in 1,385,606 reads 
with an average per sample of 36,463 ± 28,943 after quality and human sequences 
filtering (Table S1).

The results obtained by METAnnotatorX2 software were used to evaluate the 
microbial biodiversity of each nasopharyngeal sample. In detail, a beta-analysis 
represented through a tridimensional principal coordinates analysis (PCoA) based on the 
Bray-Curtis dissimilarity matrix revealed the absence of specific cluster subdivision based 
on the positivity/negativity of disease (PERMANOVA P value > 0.05), indicating possible 
independence of the nasopharyngeal microbiota composition from the pathological 
condition of the patients (Fig. 1a).

Species-level taxonomic profiling of the nasopharyngeal microbiota

Detailed species-level taxonomic profiling of the 38 nasopharyngeal swabs was estab­
lished through the METAnnotatorX2 software and used to identify possible microbial 
clusters based on taxonomic profiling patterns. An unsupervised Elbow approach was 
used to predict the number of clusters, revealing an optimal number of seven clusters 
(Fig. S1b). Therefore, a Hierarchical CLustering (HCL) analysis was used to classify the 

TABLE 1 Clinical-laboratory characteristics of the studied population (n = 38)a.

COVID negative
N.19

COVID positive
N.19

P value

Age (years) 79 (64–94) 56 (31–94) <0.001
Female (%) 53 42 0.529
Fever (%) 21 79 <0.001
Cough (%) 5 58 <0.001
Subjective dyspnea (%) 26 32 0.729
Hypertension (%) 79 26 <0.001
Cardiopathy (%) 37 11 0.059
Dyslipidemia (%) 37 11 0.059
COPD (%) 37 5 0.016
Diabetes (%) 37 5 0.016
CKD (%) 11 0 0.154
Cerebrovascular disease (%) 16 0 0.074
Peripheral vascular disease (%) 21 0 0.035
Cognitive impairment (%) 5 0 0.324
Visual scoring of chest CT (%) - 20 (10–35) -
CRP, mg/L 34 (6–93) 59 (23–101) 0.198
PCT, ng/mL 0.17 (0.06–0.27) 0.10 (0.05–0.27) 0.563
IL-6, pg/mL 24 (13–134) 11 (5–20) 0.010
IL-10, pg/mL 1.7 (0.1–6.7) 8.4 (1.7–16.9) 0.150
Hospitalization duration (days) 8 (5–11) 11 (7–16) 0.146
aData are expressed as median and interquartile range or as percentages. The P value was calculated by 
Mann-Whitney or chi-square test. Values of P value < 0.05 are shown in bold. CKD, chronic kidney disease; 
COPD, chronic obstructive pulmonary disease; CRP, C-reactive protein; IL-6, interleukin 6; IL-10, interleukin 10; PCT, 
procalcitonin.
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FIG 1 Evaluation of microbial biodiversity. Panel (a) shows the nasopharyngeal samples' principal coordinate analysis (PCoA), subdivided by COVID-19 disease. 

Panel (b) reveals the nasopharyngeal samples' PCoA, subdivided by the cluster identified through the unsupervised Elbow and Hierarchical CLustering analysis.
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samples into the seven predicted clusters, also supported and represented by PCoA 
based on the Bray-Curtis dissimilarity matrix (Fig. 1b). The number of samples in each 
cluster ranged from 1 to 11 for Cluster 4 and Cluster 1, respectively, indicating variability 
in the composition of the nasopharyngeal microbiota. However, the less representative 
clusters identified in this preliminary analysis will need to be confirmed in more exten­
sive and more heterogeneous populations from different world nations. Moreover, the 
PCoA based on the Bray-Curtis dissimilarity index was used to fit the main parameters of 
patients (Table S1), such as species richness, gender, age, vaccination, interleukin levels, 
patients' pathologies, and disease severity, i.e., negative, moderate, and severe, with the 
microbial species that composed the nasopharyngeal microbiota. The PCoA analysis 
revealed a possible correlation between several species and specific clusters (Fig. 1b). In 
detail, Cluster 1 showed a positive relationship with the Pseudomonas aeruginosa species 
(envit fit P value = 0.034, r² =0.960), Cluster 2 highlighted a positive correlation with 
Cutibacterium acnes (envit fit P value = 0.034, r² =0.851) and Staphylococcus aureus 
species (envit fit P value = 0.034, r² =0.203), while the remaining clusters, i.e., Clusters 3, 4, 
5, 6, and 7, revealed a possible association with Corynebacterium accolens species (envit 
fit P value = 0.034, r² =0.363).

Furthermore, the fits analysis revealed a negative association of species richness 
(envit fit P value = 0.005, r² =0.286) with Clusters 1 and 2, while Clusters 3, 4, 5, 6, and 7 
resulted in a positive association (Fig. 1b). Moreover, parameters regarding autoimmune 
diseases and thyroid disorders display a positive trend toward Cluster 2, suggesting a 
possible relationship between C. acnes and S. aureus species and these conditions. In 
addition, the disease severity parameters did not show a significant fit (envit fit P value 
= 0.157, r² =0.105), but suggested a trend related to the increase in species richness (Fig. 
1b), pointing out a possible correlation between the complexity of the nasopharyngeal 
microbiota and the severity of COVID-19 clinical outcomes.

To better investigate the possible correlation between disease severity and the 
nasopharyngeal microbiota composition, a specific Spearman’s correlation analysis was 
performed. In detail, the correlation analysis included the values of IL-6 and IL-10, the 
predicted species composition, the disease severity, and the species richness value of 
each sample (Table S2). Therefore, the analysis suggested a possible negative correlation 
between P. aeruginosa and the severity of disease (R = −0.472, P value = 0.027), as well 
as Enterocloster bolteae (R = −0.458, P value = 0.036), while Streptococcus parasanguinis 
(R = 0.451, P value = 0.041), Streptococcus unknown species (R = 0. 549, P value = 
0.005), Prevotella melaninogenica (R = 0.451, P value = 0.041), Actinomyces unknown 
species (R = 0.501, P value = 0.015), and Schaalia unknown species (R = 0.501, P value = 
0.015) resulted positively correlated with increasing disease severity. Moreover, a specific 
multivariate analysis through MaAslin2 software (20) and based on the values of IL-6 and 
IL-10, the predicted species composition, the disease severity, and the species richness 
confirmed the possible negative correlation between the E. bolteae (R = −0.834, P value 
= 0.034) but also suggested the negative correlation with Faecalibacterium prausnitzii 
(R = −0.848, P value = 0.046) (Table S2). Furthermore, the multivariate analysis confirms 
the positive correlation between the increasing gravity of the disease and Streptococcus 
unknown species (R = 0.861, P value = 0.042) and Actinomyces unknown species (R = 
0.347, P value = 0.046) (Table S2). Such data mostly confirmed previously published data 
about the COVID-19 nasopharyngeal microbiota composition, confirming the possible 
correlation between species belonging to Prevotella and Streptococcus and disease 
severity (14, 15, 21–25) and reinforcing the notion of the existence of microbial markers 
associated with the gravity of symptoms following COVID-19 infection (26).

