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Abstract

Background Infection with SARS-CoV-2, the virus responsible for COVID-19, can lead to a range of physical
symptoms and mental health challenges, including stress, anxiety, and depression. These effects are particularly
pronounced in hospitalized patients, likely due to the virus's direct and indirect impact on the nervous system.
Gut dysbiosis, an imbalance in the gut microbiome, has been implicated in immune dysfunction and chronic
inflammation in COVID-19 patients. However, the interactions between gut microbiome composition and the
physical and mental symptoms of COVID-19 remain incompletely understood.

Methods We investigated the association between physical and mental symptoms, cytokine profiles, and gut
microbiota composition in 124 hospitalized COVID-19 patients. We collected data on demographics, COVID-19
severity, and mental health indicators (stress, anxiety, and depression). Gut microbiome profiling was performed using
full-length 16 S rRNA gene sequencing to evaluate microbial diversity and composition.

Results COVID-19 severity was categorized as low (27.4%), moderate (29.8%), or critical (42.8%). Common symptoms
included fever (66.1%) and cough (55.6%), while somatic symptoms (27.3%), anxiety (27.3%), depressive symptoms
(39%), and stress (80.5%) were frequently self-reported. Elevated interleukin-6 levels in severe cases highlighted
systemic inflammation, reduced gut bacterial diversity, particularly among women and obese patients, correlated
with higher disease severity. Notably, the genus Mitsuokella was associated with increased physical symptoms and
mental distress, while Granulicatella was linked to critical illness.

Conclusions Our findings reveal significant associations between mental health status, systemic inflammation,
and gut dysbiosis in hospitalized COVID-19 patients. These results indicate the potential for microbiome-targeted
therapies to mitigate psychological and physical complications and improve recovery outcomes in this population.
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Background

Coronavirus disease 2019 (COVID-19), caused by the
severe acute respiratory syndrome coronavirus 2 (SARS-
CoV-2), primarily presents with respiratory symptoms.
However, the infection can also affect neurological [1]
and gastrointestinal (GI) systems [2, 3]. It is established
that men are at a higher risk than women of developing
severe acute COVID-19 [4, 5], as well as individuals over
the age of 60 years old [6, 7]. Patients hospitalized during
the acute phase of COVID-19 exhibit a high prevalence
of mental health issues such as elevated stress, anxiety,
and depression [8—10]. These mental health disturbances
are more prevalent in women and can be worsened by
factors such as age [11], more severe physical symptoms,
or length of hospital stay [12]. Furthermore, the presence
of COVID-19 symptoms at the time of admission adds to
the psychological burden [13].

SARS-CoV-2 infection leads to an increase in soluble
immune mediators in the bloodstream, including inflam-
mation-related cytokines [14]. It also activates intestinal
angiotensin-converting enzyme 2 (ACE2) receptors [15]
and damages the intestinal epithelium, compromising the
gut barrier [16, 17], a phenomenon observed in patients
with severe COVID-19 [18, 19]. This inflammatory
response contributes to GI symptoms and gut microbi-
ome alterations [19-21], both of which have been linked
to disease severity.

Gut dysbiosis, characterized by a decrease in butyrate-
producing, anti-inflammatory bacteria and an increase
in pro-inflammatory taxa, disrupts immune regula-
tion, nutrient metabolism, and gut barrier integrity. This
imbalance contributes to systemic inflammation and
impairs host homeostasis [22]. During the acute phase of
COVID-19, particularly in hospitalized patients, micro-
biome imbalances have been associated with higher mor-
tality rates [23].

Previous studies have identified distinct microbial sig-
natures in the gut and airways of COVID-19 patients
during both hospitalization and recovery [21], suggesting
that microbial markers could serve as noninvasive diag-
nostic tools. Furthermore, microbiome dysbiosis influ-
ences immune and inflammatory response regulation
as well as brain function [24]. However, the relationship
between microbial alterations and somatic or neuro-
psychiatric symptoms in COVID-19 patients, and their
potential as predictive biomarkers, remains poorly
understood.

In this study, we explored associations between somatic
and neuropsychiatric symptoms, inflammatory pro-
files, and gut microbiome alterations in hospitalized

COVID-19 patients. By examining these interactions,
our goal is to gain deeper insights into the mechanisms
underlying COVID-19 pathogenesis and identify poten-
tial therapeutic targets for intervention.

Methods

Study design

This cross-sectional study was based on an exploratory
analysis of baseline data from hospitalized COVID-19
patients who participated in a randomized clinical trial
investigating the effects of a dietary supplement contain-
ing tannins [25]. The study protocol has been detailed in
a prior report [26]. The study was approved by the Eth-
ics Committee of the Hospital de Clinicas José de San
Martin (1046-20) in accordance with the guidelines of the
Argentine Ministry of Health and the hospital’s treatment
protocols. Written informed consent was obtained from
all the patients. The demographics and clinical charac-
teristics of the participants are presented in Table 1, and
the methodology is outlined in Fig. 1. This study was per-
formed between 1 March 2020 and 31 October 2021.

COVID-19 severity classification

Using the COVID-19 severity index, patients were clas-
sified into low, moderate, or critical disease severity [27].
This index incorporates the following multiple variables:
age, gender, comorbidities, dyspnea, chest X-ray abnor-
malities, and the requirement for supplemental oxygen
(Fig. 1). The X-ray was performed at the time of hospital
admission. Here, we considered scores of 0-2 to indicate
low severity, 3—7 as moderate, and 8 or higher as critical
severity of COVID-19, adapted from Huespe et al. [28]
(Supplementary Table 1).

Somatic and neuropsychiatric symptoms

Somatic symptoms were assessed using the Patient
Health Questionnaire-15 (PHQ-15), while the percep-
tion of stress was evaluated with the Perceived Stress
Scale (PSS). Anxiety and depressive symptoms were
measured using the Hospital Anxiety and Depression
Scale (HADS), with all somatic and neuropsychiatric
symptoms being self-reported. Only 77 patients could
complete the instruments, which were influenced by
the severity of the clinical condition and transfer to the
intensive care unit at the time of hospital admission. The
PHQ-15 consists of 15 items that assess the severity of
somatic symptoms over the previous week [29] (Fig. 1).
Each symptom is scored as 0 (“not bothered at all”), 1
(“bothered a little”), or 2 (“bothered a lot”). The PHQ-
15 score ranges from 0 to 30 (0-28 in men), with cutoff
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Table 1 Demographic and clinical characteristics of the patients classified according to the COVID-19 severity index (n=124)

