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Human microbiota dysbiosis s

after SARS-CoV-2 infection have the potential
to predict disease prognosis
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Abstract

Background The studies on SARS-CoV-2 and human microbiota have yielded inconsistent results regarding micro-
biota a-diversity and key microbiota. To address these issues and explore the predictive ability of human microbiota
for the prognosis of SARS-CoV-2 infection, we conducted a reanalysis of existing studies.

Methods We reviewed the existing studies on SARS-CoV-2 and human microbiota in the Pubmed and Bioproject
databases (from inception through October 29, 2021) and extracted the available raw 16S rRNA sequencing data

of human microbiota. Firstly, we used meta-analysis and bioinformatics methods to reanalyze the raw data and evalu-
ate the impact of SARS-CoV-2 on human microbial a-diversity. Secondly, machine learning (ML) was employed

to assess the ability of microbiota to predict the prognosis of SARS-CoV-2 infection. Finally, we aimed to identify

the key microbiota associated with SARS-CoV-2 infection.

Results A total of 20 studies related to SARS-CoV-2 and human microbiota were included, involving gut (n=9),
respiratory (n=11), oral (n=3), and skin (n=1) microbiota. Meta-analysis showed that in gut studies, when limiting
factors were studies ruled out the effect of antibiotics, cross-sectional and case—control studies, Chinese studies,
American studies, and lllumina MiSeq sequencing studies, SARS-CoV-2 infection was associated with down-regulation
of microbiota a-diversity (P<0.05). In respiratory studies, SARS-CoV-2 infection was associated with down-regulation
of a-diversity when the limiting factor was V4 sequencing region (P <0.05). Additionally, the a-diversity of skin micro-
biota was down-regulated at multiple time points following SARS-CoV-2 infection (P < 0.05). However, no significant
difference in oral microbiota a-diversity was observed after SARS-CoV-2 infection. ML models based on baseline
respiratory (oropharynx) microbiota profiles exhibited the ability to predict outcomes (survival and death, Random
Forest, AUC=0.847, Sensitivity =0.833, Specificity=0.750) after SARS-CoV-2 infection. The shared differential Prevotella
and Streptococcus in the gut, respiratory tract, and oral cavity was associated with the severity and recovery of SARS-
CoV-2 infection.
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Conclusions SARS-CoV-2 infection was related to the down-regulation of a-diversity in the human gut and res-
piratory microbiota. The respiratory microbiota had the potential to predict the prognosis of individuals infected
with SARS-CoV-2. Prevotella and Streptococcus might be key microbiota in SARS-CoV-2 infection.
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Background

SARS-CoV-2 infection can manifest as asymptomatic,
mild symptoms, acute respiratory symptoms, and even
respiratory failure [1]. Elderly individuals and those with
weakened immune function are prone to experienc-
ing severe complications from SARS-CoV-2 [2]. Studies
have suggested that auxiliary proteins encoded by SARS-
CoV-2, such as ORF9c and ORF10, may play a crucial role
in virus replication and immune evasion, contributing to
the pathogenic mechanism of SARS-CoV-2 [3]. Addition-
ally, research indicates that respiratory microbiota could
influence the progression of COVID-19 by promoting
local mucosal inflammation, modifying pathogen-associ-
ated molecular patterns, and depleting beneficial bacte-
ria [4—6]. These findings suggest that human microbiota
might have an important role in SARS-CoV-2 infection.

So far, there have been many studies exploring the rela-
tionships between SARS-CoV-2 infection and human
microbiota. However, whether SARS-CoV-2 infection
affects human microbiota is still controversial, espe-
cially regarding the a-diversity index used to evaluate the
integrity of the microbiota. One study showed a signifi-
cant up-regulation of the a-diversity of the gut microbi-
ota in SARS-CoV-2 infected individuals [7]. Conversely,
several other studies suggested a significant down-reg-
ulation of the a-diversity of the gut microbiota follow-
ing SARS-CoV-2 infection [8-12], while some studies
found no change in the a-diversity of the gut microbiota
after infection [13, 14]. Similar inconsistencies can be
observed in studies on SARS-CoV-2 infection and res-
piratory microbiota [15-17]. The alteration of human
microbiota caused by SARS-CoV-2 infection has been
utilized for diagnosing the severity of the disease [18], but
there are limited research reports on whether it can pre-
dict disease prognosis. Studies have shown that human
microbiota plays an important role in immune regulation
following SARS-CoV-2 infection and can serve as bio-
markers of the infection [19]. Different studies have iden-
tified different key human microbiota associated with
SARS-CoV-2 [9, 20, 21]. Therefore, further investigation
is necessary to determine the key human microbiota
associated with SARS-CoV-2.