Identification of shared microbial taxa between nasopharyngeal and fecal 
microbiota

Several studies suggested possible bacterial sharing between the oral cavity and 
gastrointestinal tract in human beings, defining this as the oral-gut microbiota axis (27–
29). Moreover, the alteration of the oral-gut microbiota axis eubiosis, i.e., the modification 
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of the bacterial composition, has been associated with several human diseases and 
disorders, such as colitis, inflammatory bowel disease (IBD), and neurodegenerative 
diseases (27–29). In this context, the deep-shotgun metagenomics approach of the 
fecal samples (Table S3) was used to reconstruct the metagenome-assembled genomes 
(MAGs) and applied to the identification of microbial taxa shared between the nasophar­
yngeal and the gut microbiotas using a strain-tracking approach (30). Therefore, short 
reads obtained from shallow-shotgun metagenomics data from the patients' nasophar­
yngeal swabs were aligned on the MAGs obtained from the respective fecal samples. 
In detail, 66% of the nasopharyngeal samples showed at least one match with at least 
one fecal reference MAGs (Table 2). This preliminary analysis of the shared bacterial 
species revealed that 11 species are exclusively shared between nasopharyngeal and 
fecal samples of COVID-19 patients, while 16 species were solely shared between 
COVID-19-negative samples (Table 2). Interestingly, the microbial species shared by the 
samples with COVID-19 include species belonging to the Bacteroides genus, such as 
Bacteroides ovatus, Bacteroides xylanisolvens, which have already been observed to be 
positively correlated to increased disease severity (31, 32). In contrast, COVID-19-nega­
tive samples showed the sharing of potentially beneficial bacterial species, such as F. 
prausnitzii, that is hypothesized to be involved in producing several anti‐inflammatory 
compounds (2, 32). These preliminary results confirm the possible relationship in the 
microbial community composition between different human body compartments, e.g., 
nasopharynx and gut, suggesting a bidirectional interaction that could be involved in 
the host’s health or pathologic immune responses.

Lipidomic analyses of fecal samples

The UPLC-HRMS features (n = 2,031) extracted from the analytical batch underwent 
partial least squares discriminant analysis (PLS-DA). The two-factor PLS-DA score plot 
(R2

X = 0.45, R2
Y = 0.52 Fig. 2) showed that a combination of t (1) and t (2) was able 

to define a separation between the COVID-19-positive (n = 19) and COVID-19-negative 
(n = 19) cohorts, albeit with some exceptions (three COVID-positive samples within the 
COVID-negative group) (Fig. 2). Through comparison of HRMS features (accurate mass, 
fragmentation spectra, and isotopic similarity) with database references (Lipid Maps and 
HMDB), a putative identity was assigned to 321 signals over 2,031 detected. As shown 
in Table 3, among the most discriminant features of PLS-DA model (VIP > 1.7), two fatty 
aldehydes (FAL 19:0; FAL 19:1), a fatty alcohol (FOH 17:2) and one phosphatidylethanol­
amine (PE 34:1) were identified, whose intensities were significantly higher (P < 0.01 
at unpaired two-tailed t test) in COVID-positive than in COVID-negative group (Tables 
S4 and S5; Fig. S1c). Medium- to long-chain aliphatic aldehydes and alcohols do not 
represent essential components of cellular membranes, and they do not accumulate 
to a significant extent as free lipids; they are, instead, either used as substrates for 
the biosynthesis of other lipids or as catabolic intermediates that are subsequently 
metabolized (33). Oxidative stress produces a wide variety of short- and medium-chain 
aldehydes that originate from peroxidation of polyunsaturated fatty acids by reactive 
oxygen species (ROS), such as malonaldehyde (MDA), or 4-hydroxy-2-alkenales (34, 
35). Long-chain aliphatic aldehydes are largely produced by catabolic metabolism of 
ether glycerolipids, fatty alcohols, sphingolipids, and wax esters; e.g., ROS were shown 
to oxidatively attack the 1-O-alkenyl vinyl ether bond of plasmalogen lipids, rich in 
polyunsaturated fatty acids (PUFA) to release the alkyl chain as fatty aldehydes (36). 
When they accumulate beyond physiological levels, fatty aldehydes are toxic to cells 
due to their propensity to form covalent adducts with other molecules, e.g., long-chain 
aldehydes are known to form Schiff base adducts with free amino groups in proteins and 
lipids (37). The increase of FAL-related signals in the COVID-positive cohort can therefore 
be related to the oxidative stress resulting from COVID-19 infection in the gut (25, 38). 
A representative of the PE class (PE 34:1) was also positively modulated in the COVID-
positive cohort. Lipid reprogramming toward the rise in systemic PE has been recently 
described as a prognostic feature of critical illness resulting from different etiologies 
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(39). The authors proposed a lipid reprogramming score derived from PE as a risk factor 
and correlated it with excessive pro­inflammatory response and worse outcomes in two 
trauma and two COVID-19 data sets (39–41). Since one of the key organs for systemic 
lipogenesis and lipolysis is the liver, the increase in the fecal content of PE and TG within 
the COVID-positive cohort could indicate a condition of hyper-metabolism associated 
with a critical condition of systemic inflammation and metabolic stress resulting from 
COVID-19 infection (39).

Correlation between microbiome and lipidomic profiles of fecal samples

The deep-shotgun metagenome sequencing of the fecal samples was used to predict 
the metabolic enzymatic reactions based on the MetaCyc database (42) and the Enzyme 
Commission (EC) classification. The enzymatic reactions identified were used to perform 
a Spearman’s correlation analysis, including the taxonomical profile at the species level, 
the lipidomic profile, and the main parameters of patients (Table S1), such as species 
richness, gender, age, vaccination, interleukin levels, patients' pathologies, status health, 
and disease severity. Focusing our interest on the results associated with the severity 

FIG 2 Lipidomic profiles of fecal samples. Two-factor PLS-DA score plot based on all UHPLC-HRMS features (n = 2,031) on COVID-19-positive (brown) and 

COVID-19-negative (blue) groups.

TABLE 3 Lipid metabolites filtered according to the PLS-DA model (VIP values > 1.7) and showing significantly different average intensities in COVID-positive 
and COVID-negative cohorts (P < 0.01)

Putative identitya Lipid class VIPb COVID-negativec COVID-positivec P valued

FAL 19:0 Fatty aldehyde 2.39 −0.49 ± 0.31 1.37 ± 0.35 0.0003
FOH 17:2 Fatty alcohol 1.93 1.93 ± 0.14 2.65 ± 0.15 0.001
FAL 19:1 Fatty aldehyde 1.73 1.48 ± 0.13 2.15 ± 0.17 0.004
PE 34:1 Diacylphosphatidylethanolamine 1.89 0.91 ± 0.31 2.12 ± 0.25 0.005
aFAL = Fatty Aldehyde; FOH = Fatty Alcohol; PE = Phosphatidylethanolamine.
bVariable Importance in Projection (VIP) of the PLS-DA model > 1.7.
cLog average intensity ± SEM (n = 19).
dSignificance was set at P < 0.01 by two-tailed unpaired t test.
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of COVID-19 infection (Table 4), the analysis corrected through the Benjamini-Hochberg 
procedure revealed a significant positive correlation with such patients' pathologies, i.e., 
cough, fever, and pneumonia, with species belonging to Bacteroides genus (P value = 
0.017, correlation value 0.495) and with four lipid classes, including the compound FAL 
19:0 and FOH 17:2, which have been already highlighted in patients with COVID-19 by 
lipidomic analysis (see above). Thus, altered gut microbiota, presenting an increased 
load of bacteria potentially involved in putrefactive dysbiosis (1, 43), and increased 
lipid compounds, such as aldehydes, representing metabolic products potentially related 
to the inflammatory state (38), could indicate a correlation of the human microbiome 
with the disease severity. Conversely, Spearman’s correlation analysis highlighted a 
negative correlation between the severity of the disease and 17 enzymatic reactions 
mainly related to biosynthesis and degradation of metabolites (Table 4). Interestingly, 
among these enzyme classes, 2.3.1.117 and 4.2.1.96 ECs were identified, related to lysine 
synthesis and phenylalanine degradation, respectively. These findings could suggest an 
interaction between the gut microbiota and the inflammatory condition of the host. 
In fact, recent studies reported that lysine and its derivative ester could play a role in 
inhibiting COVID-19 infection (44), while phenylalanine was reported to be associated 
with increased inflammation (45), thus suggesting the potential impact of the gut 
microbiome and its metabolic functionality on the inflammatory response of the host.