Variables All patients (n=124) COVID-19 Severity
Low Moderate Critical p Value
(n=34) (n=37) (n=53)
Age, years, mean +SD 552+146 423+11.1 5554128 632+116 <0.001*
<60 years,n (%) 78 (62.9) 34(100) 24 (64.9) 20(37.7)
>60 years, n (%) 46 (37.1) 0 13 (35.1) 33(62.3)
Gender, n (%) 0.025°
Male 63 (50.8) 12(35.3) 17 (45.9) 34 (64.2)
Female 61 (49.2) 22 (64.7) 20 (54.1) 19 (35.8)
Body Mass Index (BMI), kg/m? mean+SD 307466 287+47 305462 322475 0.050"
<30 /<g/m2 67 (54.0) 24.(70.6) 20 (54.1) 23 (434)
>30 /<g/m2 57 (46.0) 10 (29.4) 17 (45.9) 30 (56.6)
Co-morbidities, n (%)
Diabetes mellitus 432 0 2 (54) 2(3.8) 0.570%
Heart diseases 5(4.0) 0 0 5(94) 0.044*
Hypertension 38(30.6) 5(14.7) 12 (32.4) 21(39.6) 0.047°
Chronic pulmonary obstructive disease 8 (6.5) 0 127 7(13.2) 0.032*%
Days of hospitalization, median (IQR) 7 (4-9) 7 (4-8) 6 (4-8.5) 7 (4-10.5) 0.455%
Intensive care unit (ICU) 13(10.5) 0 2(54) 11 (20.8) <0.001*
Supplemental oxygen, n (%) 58 (46.8) 0 8(21.6) 50 (94.3) <0.001°
Antibiotics, n (%) 25(20.2) 3(8.38) 9(24.3) 13(24.5) 0.154°
Death during hospitalization, n (%) 8 (6.5) 0 127) 7(13.2) 0.032*%
Number of COVID-19 symptoms 3(2-4) 3(2-4) 3(2-3) 3(2-4) 0.287%

Note Data were presented using absolute values and percentages (%), mean and standard deviation (SD) or median and interquartile range (IQR). SChi square test.

*Fisher's exact test (FET). #One-way ANOVA. ®Kruskal-Wallis test

points at =5 for low, =10 for moderate, and >15 for high
somatic symptom severity [29]. Scores of 15 or higher are
indicative of severe somatic symptoms. The PSS is a self-
report measure that assesses the perception of stress over
the previous month [30]. The version of the PSS used was
the 14-item version, which includes seven positive and
seven negative items that assess feelings of chaos, lack
of control, and overall stress without being tied to spe-
cific events. Each item is rated on a 5-point scale from 0
(“never”) to 4 (“very often”), with higher scores indicating
more significant stress. The categories are rarely or never
(less than 14 points), occasionally (14—28 points), often
(29-42 points), and usually (42-56 points). The HADS
is a self-report rating scale of 14 items designed to mea-
sure self-reported symptoms of depression and anxiety (7
items for each subscale) [31]. Each item is scored from 0
(“absence”) to 3 (“extreme presence”). Each subscale has
a total score ranging from 0 to 21, with scores of 0-7
indicating “normal,” 8-10 “mild,” 11-14 “moderate,” and
15-21 “severe” symptoms. We used validated Spanish
versions of all instruments [32-35], ensuring cultural and
linguistic relevance.

Blood biomarkers

Blood samples were collected by venipuncture within
48 h of hospital admission and placed in vacutainer tubes
with a clot activator. Serum was obtained by centrifuga-
tion at 3,000x g for 15 min at 4 °C. Circulating cytokine

levels were evaluated using the Bio-Plex Pro™ Human
Cytokine Standard 27-Plex Kit (Bio-Rad), following the
manufacturer’s instructions. This assay measures 27 dif-
ferent molecules: IL-2, IL-4, IL-5, IL-6, IL-7, IL-8, IL-9,
IL-10, IL-12, IL-13, IL-15, IL-17, IL-1f, IL-1ra, TNF-a,
IEN-y, 1P-10, MCP-1, MIP-1a, MIP-1B, eotaxin, FGF,
G-CSF, GM-CSF, VEGEF, and PDGF-BB. Serum levels of
the inflammatory mediators were reported as median
fluorescence intensity (MFI). Counts of leukocytes, neu-
trophils, lymphocytes, and platelets were measured. The
neutrophil-to-lymphocyte ratio (NLR) and platelet-to-
lymphocyte ratio (PLR) were subsequently calculated.
Coagulation parameters assessed included prothrom-
bin time, activated partial thromboplastin time (aPTT),
D-dimer, and fibrinogen levels. Inflammatory markers,
specifically C-reactive protein (CRP) and ferritin, were
evaluated to analyze inflammatory status. Additionally,
biochemical analyses were conducted to determine the
concentrations of albumin, creatine kinase (CK), and lac-
tate dehydrogenase (LDH).

Nanopore 16 S rRNA library Preparation and sequencing

Stool samples were collected using pb-eNAT preser-
vation tubes (COPAN?®, Italy), aliquoted, and stored at
- 80 °C until analysis. DNA was extracted from 100 mg
of homogenized fecal samples employing the MagMAX™
Microbiome Ultra Nucleic Acid Isolation Kit, following
the manufacturer’s protocol. Subsequently, 16 S rRNA
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Fig. 1 Overview of data collection and analysis for hospitalized COVID-19 patients. This comprehensive data collection framework aims to provide a
holistic understanding of the COVID-19 symptoms and somatic, neuropsychiatric, and microbiological aspects of COVID-19 in hospitalized patients. (a)
Clinical and Demographic Data. COVID patients (n=124) are categorized into three severity groups based on a scoring index: low (0-2), moderate (3-7),
and critical (> 8). This score is based on age, gender, heart failure, chronic obstructive pulmonary disease (COPD), diabetes mellitus, heart rate, respiratory
rate, systolic blood pressure, temperature, oxygen saturation, including in patients with COPD, D-dimer levels, lymphocyte and platelet counts, dyspnea,
chest X-ray alterations, and the need for supplemental oxygen. (b) Somatic and Neuropsychiatric Assessments: Patient Health Questionnaire-15 (PHQ-15)
is used to assess somatic symptoms, including stomach pain, back pain, pain in arms, legs, and joints, menstrual cramps, headaches, chest pain, dizziness,
fainting spells, heart palpitations, shortness of breath, pain during sexual intercourse, constipation, nausea, indigestion, fatigue, and trouble sleeping.
Additional neuropsychiatric assessments include the Perceived Stress Scale (PSS), Hospital Anxiety and Depression Scale-Anxiety (HADS-A), and Hospital
Anxiety and Depression Scale-Depression (HADS-D). (c) Laboratory Tests. Various serological assays are conducted to analyze hematological, coagulation,
and biochemical parameters, as well as serum inflammatory cytokines. (d) Microbiome Analysis. Stool samples are collected for microbiome analysis. Full-
length 16 S sequencing is performed using Oxford Nanopore Technologies, followed by microbial composition analysis using Emu. Data analysis uses
tools such as phyloseq, ANCOMBC2, and SpiecEasi to understand the microbial landscape and its association with disease severity and patient outcomes