Conclusion

An increasing number of studies have highlighted the occurrence of many correlations 
between human microbiota and human diseases and disorders. In this context, the 
possible associations between COVID-19 infection and human microbiota composition 
were suggested. Therefore, to explore the possible correlation between nasopharyng­
eal microbiota and COVID-19 infection, a preliminary shotgun metagenomic analysis 
was performed on nasopharyngeal swabs of 38 Italian hospitalized patients with and 
without COVID-19 during the third and fourth pandemic waves. This metagenomic 
analysis suggested that the severity of the disease could be linked to an increased 
complexity of bacterial communities and the occurrence of bacterial species belonging 
to the genera Streptococcus, Prevotella, Actinomyces, and Schaalia. Moreover, comparing 
the bacterial communities of each nasopharyngeal and fecal microbiota allowed the 
identification of shared bacteria between the two human compartments. Specifically, 
COVID-19-positive patients shared species belonging to the Bacteroides genus, while 
patients without COVID-19 shared potentially beneficial species, such as F. prausnitzii, 
suggesting a bidirectional interaction that could be involved in the immune responses 
of the host. Additionally, the correlation analysis between the main clinical parameters 
of patients as well as the lipidomic profile, and the metagenome sequencing of the 
fecal samples evidenced associations between the severity of COVID-19 infection and 
specific lipid and enzyme classes. Specifically, patients with COVID-19 showed a positive 
correlation with several lipidic compounds, such as aldehydes, while patients without 
COVID-19 revealed a positive correlation with enzyme classes related to lysine synthesis 
and phenylalanine degradation, suggesting the possible impact of the gut microbiome 
and its metabolic functionality on the inflammatory response of the host.

In conclusion, our study provides preliminary scientific evidence of a possible 
relationship between COVID-19 infection and the nasopharyngeal and fecal microbiota 
composition. However, our preliminary results need to be confirmed in larger, more 
heterogeneous populations from different world nations. Specifically, more detailed 
metadata from a larger cohort could allow the identification of possible confounding 
factors influencing the microbiome, such as age, diet, and sex, overcoming the inherent 
limitations of a preliminary pilot study. Moreover, future studies exploring the relation­
ships between COVID-19 and the microbiota, as well as the integration of data from 
multiple sources, could provide a complete understanding of the complex bidirectional 
interplay between host and microbes. Thus, meta-analyses of similar studies could 
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further advance our knowledge of the relationship between COVID-19, the nasopharyng­
eal and intestinal microbiota, and disease severity.

MATERIALS AND METHODS

Patient enrollment and data collection

A group of patients hospitalized with reverse transcriptase-polymerase chain reaction 
(RT-PCR) nasopharyngeal swabs positive for SARS-CoV-2 was enrolled in the COVID-19 
Internal Medicine ward of Parma University-Hospital in Italy during the third and 
fourth pandemic waves. Included were patients over 18 years old who tested positive 
for SARS-CoV-2 no more than 72 h before enrollment, irrespective of symptoms and 
pulmonary involvement on chest imaging. Patients with respiratory symptoms (cough, 

TABLE 4 Results of Spearman’s correlation analysis associated with the severity of COVID-19 diseasea

Spearman’s rank correlation 
coefficient

FDR P value (Benjamini and 
Hochberg correction)

1.1.1.14 −0.530003825 0.00776
1.1.1.264 −0.529173182 0.00791
1.2.1.70 −0.445304369 0.04164
1.2.4.2 −0.452368547 0.03688
2.3.1.117 −0.453896762 0.03590
2.7.1.22 −0.450305154 0.03823
2.7.7.56 −0.455135291 0.03514
2.7.8.37 −0.486374298 0.01964
3.5.1.125 −0.436541886 0.04817
3.5.3.11 −0.452683134 0.03668
3.5.4.28 −0.526251891 0.00845
4.1.1.- −0.437027337 0.04781
4.2.1.41 −0.472808292 0.02550
4.2.1.96 −0.441295125 0.04455
4.3.1.15 −0.455353115 0.03500
5.1.3.29 −0.499165075 0.01519
5.3.1.22 −0.488254645 0.01893
Cer 32:1;O2 −0.450384877 0.03818
Cer 34:1;O2 −0.52829214 0.00806
Cer 36:0;O3 −0.44989179 0.03851
Cer 36:1;O2 −0.508388646 0.01251
16:0-Glc-Stigmasterol −0.494540165 0.01670
LPE 18:1 −0.474423976 0.02474
Hypertension −0.605042982 0.00109
Vaccination −0.720946544 0.00001
3.2.1.78 0.477319776 0.02341
3.2.1.8 0.499650526 0.01503
3.4.14.2 0.487863752 0.01908
4.2.1.115 0.472829354 0.02550
10Z-Nonadecen-2-one 0.465426225 0.02924
FAL 19:0 0.544464387 0.00552
FOH 17:2 0.496616457 0.01600
PE 34:1 0.458872635 0.03289
Bacteroides unknown_species 0.495281467 0.01645
Cough 0.561164767 0.00365
Fever 0.715995512 0.00002
Pneumonia 0.727650811 0.00001
aOnly significant results were reported.
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dyspnea, and fever), peripheral oxygen saturation <94% in room air, and presence of 
at least 5% of pulmonary involvement of lung parenchyma (consolidations and ground-
glass abnormalities) on chest computed tomography (CT) were classified as severe 
COVID-19 cases. Conversely, subjects with oxygen saturation in room air >94% and 
only minor or absent involvement of lung parenchyma on chest CT were classified as 
mild/moderate COVID-19 cases.

A group of patients hospitalized in an Internal Medicine ward of Parma University-
Hospital in the same period for reasons other than COVID-19 was also enrolled as 
control group. Patients included in this group were older than 18 years old, tested 
negative on RT-PCR for SARS-CoV-2 performed upon ward admission, and had oxygen 
saturation >94% in room air without need of oxygen support.

Excluded from both groups were patients with dementia or severe cognitive 
impairment, active malignancy, severe respiratory failure needing immediate ventilatory 
support, severe immunological disorders, active gastrointestinal diseases associated with 
gut microbiota dysbiosis, and patients who had undergone systemic antibiotic treatment 
for more than 5 days upon first evaluation.

After signing an informed consent form, all study participants provided two fecal 
samples for microbiome and lipidomic analyses. A nasopharyngeal swab was also 
collected for microbiome analyses, alongside with a blood sample for cytokine profiling.

Clinical metadata was also collected from each patient’s records, including age, 
gender, comorbidities, chest CT findings, symptoms, level of oxygen support adminis­
tered, arterial blood gas analysis findings, and levels of routine blood tests, such as CRP 
and PCT.