amplicon libraries were prepared using the 16 S Bar- by 35 cycles of 95 °C for 20 s, 55 °C for 30 s, and 65 °C
coding Kit 1-24 (SQK-16S024) from Oxford Nanopore for 2 min, concluding with a final extension at 65 °C for
Technologies (ONT), Oxford, UK. For PCR amplifica- 5 min. The resulting barcoded amplicons were purified
tion and barcoding, 18 ng of extracted DNA was com- using AMPure XP beads (Beckman Coulter, Brea, CA).
bined with LongAmp Hot Start Taq 2X Master Mix (New  After purification, the amplicons were quantified with a
England Biolabs, Ipswich, MA) according to the manu-  Qubit fluorometer (Life Technologies, Carlsbad, CA) and
facturer’s instructions. The thermal cycling protocol con-  pooled in an equimolar ratio to achieve 100 ng in 10 pL.
sisted of an initial denaturation at 95 °C for 20 s, followed = The pooled library was then loaded into an R9.4.1 flow
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cell and sequenced on the MinION platform (Oxford
Nanopore Technologies, Oxford, UK) using MINKNOW
software version 19.12.5 for data acquisition.

Bioinformatic analysis

Full-length 16 S sequences were converted to pod5
format and called using Dorado v0.5.0 with the dna_
19.4.1_e8_sup@v3.6 model. The resulting BAM files
were demultiplexed and converted to fastq files using
the Dorado demux command [36]. Fastq files for each
sample were then concatenated using SeqKit scat v2.7.0,
processed with the Emu taxonomic taxonomic classifica-
tion software v3.4.5, and aggregated into an Operational
Taxonomic Unit (OTU) output Table [37]. The OTU and
taxonomy tables were integrated with metadata to cre-
ate a phyloseq v1.48.0 object [38]. A phylogenetic tree
was created using the Emu taxdump_to_tree.py script
to generate a reference tree based on the Emu database.
Using a custom Python script (https://github.com/vill
apollab/covid_biome) and a mapping file specific to the
dataset leaves that matched within the reference tree
were retained and converted to their corresponding OTU
identifiers in the phyloseq object. The phylogenetic tree
was merged with the phyloseq object using the ape v5.8
read.tree function, enabling phylogenetic calculations
within phyloseq [39]. Subsequent analyses included alpha
diversity, beta diversity, and abundance and correlation
heatmaps, performed using MicroViz v0.12.4 [40]. Net-
work correlations were obtained using SpiecEasi version
1.1.3 [41]. All data analyses following Emu classification
were executed using Python v3.12 and R v4.3.3 [42, 43].

Differential abundance and driver species analysis

To obtain a comprehensive understanding of potential
bacterial driver species within the gut microbial com-
munities of COVID-19 patients of differing severity, we
employed Bakdrive v1.0.4 [44] and ANCOMBC2 v2.6.0
[45]. Bakdrive is a microbial community modeling tool
designed to identify driver bacteria, bacteria that play a
pivotal role in influencing the structure and function of
the microbiome in health or disease. Specifically, by uti-
lizing metabolic models and network analysis, Bakdrive
attempts to pinpoint taxa that may be critical in disease
mechanisms or ecological interactions. ANCOMBC2
(Analysis of Composition of Microbiomes with Bias
Correction 2) is a differential abundance analysis tool
designed to address the compositional nature of micro-
biome data. It corrects for biases, enabling accurate iden-
tification of differentially abundant taxa between sample
groups. A detailed bioinformatic analysis notebook can
be found at https://villapollab.github.io/covid_biome/.
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Statistical analysis

Categorical variables were presented as frequencies and
percentages. To analyze contingency tables for variables
such as gender, mortality, antibiotic use, supplemen-
tal oxygen, and COVID-19 symptoms, the Chi-square
(x*) test or Fisher’s exact test (FET) was employed. The
normality of the distribution of numerical variables was
assessed with a Kolmogorov-Smirnov test. Depending
on their distribution, numerical variables were presented
as median and interquartile range (IQR) or mean and
standard deviation (SD). For comparisons between two
groups, the Independent Samples t-test was used for nor-
mally distributed variables, while the Mann-Whitney U
test was applied for non-normally distributed variables
(e.g., PSS, HADS-A, HADS-D between groups with and
without severe somatic symptoms). One-way ANOVA
was utilized to examine differences in parametric vari-
ables such as age and BMI across COVID-19 severity cat-
egories (low, moderate, and critical), followed by Tukey’s
Honest Significant Difference (HSD) post hoc test. For
non-parametric variables, including days of hospitaliza-
tion, number of COVID-19 symptoms, PHQ-15, PSS,
HADS-A, and HADS-D, the Kruskal-Wallis test was
performed. This was followed by pairwise comparisons
between severity groups with correction for multiple
testing. Linear regression analysis compared cytokine
levels with and without adjustment for age, gender, and
BMI. Associations between clinical outcomes and inflam-
matory mediators or gut microbiota were assessed using
Spearman’s rank correlation coefficients (e.g., correla-
tions between PHQ-15, PSS, HADS-A, and HADS-D).
All statistical analyses were performed using IBM SPSS
Statistics for Windows, version 25 (IBM Corp., Armonk,
NY, USA). A p-value of <0.05 was considered statistically
significant.

Results

Characteristics of the participants

We enrolled 124 COVID-19 patients, 63 males and 61
females. The mean age was 55.2 (+ 14.6) years. The aver-
age length of hospital stay was 7 days (range, 1 to 21
days), and a total of 8 (6.5%) patients died during their
initial hospital stay. According to the COVID-19 Sever-
ity Index, 34 (27.4%) patients were classified as low, 37
(29.8%) as moderate, and 53 (42.8%) as critical COVID-
19. Older patients experienced more severe COVID-
19 symptoms (p<0.001), and the prevalence of men
increased with the severity of the disease (p=0.025). Data
are summarized in Table 1.

COVID-19 symptoms, somatic and neuropsychiatric
assessments, and inflammatory profile

Patients (n=43, 34.7%) experienced at least 3 of the 16
assessed COVID-19 symptoms at baseline. Fever (n=82,
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66.1%) and cough (1=69, 55.6%) were the most com-
mon symptoms. A significant association was found
between COVID-19 severity and the presence of dyspnea
(p<0.001). The distribution of symptoms at the time of
hospital admission, categorized by COVID-19 severity, is
represented in Fig. 2a. Among the 77 patients who com-
pleted the instruments, 21 (27.3%) were classified as hav-
ing severe somatic symptoms as intense and persistent

Low Moderate Critical
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pain, chronic fatigue, headaches, muscle, and joint pain
or sleep disturbances. In terms of neuropsychiatric symp-
toms, 21 (27.3%) exhibited symptoms of anxiety, and 30
(39%) reported depressive symptoms. Regarding per-
ceived stress, 15 patients (19.5%) reported rarely or never
feeling stressed, 36 patients (46.7%) experienced stress
occasionally, and 26 patients (33.8%) reported often or
usually feeling stressed. Scores for PHQ-15 (Fig. 2b),
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(See figure on previous page.)

Fig. 2 COVID-19 symptom prevalence, somatic and neuropsychiatric assessments in hospitalized COVID-19 patients. (a) The prevalence of COVID-19
symptoms during hospitalization is categorized into low, moderate, and critical severity groups. The most common symptoms were fever (66%), cough
(56%), and dyspnea (29%) which was more prevalent in the critical group (p < 0.001). The chi-square or Fisher's exact test was used to analyze contingency
tables. The median and interquartile range of the clinical outcomes results of the patients classified according to the COVID-19 Severity Index (n=77). (b)
Somatic symptoms (PHQ-15, Patient Health Questionnaire-15), (c) perception of stress (PSS, Perceived Stress Scale), (d) anxiety, and (e) depression (HADS-
D, Hospital Anxiety and Depression Scale) scores were the same across the three groups categorized by COVID-19 severity (low, moderate, and critical).
Pairwise comparisons between severity groups followed the Kruskal-Wallis test. Spearman’s Rank Correlation Coefficient showed a positive correlation
between PHQ-15 scores and (f) PSS scores (r,=0.347, p=0.002), (g) HADS-A scores (r,=0.475, p <0.001) and (h) HADS-D scores (r,=0.252, p=0.027). These
results indicate that a higher somatic symptom burden is associated with increased perceived stress, anxiety, and depressive symptoms in hospitalized
COVID-19 patients. The concentrations (pg/ml) of (i) IL-6, (j) IL.-12, and (k) IL-1ra were higher in the critical group compared to the low group. For (1) IFN-y
and (m) IL-10, the critical group showed higher levels than the low and moderate groups. The levels of (n) IP-10 were higher in the critical and moderate
groups compared to the low group. Conversely, the levels of (0) PDGF-BB and (p) RANTES decreased from the low group to the critical group. For (q) IL-2,
the critical group showed lower levels than the low and moderate groups. Pairwise comparisons between the severity groups followed the Kruskal-Wallis
test. The lines and p-values indicate significant differences between these groups. Linear regression was used to compare variables with and without
adjustment for age, gender, and BMI. Age influenced IFN-y serum concentration. Both age and BMI affected the differences in IL-12 and RANTES levels. For
the rest of the cytokines (IL-1ra, IL-2, IL-6, IL-10, IP-10, PDGF-BB), the factor responsible for the differences in concentrations was the severity of COVID-19.
(r) Heatmap illustrating the correlations between various cytokine levels in serum concentration (% coefficient of variation) and somatic and neuropsy-
chiatric symptoms scores in hospitalized COVID-19 patients, with significant correlations marked with asterisks (*p <0.05, **p<0.01, ***p <0.001). Red
shades represent positive correlations, whereas blue shades represent negative correlations. The Kruskal-Wallis test was followed by pairwise comparisons
between severity groups with correction for multiple testing. IL, Interleukin; IL-1ra, Interleukin-1 receptor antagonist; IFN-y, Interferon-gamma; IP-10, Inter-
feron-gamma-inducible protein 10; PDGF-BB, Platelet-Derived Growth Factor BB; RANTES, Regulated on Activation, Normal T Cell Expressed and Secreted

PSS (Fig. 2c), HADS-A (Fig. 2d), and HADS-D (Fig. 2e)
showed no significant differences across COVID-19
Severity Index groups, nor did they vary significantly
with age or BMI (Table 2). Additionally, there were no
significant differences in the prevalence of somatic,
stress, or depressive symptoms between male and female
patients. However, anxiety symptoms were more preva-
lent among women, who also scored higher on the
HADS-A (Table 2). The prevalence of fever was higher
among those with severe (PHQ=>15) somatic symptoms
(x*(1) =4.586; p=0.032). There were significant corre-
lations between PHQ-15 and PSS (Fig. 2f), HADS-A
(Fig. 2g), and HADS-D (Fig. 2h). An association was
found between stress, anxiety, and depressive symptoms
scores. Higher stress levels were correlated with more
extended hospital stays (r,=0.227; p=0.047). The levels
of the inflammatory mediators — interleukin (IL) (IL-6,
IL-12, IL-10), IL-1 receptor antagonist (IL-1ra), inter-
feron-gamma (IFN-y), and interferon-gamma-inducible
protein 10 (IP-10) were higher with increased severity
of SARS-CoV-2 infection (Fig. 2i-n). On the other hand,
platelet-derived growth factor BB (PDGF-BB), regu-
lated on activation, normal T cell expressed and secreted
(RANTES), and interleukin-2 (IL-2) were lower in criti-
cally ill patients (Fig. 20-q). There were no differences
in the other measured inflammatory mediators (Supple-
mentary Fig. 1). The scores obtained in the PHQ-15 were
associated with interleukin-7 (IL-7), interleukin-13 (IL-
13), eotaxin, and PDGF-BB levels. PSS and IL-13 were
correlated. Anxiety scores were correlated with IL-12.
The scores obtained in the HADS-D were associated
with IL-1ra and IL-2. The heatmap displays the statisti-
cally significant correlations (Fig. 2r). Additionally, the
number of neutrophils in circulation increased in mod-
erate and critical patients compared to those with low

COVID-19 severity, whereas circulating lymphocytes
decreased. An increase in the NLR and PLR accompanied
these changes. CRP, D-dimer, fibrinogen, ferritin, and
LDH were elevated with COVID-19 severity. Albumin
concentration decreased in moderately severe and criti-
cally ill patients (Supplementary Fig. 2).

Impact of COVID-19 severity on gut Microbiome
composition: associations with BMI, gender, and age

The analysis of alpha diversity (Shannon index) revealed
a significant reduction in gut microbiota diversity in
critically ill COVID-19 patients compared to those with
low disease severity (p<0.05) (Fig. 3a). Regarding spe-
cies richness (Chaol index), critically ill patients showed
significantly lower richness compared to those with
low (p<0.01) and moderate (p<0.05) disease severity
(Fig. 3b). Beta diversity analyses (MDS plots) demon-
strated that BMI significantly correlated the gut micro-
biota composition in patients classified as having low
COVID-19 severity (Fig. 3c-e), with a distinct separa-
tion between patients with BMI>30 and those with BMI
under 30. Gender-based analysis (Fig. 3f-h) significantly
correlated microbiota composition only in critically ill
patients (Fig. 3h). Similarly, age was significantly asso-
ciated with microbiota composition in the critically ill
group, with patients>60 years showing distinct micro-
bial profiles compared to those under 60 years (Fig. 3k).
Bar plots of microbial relative abundance at the family
(Fig. 31) and genus levels (Fig. 3m) demonstrated con-
siderable shifts in microbial composition across severity
groups.
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Table 2 Somatic and neuropsychiatric symptoms of the participants (n=77)