For cytokine determination, samples were centrifuged at 3,500 rpm for 10 min to 
separate cells from serum, which was then used to quantify IL-6 and IL-10 with specific 
human ELISA kits (Demeditec Diagnostic GmbH, Germany), following the manufacturer’s 
instructions.

The study protocol was approved by the local ethics committee (Comitato Etico 
dell'Area Vasta Emilia Nord, Emilia-Romagna Region, Italy), under the ID 1131/2020/TESS/
UNIPR. All procedures were performed in compliance with the Declaration of Helsinki 
principles.

Collection of nasopharyngeal and fecal samples

The nasopharyngeal swabs obtained from the patients were immediately inactivated 
with DNA/RNA shield buffer (Zymo Research) and subsequently submitted to bacterial 
DNA extraction using the previously described protocol (17). Similarly, approximately 
three grams of fresh stool samples were collected from each Italian hospitalized patient 
using a dedicated sterile tube containing the DNA/RNA shield buffer (Zymo Research). 
After collection, stool samples were immediately shipped to the laboratory and further 
processed as previously described (1).

Shallow- and deep-shotgun sequencing

According to the manufacturer’s instructions, DNA library preparation was performed 
using the Nextera XT DNA sample preparation kit (Illumina, San Diego, CA, USA). First, 
1 ng input DNA from each sample was used for the library preparation, which underwent 
fragmentation, adapter ligation, and amplification. Then, Illumina libraries were pooled 
equimolarly, denatured, and diluted to a concentration of 1.5 pM. Next, DNA sequencing 
was performed on a MiSeq instrument (Illumina) using a 2 × 250 bp output sequencing 
kit together with a deliberate spike-in of 1% PhiX control library.

Taxonomic classification of sequence reads

Taxonomic profiling of sequenced reads was performed by employing the METAnnota­
torX2 bioinformatics platform (18, 19). In detail, the fastq files obtained from sequencing 
were filtered to remove reads with quality of <25, and to retain reads with a length 
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of >100 bp. Subsequently, a human host DNA filtering was performed through bowtie2 
software (46, 47), following the METAnnotatorX2 manual (19). Afterward, the taxo­
nomic classification was achieved by means of MegaBLAST (48) employing a manually 
curated and pre-processed database of genomes retrieved from the National Center for 
Biotechnology Information, following the METAnnotatorX2 manual (19).

Functional prediction

Functional profiling of the sequenced reads was performed with the METAnnotatorX2 
bioinformatics platform (18, 19). Functional classification of reads was performed to 
reveal metabolic pathways based on the MetaCyc database (release 24.1) (42) through 
RAPSearch2 software (49, 50).

Lipidomic analyses of fecal samples

Chemicals and reagents

Ultrapure water was prepared by a Milli-Q plus system from Millipore (Bedford, MA, USA). 
LC-MS grade acetonitrile (MeCN), methanol (MeOH), isopropanol (IPA), acetic acid, and 
ammonium acetate were supplied by Scharlab (Barcelona, Spain). Methyl tert-butyl ether 
(MTBE) was purchased from Sigma-Aldrich (Milan, Italy). Major Mix IMS/TOF calibration 
kit and Leukin-Enkephalin (Leu-Enk) solution for external and internal calibration of the 
high-resolution mass spectrometer were purchased from Waters (Manchester, UK).

Sample preparation

Fecal samples (n = 19 COVID-19-positive and n = 19 COVID-19-negative patients) were 
processed employing a published liquid-liquid extraction protocol for the isolation of 
the lipidome, with minor modifications (51). Briefly, fecal slurry (200 µL) was extracted 
with a mixture of MeOH:MTBE (3:10 vol/vol) and, after 1 h of incubation on shaker, 
ultrapure water (1.25 mL) was added to induce phase separation. After further 10 min 
of incubation on shaker, samples were centrifuged (5,000 × g, 5 min, 4°C) and 1 mL of 
the upper organic phase was dried under a gentle nitrogen stream. Dried lipid extracts 
were dissolved in 200 µL MeCN:IPA:water (1:2:1, vol/vol/vol) immediately before Ultra 
Performance Liquid Chromatography-High Resolution Mass Spectrometry (UPLC-HRMS) 
analysis.

UPLC-HRMS lipidomic analysis

An Acquity UPLC system (Waters, Milford, MA, USA) interfaced with a VION ion mobi­
lity hybrid Quadrupole-Time of Flight Mass Spectrometer (IMS-Q-ToF MS) (Waters) was 
used to analyze fecal metabolites. Extracts were injected into an Acquity UPLC-HSS T3 
column (2.1 × 100 mm2, 1.7 µm; Waters) thermostated at 55°C. Samples were analyzed 
by gradient elution employing as solvent A: MeCN:water (40:60 vol/vol) and as solvent 
B: IPA:water:MeCN (90:5:5 vol/vol/vol) both containing 5 mM ammonium acetate and 
0.1% vol/vol acetic acid. Gradient was as follows: t(0 min): 60%A:40%B; t(14 min): 100%B; 
t(17 min): 100%B; and t(20 min): 60%A:40%B. at a flow rate of 0.4 mL/min. Metabolites 
separated by UPLC were analyzed in ESI-positive mode. The capillary and sampling cone 
voltages were set at 2.50 kV and 40 V, respectively. The desolvation flow was set to 
1,000 L/h at a temperature of 500°C and the source temperature was set to 120°C. The 
IMS-Q-ToF MS data were collected in the range of mass-over-charge ratio (m/z) 50–1,200 
with a scan time of 0.2 s and interscan delay time of 0.02 s. External calibration of 
mass and drift time values was carried out before the analysis of the analytical batch 
employing the MajorMix IMS/TOF calibration kit prepared following the manufacturer’s 
instructions at a flow rate of 20 µL/min. Internal lock mass calibration was used to ensure 
accuracy in mass measurement during the analyses. Leu-Enk (556.2771 Da in ESI-positive 
mode) was used as the lock mass at 50 ng/mL and at a flow rate of 10 µL/min, measured 
every 3 min. The software UNIFI v.1.8.2 (Waters) was used for system control and data 
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acquisition. The acquisition method was data-independent high­definition MSE. A 5 eV 
energy scan allowed to acquire high-resolution mass values of precursor ions and a 
ramped high energy scan (20–40 eV) induced a simultaneous fragmentation of the same 
ions. The analytical batch was constituted of randomized blank samples, QC samples, 
and unknown samples. QC samples were prepared by mixing 10 µL aliquots of every 
sample in analysis. Ten QC sample injections were employed at the beginning of the 
analytical batch to ensure system stability and a QC sample was injected every 10 
samples.

Data processing

Raw data were imported as a UNIFI .uep file into the untargeted analysis software 
Progenesis QI v.2.4 (Nonlinear Dynamics, UK), which performed automatic alignment 
of batch runs selecting the most suitable QC sample in the batch as alignment reference. 
Data filtering was carried out with the following cutoffs: (i) observed variance in the QC 
samples, expressed as percent coefficient of variation (CV) <25%; (ii) m/z ≥250; and (iii) 
at least 60% of values over samples different from 0. A total of 2,031 ion features were 
retrieved. Metabolite assignment was performed by elemental composition analysis with 
calculated mass, mass tolerance (ppm), isotopic similarity (calculated isotopic pattern vs 
experimental one), and mass fragmentation by searching into ChemSpider (www.chem­
spider.com) and Lipid Maps Database (https://www.lipidmaps.org/).