Variables PHQ-15 PSS HADS-A HADS-D
Median (IQR) p Value Median (IQR) p Value Median (IQR) p Value Median (IQR) p Value
Gender
Female 10 (7-14.5) 0.393 23(14-31.5) 0332 6(3.5-13) 0014 7 (3-10.25) 0.216
Male 8(6.25-15) 19 (15-27.5) 4 (2-6.75) 5(1.25-9.75)
Age
<60 years 9.5 (5.75-15) 0.369 20.5 (14-28.25) 0.398 5(3-8) 0.487 6(3-10) 0.751
>60 years 8(8-16) 22 (16-31) 6(3-14) 5(2-12)
BMI
<30 kg/m? 8(5-14) 0.222 22 (14-28) 0919 0.536 6 (3-10) 0.707
>30 l<g/m2 10 (7.75-16) 19.5(16-29.25) (3-9) 55(2-10)
COVID-19 severity
Low 9.5 (5-14.25) 0.864 27 (14.5-31.25) 0.172 5(3-8.25) 0496 7(3-10) 0431
Moderate 9.5 (7-13.75) 18.5(14-26.75) 55(3-13) 6(2.5-10.5)
Critical 8(7-16) 19 (15-26) 52-7) 4(1-8)

Note Comparison of scores on instruments assessing somatic symptoms, stress, anxiety, and depressive symptoms according to gender, age, BMI, and COVID-19
severity. Abbreviations: BMI, Body Mass Index; HADS-A, Hospital Anxiety and Depression Scale-Anxiety; HADS-D, Hospital Anxiety and Depression Scale-Depression; IQR,
interquartile range; PHQ-15, Patient Health Questionnaire-15; PSS, Perception of stress. Mann-Whitney U test or Kruskal-Wallis test was followed by pairwise comparisons

between groups

Differential gut microbial signatures across COVID-19
severity

Analysis of the Composition of Microbiomes with Bias
Correction 2 (ANCOMBC?2) can uncover biomarkers or
therapeutic targets by providing a list of bacteria with
significant changes in abundances. The heatmap (Fig. 4a)
shows the centered log-ratio abundance of gut microbial
species across patients with low, moderate, and critical
COVID-19 severity. A clear shift in microbial composi-
tion was observed as disease severity increased, with
certain species becoming more abundant in critically
ill patients while others decreased. The graphs within
Fig. 4b and c show log fold changes of specific bacte-
rial species between low to moderate and low to critical
severity groups, respectively. Notably, species such as
Streptococcus periodonticum and Clostridium perfringens
were significantly enriched in patients with lower disease
severity (q<0.001 and q<0.01) (Fig. 4b and c). In com-
parison, Klebsiella pneumonia and Prevotella loescheii
were highly abundant in critically ill patients (q<0.001
and q<0.01) (Fig. 4c).

Association of gut microbiota with somatic symptoms,
stress, anxiety, and depressive symptoms in COVID-19
patients

Principal Coordinates Analysis (PCoA) was performed
to investigate associations between somatic and neuro-
psychiatric symptoms and gut microbiome composition
in patients with COVID-19 (Fig. 5a-1). A statistically sig-
nificant association was found between somatization,
as measured by the PHQ-15, and microbiome com-
position within the moderate severity group (p=0.04,
R*=0.029; Fig. 5b). This finding suggests that individuals
with higher somatic symptom scores may exhibit distinct

microbial profiles compared to those with lower scores.
Similarly, perceived stress showed a non-significant trend
with the microbiome in the moderate group (p=0.05,
R?=0.084; Fig. 5e), indicating that experiencing stress
regularly could influence microbial community compo-
sition. The relatively higher R* value for PSS suggested
that perceived stress explained a notable portion of the
observed variance in microbial composition compared
to other mental health factors. In contrast, scores from
the HADS-A and HADS-D tests did not display signifi-
cant associations with microbiome composition across
all severity groups (p >0.05; Fig. 5g—1). These results sug-
gest that, in this sample, general measures of anxiety and
depressive symptoms may not significantly contribute to
variations in gut microbial structure. A secondary dif-
ferential abundance analysis revealed microbial shifts
correlated with scores on the PHQ-15, PSS, HADS-A,
and HADS-D assessments. Patients with higher PHQ-15
scores showed a significant increase in the abundance of
species such as Enterococcus citroniae (q<0.001), Phas-
colarctobacterium succinatutens and Acidaminococcus
intestine (q<0.01), and Enterococcus faecalis (q<0.05),
while known beneficial bacteria like Lactobacillus rugo-
sae were significantly depleted (q<0.05) (Fig. 6a). Higher
PSS scores were associated with an overrepresentation
of Enterocloster asparagiformis (q<0.001), and Blau-
tia stercoris (q<0.05). At the same time, species Blautia
hansenii, Salmonella enterica, and Prevotella stercorea
(q<0.05) were significantly decreased (Fig. 6b). HADS-A
scores were linked to an increase in Dialister succinatiph-
ilus (q< 0.05) and Streptococcus sp. A12 (q< 0.01), among
others, showed a notable reduction in species such as
Lactobacillus salivarius (q<0.001) and Bacteroides cac-
cae (q<0.01) (Fig. 6¢). Higher HADS-D were correlated
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Fig. 4 Heatmap and differential abundance of specific gut microbiota taxa in hospitalized COVID-19 patients across different severity groups. (a) Heat-
map of the centered-log transformed abundance of significantly altered taxa showing intra-group variation among patients with the same COVID-19 se-
verity, highlighting distinct microbial profiles associated with each group. The color intensity represents the transformed abundance, with darker shades
of red indicating higher abundance. (b) Comparison between low and moderate-severity groups reveals significant increases in taxa such as Desulfonis-
pora thiosulfatigenes and Streptococcus vestibularis in moderate group. It decreases in taxa such as Streptococcus periodonticum, Phocaeicola plebius, and
Clostridium perfringens in moderate group. (c) Comparison between low and critical severity groups shows significant increases in taxa such as Klebsiella
pneumoniae, Prevotella loeschii, and Breznakia pachnodae with corresponding decreases in Ruminiclostridium cellulolyticum, Streptococcus periodonticum,
and Suterella wadsworthensis in critical group; identified using ANCOMBC2. The analysis revealed differentially abundant species with statistical signifi-
cance levels indicated as *q < 0.05, **q < 0.01, and ***q <0.001
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Fig. 5 Ordination analyses of gut microbiota composition, somatic and neuropsychiatric symptoms across COVID-19 severity levels. (@-c) Aitchison prin-
cipal coordinate analysis (PCoA) plots explore the relationships between COVID-19 severity, gut microbiota composition, somatic symptoms (PHQ-15)
(d-f), and neuropsychiatric symptoms, including stress (PSS) (a-), anxiety (HADS-A) (g-i), depressive symptoms (HADS-D) (j-I). The distributions indicate
varying degrees of correlation between gut microbiota diversity and mental health indicators, with Permanova (> F) and R? values specified for each plot

with elevated levels of Butyricimonas virosa (q<0.05),
and Eubacterium xylanophilum (q<0.01). In contrast,
species Bacteroides caccae (q<0.01) and Ruminiclos-
tridium cellulolyticum (q < 0.05) were significantly dimin-
ished (Fig. 6d).