Statistical analysis

ORIGIN 2021 (https://www.originlab.com/2021) was used to compute statistical analyses, 
including HCL and Silhouette analyses. Moreover, the similarities between samples 
(beta-diversity) were calculated by the Bray-Curtis dissimilarity matrix based on 
species abundance, using the “vegdist” function (from vegan_2.5-7) on RStudio (http://
www.rstudio.com/). The range of similarities is calculated between values 0 and 1. 
Beta-diversity was represented through PCoA using the function “ape” of the R suite 
package (52). Moreover, the available metadata and the various detected bacterial 
species were tested and plotted on the PCoA using the “envfit” and “plot” functions 
from vegan (version 2.5-7), respectively, through RStudios (http://www.rstudio.com/). 
PERMANOVA analyses were performed on RStudio using 999 permutations to estimate 
P values for population differences in PCoA analyses with adonis2 package (from 
vegan_2.5-7). The false discovery rate (FDR) correction is applicated to all statistical 
analyses based on Benjamini and Hochberg correction (53), using RStudio through 
“p.adjust” function (from base package stats). Furthermore, a correlation analysis 
between the available metadata and the various detected bacterial species of all samples 
was performed through Spearman’s rank correlation coefficient using “rcorr” function 
(from Hmisc_4.6-0, https://CRAN.R-project.org/package=Hmisc), and only significative 
statistical results were retained. Moreover, the FDR correction based on Benjamini and 
Hochberg correction (53) and calculated using RStudio through “p.adjust” function (from 
base package stats) was applied to statistically significant results. Moreover, multivari­
ate analyses were performed through MaAsLin2 software (20), reporting the P value 
corrected through Benjamini and Hochberg correction. The UPLC-HRMS lipidomic data 
set was analyzed by the multivariate statistical analysis package SIMCA-P+ version 12.0.2 
(Umetrics, Umeå, Sweden). PLS-DA was used to visually discriminate between COVID-19-
positive and COVID-19-negative groups. To find metabolites that contributed to the 
discrimination between the two groups, log differences of the metabolite intensities in 
COVID-positive and COVID-negative groups were tested by two-tailed unpaired t tests. 
Statistical significance was set at P < 0.01.

Statistical analysis of clinical data (Table 1) has been performed with Mann-Whitney or 
chi-square test.
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of enrolled patients. Panel b shows the unsupervised Elbow calculated on the species-
level taxonomic profiling of the 38 nasopharyngeal swabs collected. Panel c reports 
the Volcano plot on identified lipid metabolites (n=321). Y-axis: negative Logarithm of 
P-value in two-tailed unpaired t-test; X-axis: difference of mean Log intensities in the 
COVID-positive vs. COVID-negative cohorts. Significance was set at P<0.01 (-Log P > 2.00) 
and DeltaLogintensities < −0.5 and >0.5 (approx. 3-fold change).
Table S1 (Spectrum02194-23-s0002.xlsx). Metadata and filtering report of the 
nasopharyngeal samples sequenced in this study.
Table S2 (Spectrum02194-23-s0003.xlsx). Spearman's correlation and MaAslin2 
analyses based on the values of IL-6 and IL-10, the predicted species composition, the 
disease severity, and the species richness value of each sample. Only significant results 
were reported.
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Table S3 (Spectrum02194-23-s0004.xlsx). Filtering report of the fecal samples 
sequenced in this study.
Table S4 (Spectrum02194-23-s0005.xlsx). Lipid metabolites identified in COVID-positive 
and COVID-negative cohorts filtered according to the PLS-DA model (VIP values > 1.7).
Table S5 (Spectrum02194-23-s0006.xlsx). Lipid metabolites showing significantly 
different average intensities in COVID-positive vs. COVID-negative cohorts (P<0.01).

REFERENCES

1. Mancabelli L, Milani C, Fontana F, Lugli GA, Tarracchini C, Viappiani A, 
Ciociola T, Ticinesi A, Nouvenne A, Meschi T, Turroni F, Ventura M. 2022. 
Untangling the link between the human gut microbiota composition 
and the severity of the symptoms of the COVID-19 infection. Environ 
Microbiol 24:6453–6462. https://doi.org/10.1111/1462-2920.16201

2. Yeoh YK, Zuo T, Lui G-Y, Zhang F, Liu Q, Li AY, Chung AC, Cheung CP, Tso 
EY, Fung KS, Chan V, Ling L, Joynt G, Hui D-C, Chow KM, Ng SSS, Li T-M, 
Ng RW, Yip TC, Wong G-H, Chan FK, Wong CK, Chan PK, Ng SC. 2021. Gut 
microbiota composition reflects disease severity and dysfunctional 
immune responses in patients with COVID-19. Gut 70:698–706. https://
doi.org/10.1136/gutjnl-2020-323020

3. Xiang H, Liu Q-P. 2022. Alterations of the gut microbiota in coronavirus 
disease 2019 and its therapeutic potential. World J Gastroenterol 
28:6689–6701. https://doi.org/10.3748/wjg.v28.i47.6689

4. Nagata N, Takeuchi T, Masuoka H, Aoki R, Ishikane M, Iwamoto N, 
Sugiyama M, Suda W, Nakanishi Y, Terada-Hirashima J, Kimura M, 
Nishijima T, Inooka H, Miyoshi-Akiyama T, Kojima Y, Shimokawa C, 
Hisaeda H, Zhang F, Yeoh YK, Ng SC, Uemura N, Itoi T, Mizokami M, Kawai 
T, Sugiyama H, Ohmagari N, Ohno H. 2023. Human gut microbiota and 
its metabolites impact immune responses in COVID-19 and its 
complications. Gastroenterology 164:272–288. https://doi.org/10.1053/j.
gastro.2022.09.024

5. Valdes AM, Walter J, Segal E, Spector TD. 2018. Role of the gut 
microbiota in nutrition and health. BMJ 361:k2179. https://doi.org/10.
1136/bmj.k2179

6. Milani C, Duranti S, Bottacini F, Casey E, Turroni F, Mahony J, Belzer C, 
Delgado Palacio S, Arboleya Montes S, Mancabelli L, Lugli GA, Rodriguez 
JM, Bode L, de Vos W, Gueimonde M, Margolles A, van Sinderen D, 
Ventura M. 2017. The first microbial colonizers of the human gut: 
composition, activities, and health implications of the infant gut 
microbiota. Microbiol Mol Biol Rev 81:81. https://doi.org/10.1128/MMBR.
00036-17

7. Zuo T, Zhang F, Lui GCY, Yeoh YK, Li AYL, Zhan H, Wan Y, Chung ACK, 
Cheung CP, Chen N, Lai CKC, Chen Z, Tso EYK, Fung KSC, Chan V, Ling L, 
Joynt G, Hui DSC, Chan FKL, Chan PKS, Ng SC. 2020. Alterations in gut 
microbiota of patients with COVID-19 during time of hospitalization. 
Gastroenterology 159:944–955. https://doi.org/10.1053/j.gastro.2020.05.
048

8. Gu S, Chen Y, Wu Z, Chen Y, Gao H, Lv L, Guo F, Zhang X, Luo R, Huang C, 
Lu H, Zheng B, Zhang J, Yan R, Zhang H, Jiang H, Xu Q, Guo J, Gong Y, 
Tang L, Li L. 2020. Alterations of the gut microbiota in patients with 
coronavirus disease 2019 or H1N1 influenza. Clin Infect Dis 71:2669–
2678. https://doi.org/10.1093/cid/ciaa709