Distinct gut microbial correlations with somatic symptoms,
stress, anxiety, and depressive symptoms in COVID-19
patients

The heatmap presents the Spearman correlation coeffi-
cients of CLR-transformed abundances between various
bacterial species and four assessments: PHQ-15, PSS,
HADS-A, and HADS-D (Fig. 7). Several microbial spe-
cies showed significant correlations with these symptoms,
with only associations where p<0.05 displayed numeri-
cally to highlight statistically significant relationships.
For instance, Christensenella minuta (p<0.01), Anaero-
massilibacillus senegalensis, Lachnospiraceae bacterium
GAM?79, and Christensenella massiliensis (p <0.05) were

negatively associated with somatic symptoms (PHQ-15),
showing a significant reduction. Conversely, Mitsuokella
jalaludinii, Prevotella copri, and Phocaeicola plebeius
were positively associated with increased PHQ-15 scores
(p<0.05). Notably, Mitsuokella jalaludinii showed signif-
icant positive correlations with all assessments (p <0.05)),
indicating a potential association between its increased
abundance and higher symptom burden. Additionally,
Phocaeicola vulgatus correlates with PSS and HADS-D
(p<0.05). Bacteroides stercoris correlates with HADS-D
(p<0.05).

Multivariate analysis and network visualization of gut
microbial associations with somatic and neuropsychiatric
symptoms in COVID-19 patients

To further explore the relationship among somatic and
neuropsychiatric symptoms, COVID-19 severity, and gut
microbiome composition, a redundancy analysis (RDA)
was conducted. This analysis visualized the distribution
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Fig. 6 Differential abundance analysis between gut microbiota, somatic and neuropsychiatric symptoms in hospitalized COVID-19 patients. Log fold
changes in abundance of various bacterial taxa associated with four different assessments: (@) PHQ-15 (somatic symptoms), (b) PSS (perceived stress),
(c) HADS-A (anxiety), and (d) HADS-D (depressive symptoms). The analysis used ANCOMBC2 to identify differentially abundant microbes between high-
and low-test scores. Bars represent log fold changes in microbial abundance, with red bars indicating an increase and blue bars indicating a decrease
in abundance associated with higher test scores. Error bars represent standard errors calculated using ANCOMBC2. Asterisks (*q<0.05, **q<0.01, and
*¥*q<0.001) denote statistical significance levels, with more asterisks indicating higher significance. Only the top differentially abundant taxa are shown
for each scale (LFC =1)
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Fig. 7 Heatmap of correlations between gut microbiota species, somatic and neuropsychiatric symptoms. Heatmap illustrating the Spearman’s cor-
relation coefficients between the centered log-ratio (CLR) transformed abundances of gut microbial species and scores from four assessments: PHQ-15
(somatic symptoms), PSS (perceived stress), HADS-A (anxiety), and HADS-D (depression). The color scale represents the strength and direction of cor-
relations, with red indicating positive correlations and blue indicating negative correlations. The intensity of the color corresponds to the magnitude of
the correlation, as shown in the legend on the right (ranging from —0.25 to 0.25). P-values are less than 0.05 displayed on corresponding cells, indicating
statistical significance. Blank cells represent correlations that did not meet the significance threshold. Bacterial species are listed on the y-axis, while the
mental health scales are shown on the x-axis. This visualization allows for identifying specific microbial species that may have consistent or unique asso-
ciations with different aspects of mental health as measured by these indicators. Notable correlations include positive associations between Mitsuokella
Jalaludinii and all measurements, and negative associations between several species (e.g., Christensenella massiliensis, Lachnospiraceae bacterium GAM79)

and PHQ-15 scores

of microbial species with COVID-19 severity (low,
moderate, critical) and all assessments (PHQ-15, PSS,
HADS-A, HADS-D). The RDA plot (Fig. 8a) shows the
relationship between gut microbial species and PHQ-
15, PSS, HADS-A, and HADS-D scores across different
COVID-19 severity groups. The RDA axes account for
4.9% and 1.4% of the variation, respectively. Notably, the
species Mitsuokella jalaludinii was positioned within
the mental health indicator constraints of the plot, sug-
gesting potential associations with specific assessed
symptoms or COVID-19 severity outcomes. Distinct
relationships were observed, with species such as Phocae-
icola vulgatus, Bacteroides stercoris, and Prevotella copri

being positively associated with elevated somatic scores,
particularly in patients with critical disease.

Conversely, species Christensenella minuta, Anaero-
massilibacillus senegalensis, and Lachnospiraceae bac-
terium GAM?79 negatively correlated with somatic
symptoms, suggesting a potential protective effect. To
investigate which microbial taxa might drive the sever-
ity of COVID-19 in gut microbiomes, we used Bakdrive
[44]. Bakdrive is a microbial community modeling tool
designed to identify driver bacteria that play a pivotal
role in influencing the structure and function of the
microbiome in health or disease. Specifically, by utiliz-
ing metabolic models and network analysis, Bakdrive
aims to pinpoint taxa that play crucial roles in disease
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Fig. 8 Associations between gut microbiota, somatic and neuropsychiatric symptoms in hospitalized COVID-19 patients. (a) Redundancy Analysis (RDA)
plot showing the association between gut microbiome composition, somatic and neuropsychiatric symptoms, and COVID-19 severity. The x-axis rep-
resents RDA1 (4.9% of variation), and the y-axis represents RDA2 (1.4%). Each point represents an individual patient, color-coded by COVID-19 severity.
Green arrows indicate the direction and strength of association with PHQ-15, PSS, HADS-A, and HADS-D. Labeled bacterial species show their associa-
tions with these factors. Density plots on the top and right margins show the distribution of samples along each axis. (b) Venn diagram of the resulting
driver taxa from each COVID-19 severity group, low, moderate and critical, using the BakDrive interaction analysis followed by the BakDrive driver analysis.
Genera that are bolded correspond to taxa that are above the total relative abundance threshold of 5%. (c) SpiecEasi, sparse and low-rank decomposi-
tion network analysis of gut microbiome species, illustrates the co-occurrence patterns of gut bacterial species associated with mental health indicators.
Nodes represent bacterial species with a p<0.05 with any mental health index, while edges represent significant correlations between species. Node
colors represent Spearman’s correlation between the microbe and the scores of the assessments. Together, these visualizations provide insights into the
complex relationships between gut microbiome composition, mental health status, and COVID-19 severity, suggesting potential microbial signatures

associated with different symptoms in the context of COVID-19 infection

mechanisms or ecological interactions. Using this tool,
we can highlight the bacterial species that were likely
driving interactions within gut microbiomes across low,
moderate, and critical severity groups. Specific taxa
exhibited varying prevalence across different levels of
COVID-19 severity (Supplementary Table 3). For exam-
ple, Granulicatella was predominantly present in criti-
cally ill patients, while Succinivibrio was more common
among those with moderate disease severity. Some driver
taxa were shared between severity groups. Notably, Fae-
calibacterium was present across all severity levels, and
Enterococcus appeared only in patients with low and
moderate severity. These findings reflect distinct varia-
tions in driver taxa composition associated with disease
severity scores (Fig. 8b).