9. Wang C, Wang Z, Wang G, Lau J-N, Zhang K, Li W. 2021. COVID-19 in 
early 2021: current status and looking forward. Signal Transduct Target 
Ther 6:114. https://doi.org/10.1038/s41392-021-00527-1

10. Xu R, Lu R, Zhang T, Wu Q, Cai W, Han X, Wan Z, Jin X, Zhang Z, Zhang C. 
2021. Temporal association between human upper respiratory and gut 
bacterial microbiomes during the course of COVID-19 in adults. 
Commun Biol 4:240. https://doi.org/10.1038/s42003-021-01796-w

11. Gauthier NPG, Locher K, MacDonald C, Chorlton SD, Charles M, Manges 
AR. 2022. Alterations in the nasopharyngeal microbiome associated with 
SARS-CoV-2 infection status and disease severity. PLoS One 
17:e0275815. https://doi.org/10.1371/journal.pone.0275815

12. Candel S, Tyrkalska SD, Álvarez-Santacruz C, Mulero V. 2023. The 
nasopharyngeal microbiome in COVID-19. Emerg Microbes Infect 
12:e2165970. https://doi.org/10.1080/22221751.2023.2165970

13. Kumar D, Pandit R, Sharma S, Raval J, Patel Z, Joshi M, Joshi CG. 2022. 
Nasopharyngeal microbiome of COVID-19 patients revealed a distinct 
bacterial profile in deceased and recovered individuals. Microb Pathog 
173:105829. https://doi.org/10.1016/j.micpath.2022.105829

14. Crovetto F, Selma-Royo M, Crispi F, Carbonetto B, Pascal R, Larroya M, 
Casas I, Tortajada M, Escudero N, Muñoz-Almagro C, Gomez-Roig MD, 
González-Torres P, Collado MC, Gratacos E. 2022. Nasopharyngeal 
microbiota profiling of pregnant women with SARS-CoV-2 infection. Sci 
Rep 12:13404. https://doi.org/10.1038/s41598-022-17542-z

15. Giugliano R, Sellitto A, Ferravante C, Rocco T, D’Agostino Y, Alexandrova 
E, Lamberti J, Palumbo D, Galdiero M, Vaccaro E, Pagliano P, Weisz A, 
Giurato G, Franci G, Rizzo F. 2022. NGS analysis of nasopharyngeal 
microbiota in SARS-CoV-2 positive patients during the first year of the 
pandemic in the Campania Region of Italy. Microb Pathog 165:105506. 
https://doi.org/10.1016/j.micpath.2022.105506

16. Li J, Rong L, Cui R, Feng J, Jin Y, Chen X, Xu R. 2021. Dynamic changes in 
serum IL-6, IL-8, and IL-10 predict the outcome of ICU patients with 
severe COVID-19. Ann Palliat Med 10:3706–3714. https://doi.org/10.
21037/apm-20-2134

17. Mancabelli L, Mancino W, Lugli GA, Argentini C, Longhi G, Milani C, 
Viappiani A, Anzalone R, Bernasconi S, van Sinderen D, Ventura M, 
Turroni F, McBain AJ. 2021. Amoxicillin-clavulanic acid resistance in the 
genus Bifidobacterium. Appl Environ Microbiol 87:e03137-20. https://doi.
org/10.1128/AEM.03137-20

18. Milani C, Casey E, Lugli GA, Moore R, Kaczorowska J, Feehily C, 
Mangifesta M, Mancabelli L, Duranti S, Turroni F, Bottacini F, Mahony J, 
Cotter PD, McAuliffe FM, van Sinderen D, Ventura M. 2018. Tracing 
mother-infant transmission of bacteriophages by means of a novel 
analytical tool for shotgun metagenomic datasets: METAnnotatorX. 
Microbiome 6:145. https://doi.org/10.1186/s40168-018-0527-z

19. Milani C, Lugli GA, Fontana F, Mancabelli L, Alessandri G, Longhi G, 
Anzalone R, Viappiani A, Turroni F, van Sinderen D, Ventura M, 
Arumugam M. 2021. METAnnotatorX2: a comprehensive tool for deep 
and shallow metagenomic data set analyses. mSystems 6:e0058321. 
https://doi.org/10.1128/mSystems.00583-21

20. Mallick H, Rahnavard A, McIver LJ, Ma S, Zhang Y, Nguyen LH, Tickle TL, 
Weingart G, Ren B, Schwager EH, Chatterjee S, Thompson KN, Wilkinson 
JE, Subramanian A, Lu Y, Waldron L, Paulson JN, Franzosa EA, Bravo HC, 
Huttenhower C. 2021. Multivariable association discovery in population-
scale meta-omics studies. PLoS Comput Biol 17:e1009442. https://doi.
org/10.1371/journal.pcbi.1009442

21. Ventero MP, Cuadrat RRC, Vidal I, Andrade BGN, Molina-Pardines C, Haro-
Moreno JM, Coutinho FH, Merino E, Regitano LCA, Silveira CB, Afli H, 
López-Pérez M, Rodríguez JC. 2021. Nasopharyngeal microbial 
communities of patients infected with SARS-CoV-2 that developed 
COVID-19. Front Microbiol 12:637430. https://doi.org/10.3389/fmicb.
2021.637430

22. Liu J, Liu S, Zhang Z, Lee X, Wu W, Huang Z, Lei Z, Xu W, Chen D, Wu X, 
Guo Y, Peng L, Lin B, Chong Y, Mou X, Shi M, Lan P, Chen T, Zhao W, Gao 
Z. 2021. Association between the nasopharyngeal microbiome and 
metabolome in patients with COVID-19. Synth Syst Biotechnol 6:135–
143. https://doi.org/10.1016/j.synbio.2021.06.002

23. Nagy-Szakal D, Couto-Rodriguez M, Wells HL, Barrows JE, Debieu M, 
Butcher K, Chen S, Berki A, Hager C, Boorstein RJ, Taylor MK, Jonsson CB, 
Mason CE, O’Hara NB. 2021. Targeted hybridization capture of SARS-
CoV-2 and metagenomics enables genetic variant discovery and nasal 
microbiome insights. Microbiol Spectr 9:e0019721. https://doi.org/10.
1128/Spectrum.00197-21

24. Tchoupou Saha O la F, Dubourg G, Yacouba A, Bossi V, Raoult D, Lagier J-
C. 2022. Profile of the nasopharyngeal microbiota affecting the clinical 
course in COVID-19 patients. Front Microbiol 13:871627. https://doi.org/
10.3389/fmicb.2022.871627

25. Zhou T, Wu J, Zeng Y, Li J, Yan J, Meng W, Han H, Feng F, He J, Zhao S, 
Zhou P, Wu Y, Yang Y, Han R, Jin W, Li X, Yang Y, Li X. 2022. SARS-CoV-2 

Research Article Microbiology Spectrum

Month XXXX  Volume 0  Issue 0 10.1128/spectrum.02194-23 15

D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//j

ou
rn

al
s.

as
m

.o
rg

/jo
ur

na
l/s

pe
ct

ru
m

 o
n 

21
 S

ep
te

m
be

r 
20

23
 b

y 
16

0.
78

.1
86

.4
5.