The network diagram generated using SpiecEasi (Sparse
InversE Covariance estimation for Ecological Association

Inference) illustrated the associations between spe-
cific microbial species and various symptoms assessed,
highlighting Spearman correlations with p-values<0.05
related to mental health indicators (Fig. 8c). This net-
work highlights the intricate interactions among bacterial
species, with nodes color-coded to reflect their associa-
tions with PHQ-15, PSS, HADS-A, and HADS-D scores.
The structure reveals positive and negative associations
between species, computed using the sparse and low-
rank decomposition method. This approach minimizes
the impact of latent variables, allowing for a more pre-
cise representation of the complex balance within the gut
microbiome with mental health and COVID-19 sever-
ity. Microbial species such as Mitsuokella jalaludinii and
Phocaeicola vulgatus strongly correlated with PSS and
HADS-D. Conversely, species Christensenella minuta,
Anaeromassilibacillus senegalensis, and Lachnospiraceae
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bacterium GAM?79 were inversely associated with PHQ-
15. Key species Ruminococcus lactaris, Megasphaera
indica, and Bacteroides stercoris occupy central positions
within the network, indicating their potential significance
in the gut-brain axis and their possible role in influencing
mental health status.

Discussion

This proof-of-concept study highlights associations
among self-reported somatic and neuropsychiatric symp-
toms, inflammatory responses, and gut microbiome
dysbiosis in hospitalized COVID-19 patients. Our find-
ings provide novel insights into the intricate interactions
between COVID-19 severity and specific microbial spe-
cies, demonstrating that different microbes are associated
with varying levels of disease severity and self-reported
neuropsychiatric symptoms. To improve risk assessment
and disease management, it is crucial to identify robust
clinical parameters for stratifying patient risk and classi-
fying COVID-19 severity [46].

The majority of patients in our cohort exhibited at
least three COVID-19 symptoms, with dyspnea show-
ing a significant correlation with increased disease sever-
ity. Consistent with previous research, older age, and
male gender were linked to more severe manifestations
of acute COVID-19, reaffirming these as significant risk
factors for severe outcomes [4, 5]. For the assessment of
neuropsychiatric symptoms, we utilized validated self-
report instruments, including HADS-A/D for anxiety
and depression, PSS for stress, and PHQ-15 for somatic
symptoms [48—50]. The psychometric properties of
HADS have been well established, with high internal
consistency reliability and a strong correlation between
HADS-A and HADS-D [50]. For stress assessment, PSS
has been extensively applied in COVID-19 research
[10, 52—54]. While PROMs (Patient-Reported Outcome
Measures) have inherent limitations, including their sub-
jective nature and susceptibility to emotional state influ-
ences, they remain widely used in hospital settings and
provide valuable clinical [11, 12, 55-59]. Notably, self-
reported stress, anxiety, and depressive symptoms were
prevalent across all severity levels, mirroring other stud-
ies that document a high burden of mental health com-
plications in hospitalized COVID-19 patients [10, 11,
59, 60]. In addition, sex-based differences emerged, with
women reporting higher anxiety levels, as reflected in
elevated HADS-A scores, compared to men. These find-
ings align with previous literature identifying women as a
high-risk group for anxiety [60] and perceived stress [59]
during COVID-19.

Recovery from SARS-CoV-2 infection has been linked
to greater psychosocial resilience [60], whereas individu-
als experiencing higher mental distress during the acute
phase are more vulnerable to Long COVID symptoms
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[61]. Our findings corroborate previous studies report-
ing anxiety (27.3%) and depression (39%) in hospitalized
COVID-19 patients, with both conditions correlating
with longer hospital stays and elevated inflammatory
markers (D-dimer, IL-6, IL-10) [56]. Even higher rates
of depression (55%) have been attributed to hospitaliza-
tion social isolation, and uncertainty surrounding recov-
ery [55]. In our cohort, 80.5% of patients reported stress,
aligning with other fundings where 97.1% of patients
experiencing stress, with 73.6% at high levels [10]. PHQ-
15 has also been instrumental in screening for post-
COVID symptoms and identifying correlations between
somatic complaints, anxiety, and depression [62, 63].
While psychiatric evaluation remains the gold standard,
HADS, PSS, and PHQ-15 offer valuable insights into the
psychological and somatic impact of COVID-19, particu-
larly amid overwhelmed healthcare systems. However,
it remains to be determined whether clinical psychiatric
diagnoses in the DSM (Diagnostic and Statistical Manual
of Mental Disorders) and the ICD (International Classifi-
cation of Diseases) would show similar associations.

Our results reinforce previous findings regarding
immune dysregulation and systemic inflammation in
acute COVID-19. Consistent with reports in critically
ill patients, we observed lymphopenia, neutrophilia,
and elevated levels of CRP, D-dimer, and ferritin, along
with a high prevalence of hypertension and cardiovas-
cular comorbidities [64]. The heightened inflammatory
response in severe cases is characterized by excessive
cytokine release (“cytokine storm”) [65], with the pro-
inflammatory cytokine IL-6 playing a pivotal role in
mediating this response [67-69]. We identified elevated
levels of IL-6 associated with increased production of
acute-phase proteins and other inflammatory cytokines
[67-69]. A recent study found that patients with acute
COVID-19 who later developed Long COVID had higher
IL-6 levels during the acute phase indicating than those
who fully recovered, demonstrating that carrying the
IL-6R AA genotype had a higher risk of developing Long
COVID [69]. In line with other findings [67], IL-1ra,
IL-10, and IEN-y were significantly elevated in patients
with severe COVID-19. Furthermore, increased IL-10
and IL-1ra may reflect a compensatory anti-inflamma-
tory response to elevated proinflammatory cytokines, in
an attempt to mitigate the deleterious effects of the cyto-
kine storm [70]. However, this response appears ineffec-
tive, as elevated IL-10 levels can also be associated with
poor clinical outcomes and lower survival rates [70, 71].
Furthermore, we observed decreased levels of IL-2 in
critically ill patients, which may represent a response
aimed at preventing viral spread during the early phase of
the disease [72].