https://doi.org/10.1111/1462-2920.16201
https://doi.org/10.1136/gutjnl-2020-323020
https://doi.org/10.3748/wjg.v28.i47.6689
https://doi.org/10.1053/j.gastro.2022.09.024
https://doi.org/10.1136/bmj.k2179
https://doi.org/10.1128/MMBR.00036-17
https://doi.org/10.1053/j.gastro.2020.05.048
https://doi.org/10.1093/cid/ciaa709
https://doi.org/10.1038/s41392-021-00527-1
https://doi.org/10.1038/s42003-021-01796-w
https://doi.org/10.1371/journal.pone.0275815
https://doi.org/10.1080/22221751.2023.2165970
https://doi.org/10.1016/j.micpath.2022.105829
https://doi.org/10.1038/s41598-022-17542-z
https://doi.org/10.1016/j.micpath.2022.105506
https://doi.org/10.21037/apm-20-2134
https://doi.org/10.1128/AEM.03137-20
https://doi.org/10.1186/s40168-018-0527-z
https://doi.org/10.1128/mSystems.00583-21
https://doi.org/10.1371/journal.pcbi.1009442
https://doi.org/10.3389/fmicb.2021.637430
https://doi.org/10.1016/j.synbio.2021.06.002
https://doi.org/10.1128/Spectrum.00197-21
https://doi.org/10.3389/fmicb.2022.871627
https://doi.org/10.1128/spectrum.02194-23


triggered oxidative stress and abnormal energy metabolism in gut 
microbiota. MedComm (2020) 3:e112. https://doi.org/10.1002/mco2.112

26. Neag MA, Vulturar D-M, Gherman D, Burlacu C-C, Todea DA, Buzoianu 
AD. 2022. Gastrointestinal microbiota: a predictor of COVID-19 severity? 
World J Gastroenterol 28:6328–6344. https://doi.org/10.3748/wjg.v28.
i45.6328

27. Abdelbary MMH, Hatting M, Bott A, Dahlhausen A, Keller D, Trautwein C, 
Conrads G. 2022. The oral-gut axis: salivary and fecal microbiome 
dysbiosis in patients with inflammatory bowel disease. Front Cell Infect 
Microbiol 12:1010853. https://doi.org/10.3389/fcimb.2022.1010853

28. Kitamoto S, Nagao-Kitamoto H, Jiao Y, Gillilland MG, Hayashi A, Imai J, 
Sugihara K, Miyoshi M, Brazil JC, Kuffa P, Hill BD, Rizvi SM, Wen F, Bishu S, 
Inohara N, Eaton KA, Nusrat A, Lei YL, Giannobile WV, Kamada N. 2020. 
The intermucosal connection between the mouth and gut in commen­
sal pathobiont-driven colitis. Cell 182:447–462. https://doi.org/10.1016/j.
cell.2020.05.048

29. Sansores-España LD, Melgar-Rodríguez S, Olivares-Sagredo K, Cafferata 
EA, Martínez-Aguilar VM, Vernal R, Paula-Lima AC, Díaz-Zúñiga J. 2021. 
Oral-gut-brain axis in experimental models of periodontitis: associating 
gut dysbiosis with neurodegenerative diseases. Front Aging 2:781582. 
https://doi.org/10.3389/fragi.2021.781582

30. Koo H, Crossman DK, Morrow CD. 2020. Strain tracking to identify 
individualized patterns of microbial strain stability in the developing 
infant gut ecosystem. Front Pediatr 8:549844. https://doi.org/10.3389/
fped.2020.549844

31. SeyedAlinaghi S, Afzalian A, Pashaei Z, Varshochi S, Karimi A, Mojdegan­
lou H, Mojdeganlou P, Razi A, Ghanadinezhad F, Shojaei A, Amiri A, 
Dashti M, Ghasemzadeh A, Dadras O, Mehraeen E, Afsahi AM. 2023. Gut 
microbiota and COVID-19: a systematic review. Health Sci Rep 6:e1080. 
https://doi.org/10.1002/hsr2.1080

32. Reinold J, Farahpour F, Fehring C, Dolff S, Konik M, Korth J, van Baal L, 
Hoffmann D, Buer J, Witzke O, Westendorf AM, Kehrmann J. 2021. A pro­
inflammatory gut microbiome characterizes SARS-CoV-2 infected 
patients and a reduction in the connectivity of an anti­inflammatory 
bacterial network associates with severe COVID-19. Front Cell Infect 
Microbiol 11:747816. https://doi.org/10.3389/fcimb.2021.747816

33. Rizzo WB. 2014. Fatty aldehyde and fatty alcohol metabolism: review 
and importance for epidermal structure and function. Biochim Biophys 
Acta 1841:377–389. https://doi.org/10.1016/j.bbalip.2013.09.001

34. Esterbauer H, Schaur RJ, Zollner H. 1991. Chemistry and biochemistry of 
4-hydroxynonenal, malonaldehyde and related aldehydes. Free Radic 
Biol Med 11:81–128. https://doi.org/10.1016/0891-5849(91)90192-6

35. Guéraud F, Atalay M, Bresgen N, Cipak A, Eckl PM, Huc L, Jouanin I, Siems 
W, Uchida K. 2010. Chemistry and biochemistry of lipid peroxidation 
products. Free Radic Res 44:1098–1124. https://doi.org/10.3109/
10715762.2010.498477

36. Stadelmann-Ingrand S, Favreliere S, Fauconneau B, Mauco G, Tallineau C. 
2001. Plasmalogen degradation by oxidative stress: production and 
disappearance of specific fatty aldehydes and fatty alpha-hydroxyalde­
hydes. Free Radic Biol Med 31:1263–1271. https://doi.org/10.1016/
s0891-5849(01)00720-1

37. James PF, Zoeller RA. 1997. Isolation of animal cell mutants defective in 
long-chain fatty aldehyde dehydrogenase. Sensitivity to fatty aldehydes 
and Schiff's base modification of phospholipids: implications for Sj-
ogren-Larsson syndrome. J Biol Chem 272:23532–23539. https://doi.org/
10.1074/jbc.272.38.23532

38. Sottero B, Rossin D, Poli G, Biasi F. 2018. Lipid oxidation products in the 
pathogenesis of inflammation­related gut diseases. Curr Med Chem 
25:1311–1326. https://doi.org/10.2174/0929867324666170619104105

39. Wu J, Cyr A, Gruen DS, Lovelace TC, Benos PV, Das J, Kar UK, Chen T, 
Guyette FX, Yazer MH, Daley BJ, Miller RS, Harbrecht BG, Claridge JA, 
Phelan HA, Zuckerbraun BS, Neal MD, Johansson PI, Stensballe J, Namas 
RA, Vodovotz Y, Sperry JL, Billiar TR, Zenati MS, Brown JB, Triulzi DJ, 

Young BJE, Adams PW, Alarcon LH, Callaway CW, Forsythe RM, Yealy DM, 
Peitzman AB, Buck ML, Ryman AM, Gimbel EA, Gilchrist EG, Buhay M, 
Chang C-C, Talisa VB, Xu T, Kalloway K, Yates A, Rawn S, Jenkins JM, 
Trachtenberg LS, Eden RK, Fraifogl J, Bates C, Howard C, Stebbins C, 
Witham WR, McNeill C, Putnam At, Snyder A, Ropp J, Duane TM, Caliman 
C, Beamon M, PAMPer study group. 2022. Lipidomic signatures align 
with inflammatory patterns and outcomes in critical illness. Nat 
Commun 13:6789. https://doi.org/10.1038/s41467-022-34420-4