The gut-brain axis is a bidirectional communica-
tion network, integrating biochemical signals, immune
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responses, and epigenetic mechanisms [73, 74]. Fur-
thermore, the gut microbiome has been suggested to
be a key modulator of psychological health during and
after COVID-19 infection [75, 76]. Alterations in the gut
microbiome can influence gene expression [77] and neu-
rotransmitter regulation, affecting emotion and behavior
[78]. Interestingly, we observed that specific microbial
species were associated with somatic symptoms, per-
ceived stress, anxiety, and depressive symptoms, offer-
ing potential insights into the complex relationships
that could exist between microbial dynamics and mental
health indicators during COVID-19. The gut microbi-
ome can influence neuropsychiatric symptoms through
microbial metabolites like Short-Chain Fatty Acids
(SCFA), which regulate immune cells and neurotransmit-
ter production [79]. Imbalances in gut microbes can lead
to increased inflammation and disrupted communication
along the gut-brain axis [80], factors that could contribute
to conditions like anxiety, depressive symptoms, and cog-
nitive decline [75, 79]. Depressive disorder is commonly
associated with increased pro-inflammatory bacteria
and depletion of anti-inflammatory, butyrate-producing
genera [81]. Interestingly, similar microbial alterations
have been observed in bipolar disorder, schizophrenia,
and anxiety, suggesting a transdiagnostic pattern of gut
microbiota changes [82]. Beyond psychiatric diagnoses,
psychotropic medications and dietary habits can also
influence microbiota composition [81]. Treatment with
antidepressants, antipsychotics, and mood stabilizers has
been linked to gut microbiome alterations, which may, in
turn, affect medication efficacy and tolerability [83]. Fur-
ther underscoring this bidirectional relationship, recent
findings indicate that probiotics may serve as an effec-
tive adjunct or standalone therapy for major depressive
disorder (MDD) [84]. However, while these strategies
have shown potential benefits, their efficacy in treating
depression and anxiety remains inconsistent and contro-
versial [85, 86]. Given the complex interplay between gut
microbiota and psychiatric disorders, further research is
necessary to identify specific biomarkers and molecular
mechanisms, which could ultimately lead to the develop-
ment of more effective targeted therapies for neuropsy-
chiatric symptoms during COVID-19 [87, 88].

In this study, alpha diversity and species richness were
significantly reduced in critically ill patients, reinforc-
ing previous findings [89], aligning with heightened
inflammatory responses [76]. Consistent with this, beta
diversity analyses revealed distinct microbial profiles
influenced by factors such as BMI, gender, and age, high-
lighting the impact of these demographic factors on
the gut microbiome during COVID-19 [90]. Severely ill
patients exhibited a decline in beneficial bacterial taxa,
including Christensenella minuta and Lachnospiraceae.
Another study found that severely COVID-19 patients
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had significantly lower bacterial diversity and reduced
abundances of beneficial bacteria, such as Bifidobacte-
rium, Faecalibacterium, and Roseburium, while show-
ing an increase in Bacteroides compared to controls [91].
In line with our findings, Granulicatella was exclusively
predominant in critically ill patients [92].

We observed an increase in opportunistic pathogens,
like Klebsiella pneumoniae and Parabacteroides dis-
tasonis, associated with intensify inflammation, raise
infection risks, and potentially worsen a patient’s over-
all health [93]. Klebsiella pneumoniae was commonly
associated with critically ill patients and linked to severe
conditions like pneumonia and sepsis [93]. Certain
pathogens, for example, Clostridium innocuum has been
suggested to play a role in neuropsychiatric symptoms
[94]. Many gut microbiome taxa associated with known
comorbidities, such as Veillonella dispar, Veillonella
parvula, and Streptococcus gordonii, are typically found
within the oral cavity. Their presence in the gut aligns
with several other studies showing a link between dis-
ease severity and oral taxa within the gut microbiome
[95]. Bacterial genera such as Eubacterium, Agathobacter,
Subdoligranulum, Ruminococcus, and Veillonella show
notable shifts in abundance. Differential abundance anal-
yses showed that several microbial species were signifi-
cantly associated with psychological measures, including
somatic symptoms, perceived stress, anxiety, and depres-
sive symptoms. The clustering of species like Phocaeicola
vulgatus, Bacteroides stercoris, Ruminococcus lactaris,
Megasphaera indica, and Mitsuokella jalaludinii around
elevated somatic or neuropsychiatric scores suggests
that these microbes may play a vital role in the gut-brain
axis during COVID-19. Mitsuokella jalaludinii was posi-
tively correlated with all assessments, suggesting its role
in worsening mental health [96]. In contrast, species like
Christensenella minuta and Anaeromassilibacillus sen-
egalensis were negatively associated with PHQ-15.

As with many microbiome studies, these findings
should be interpreted with caution, as associations do
not imply causation in the absence of direct evidence.
Consequently, this study has several limitations that must
be considered. First, its cross-sectional design prevents
establishing causality between gut microbiome altera-
tions and neuropsychiatric symptoms. While our findings
suggest a potential link, longitudinal or interventional
studies are needed to confirm causative relationships.
Future research using experimental models that allow
direct manipulation of gut microbiota could provide
more substantial evidence of causality [97]. Second, the
interpretation of neuropsychiatric symptoms is limited
by the use of self-reported scales rather than formal psy-
chiatric assessments. The absence of structured clinical
evaluations increases the risk of response bias and may
not fully capture psychiatric conditions. Additionally,



Scalzo et al. Journal of Translational Medicine (2025) 23:327

potential confounding factors, such as pre-existing men-
tal health conditions and medication use, were not con-
trolled for, which could influence symptom severity and
microbiome composition. The sample size, while infor-
mative, may not be sufficient to generalize findings to all
hospitalized COVID-19 patients, warranting larger-scale
studies. Longitudinal studies with larger cohorts and rig-
orous methodologies will be essential to validate these
findings and elucidate the underlying mechanisms [98].

Conclusions

Our study supports the hypothesis that immune
responses and the gut microbiome may contribute to
regulating somatic and neuropsychiatric symptoms dur-
ing acute COVID-19. The relationship between the gut-
brain axis, gut microbiota, and psychiatric disorders,
such as depression and anxiety, remains an area of active
research and debate within the psychiatric community
[75, 87, 99]. While recent studies suggest that gut micro-
biota alterations may influence brain function and con-
tribute to depressive and anxiety symptoms [100, 101],
the underlying mechanisms are not yet fully understood.
Randomized controlled trials are necessary to assess the
effectiveness of microbiome-targeted therapies, such as
probiotics and dietary interventions. Mechanistic stud-
ies should investigate how microbiome changes influ-
ence systemic inflammation during COVID-19 and how
these interactions may predict the onset and progression
of neuropsychiatric symptoms. This research may help
guide the development of clinical guidelines and patient
monitoring strategies for incorporating microbiome-
based interventions. Further investigation is essential
to determine whether interventions targeting the gut
microbiota could mitigate neurological symptoms dur-
ing the acute COVID-19 and influence the progression or
prevention of Long COVID symptoms [102].
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