40. Song J-W, Lam SM, Fan X, Cao W-J, Wang S-Y, Tian H, Chua GH, Zhang C, 
Meng F-P, Xu Z, Fu J-L, Huang L, Xia P, Yang T, Zhang S, Li B, Jiang T-J, 
Wang R, Wang Z, Shi M, Zhang J-Y, Wang F-S, Shui G. 2020. Omics-driven 
systems interrogation of metabolic dysregulation in COVID-19 
pathogenesis. Cell Metab 32:188–202. https://doi.org/10.1016/j.cmet.
2020.06.016

41. Shen B, Yi X, Sun Y, Bi X, Du J, Zhang C, Quan S, Zhang F, Sun R, Qian L, Ge 
W, Liu W, Liang S, Chen H, Zhang Y, Li J, Xu J, He Z, Chen B, Wang J, Yan H, 
Zheng Y, Wang D, Zhu J, Kong Z, Kang Z, Liang X, Ding X, Ruan G, Xiang 
N, Cai X, Gao H, Li L, Li S, Xiao Q, Lu T, Zhu Y, Liu H, Chen H, Guo T. 2020. 
Proteomic and metabolomic characterization of COVID-19 patient sera. 
Cell 182:59–72. https://doi.org/10.1016/j.cell.2020.05.032

42. Caspi R, Billington R, Ferrer L, Foerster H, Fulcher CA, Keseler IM, Kothari 
A, Krummenacker M, Latendresse M, Mueller LA, Ong Q, Paley S, 
Subhraveti P, Weaver DS, Karp PD. 2016. The MetaCyc database of 
metabolic pathways and enzymes and the BioCyc collection of pathway/
genome databases. Nucleic Acids Res 44:D471–D480. https://doi.org/10.
1093/nar/gkv1164

43. Baizabal-Carvallo JF. 2021. Gut microbiota: a potential therapeutic target 
for Parkinson's disease. Neural Regen Res 16:287–288. https://doi.org/10.
4103/1673-5374.290896

44. Melano I, Kuo L-L, Lo Y-C, Sung P-W, Tien N, Su W-C. 2021. Effects of basic 
amino acids and their derivatives on SARS-CoV-2 and influenza­A virus 
infection. Viruses 13:1301. https://doi.org/10.3390/v13071301

45. Luporini RL, Pott-Junior H, Di Medeiros Leal MCB, Castro A, Ferreira AG, 
Cominetti MR, de Freitas Anibal F. 2021. Phenylalanine and COVID-19: 
tracking disease severity markers. Int Immunopharmacol 101:108313. 
https://doi.org/10.1016/j.intimp.2021.108313

46. Langmead B, Salzberg SL. 2012. Fast gapped-read alignment with 
Bowtie 2. Nat Methods 9:357–359. https://doi.org/10.1038/nmeth.1923

47. Langmead B, Wilks C, Antonescu V, Charles R. 2019. Scaling read aligners 
to hundreds of threads on general-purpose processors. Bioinformatics 
35:421–432. https://doi.org/10.1093/bioinformatics/bty648

48. Chen Y, Ye W, Zhang Y, Xu Y. 2015. High speed BLASTN: an accelerated 
MegaBLAST search tool. Nucleic Acids Res 43:7762–7768. https://doi.
org/10.1093/nar/gkv784

49. Zhao Y, Tang H, Ye Y. 2012. RAPSearch2: a fast and memory­efficient 
protein similarity search tool for next-generation sequencing data. 
Bioinformatics 28:125–126. https://doi.org/10.1093/bioinformatics/
btr595

50. Ye Y, Choi J-H, Tang H. 2011. RAPSearch: a fast protein similarity search 
tool for short reads. BMC Bioinformatics 12:159. https://doi.org/10.1186/
1471-2105-12-159

51. Van Meulebroek L, De Paepe E, Vercruysse V, Pomian B, Bos S, Lapauw B, 
Vanhaecke L. 2017. Holistic lipidomics of the human gut phenotype 
using validated ultra-high-performance liquid chromatography coupled 
to hybrid orbitrap mass spectrometry. Anal Chem 89:12502–12510. 
https://doi.org/10.1021/acs.analchem.7b03606

52. Paradis E, Schliep K. 2019. ape 5.0: an environment for modern 
phylogenetics and evolutionary analyses in R. Bioinformatics 35:526–
528. https://doi.org/10.1093/bioinformatics/bty633

53. Benjamini Y, Drai D, Elmer G, Kafkafi N, Golani I. 2001. Controlling the 
false discovery rate in behavior genetics research. Behav Brain Res 
125:279–284. https://doi.org/10.1016/s0166-4328(01)00297-2

Research Article Microbiology Spectrum

Month XXXX  Volume 0  Issue 0 10.1128/spectrum.02194-23 16

D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//j

ou
rn

al
s.

as
m

.o
rg

/jo
ur

na
l/s

pe
ct

ru
m

 o
n 

21
 S

ep
te

m
be

r 
20

23
 b

y 
16

0.
78

.1
86

.4
5.

https://doi.org/10.1002/mco2.112
https://doi.org/10.3748/wjg.v28.i45.6328
https://doi.org/10.3389/fcimb.2022.1010853
https://doi.org/10.1016/j.cell.2020.05.048
https://doi.org/10.3389/fragi.2021.781582
https://doi.org/10.3389/fped.2020.549844
https://doi.org/10.1002/hsr2.1080
https://doi.org/10.3389/fcimb.2021.747816
https://doi.org/10.1016/j.bbalip.2013.09.001
https://doi.org/10.1016/0891-5849(91)90192-6
https://doi.org/10.3109/10715762.2010.498477
https://doi.org/10.1016/s0891-5849(01)00720-1
https://doi.org/10.1074/jbc.272.38.23532
https://doi.org/10.2174/0929867324666170619104105
https://doi.org/10.1038/s41467-022-34420-4
https://doi.org/10.1016/j.cmet.2020.06.016
https://doi.org/10.1016/j.cell.2020.05.032
https://doi.org/10.1093/nar/gkv1164
https://doi.org/10.4103/1673-5374.290896
https://doi.org/10.3390/v13071301
https://doi.org/10.1016/j.intimp.2021.108313
https://doi.org/10.1038/nmeth.1923
https://doi.org/10.1093/bioinformatics/bty648
https://doi.org/10.1093/nar/gkv784
https://doi.org/10.1093/bioinformatics/btr595
https://doi.org/10.1186/1471-2105-12-159
https://doi.org/10.1021/acs.analchem.7b03606
https://doi.org/10.1093/bioinformatics/bty633
https://doi.org/10.1016/s0166-4328(01)00297-2
https://doi.org/10.1128/spectrum.02194-23

	Disentangling the interactions between nasopharyngeal and gut microbiome and their involvement in the modulation of COVID-19 infection
	RESULTS AND DISCUSSION
	Clinical features and inflammatory profile of enrolled patients
	Intra- and inter-individual variability of the microbiota composition among nasopharyngeal samples of COVID-19-negative and COVID-19-positive patients
	Species-level taxonomic profiling of the nasopharyngeal microbiota
	Identification of shared microbial taxa between nasopharyngeal and fecal microbiota
	Lipidomic analyses of fecal samples
	Correlation between microbiome and lipidomic profiles of fecal samples
	Conclusion

	MATERIALS AND METHODS
	Patient enrollment and data collection
	Collection of nasopharyngeal and fecal samples
	Shallow- and deep-shotgun sequencing
	Taxonomic classification of sequence reads
	Functional prediction
	Lipidomic analyses of fecal samples
	Statistical analysis