To address the aforementioned issues, we reviewed the
existing studies on SARS-CoV-2 and human microbiota
in the Pubmed and Bioproject databases and extracted
the available raw 16S rRNA sequencing data of human

microbiota. Firstly, we utilized meta-analysis and bioin-
formatics methods to assess the impact of SARS-CoV-2
on the a-diversity of human microbiota. Secondly, ML
was employed to evaluate the ability of the microbiota to
predict the prognosis of SARS-CoV-2 infection. Finally,
we aimed to identify the key microbiota associated with
SARS-CoV-2 infection.

Methods

Data sources and search strategy

PubMed and BioProject were searched using keywords,
medical subject headings (MeSH) terms, and synonyms
for SARS-CoV-2 and human microbiota from inception
to Oct 29, 2021. Two independent reviewers evaluated
each study, and an independent reviewer reviewed all
studies. The exclusion criteria for studies were as follows:
1. Non-microbiota studies; 2. Non-SARS-CoV-2 stud-
ies; 3. No population studies; 4. Reviews, Commentar-
ies, etc.; 5. Non-16S rRNA gene sequence studies; 6. Raw
sequences not open access; 7. The raw data of the studies
cannot distinguish between cases and controls; 8. Studies
without negative control samples.

Processing of raw data and calculation of a-diversity

Raw 16S rRNA sequencing sequences download and con-
version using the sratoolkit tool developed by NCBI. The
Fastp software for quality control of the original sequenc-
ing data and then imported the sequences into QIIME 2
(version 2021.11) [22]. Quality filtering of raw sequences
using the g2-demux plugin, followed by DADA2 [23]
(via q2-dada2) for denoising and generation of ampli-
con sequence variants (ASV) table. All ASV were aligned
with Maftt [24] (q2-alignment) and used to construct a
phylogenetic tree with fasttree2 [25] (q2-phylogeny).
Species annotation of ASV was performed with silva-138
99% OTU reference sequences pre-trained with classify-
sklearn Naive Bayes classifier [26] and q2-feature-classi-
fier plugin [27].

The generated ASV table, phylogenetic tree, and spe-
cies annotation files were imported into R 4.2.2., and
the vegan package was used to normalize the sample
sequence according to the minimum sample sequence
number so that each sample could be compared under
the same sequence number. Microbial a-diversity indexes
[Observed, Chaol, ACE, Fisher, Shannon, Simpson, Invs-
impson, and Phylogenetic diversity (PD) indexes] were
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calculated by the R microeco (https://chiliubio.github.io/
microeco_tutorial/), https://chiliubio.github.io/microeco_
tutorial/https://chiliubio.github.io/microeco_tutorial/
[28] package. According to the above steps, all available
studies were processed respectively, and then quantitative
consolidation of meta-analysis was performed.

Meta-analysis

Quantitative synthetic analysis of a-diversity indices
from different sources using Review Manager 5.3 soft-
ware (Copenhagen: The Nordic Cochrane Centre, The
Cochrane Collaboration, 2014.). For continuous vari-
ables, mean and standard deviation (SD) were used as
analytical statistics, and each effect size was represented
by a 95% CI value. The Fixed-effect models were used
to quantitatively combine the o-diversity of each study.
The heterogeneity of the included studies was tested by
the Q test and I test. If there was significant heterogene-
ity among studies (Q test of P<0.05 or > > 50%), sub-
group analyses were performed for included studies to
assess the sources of heterogeneity. Limiting factors for
subgroup analysis included antibiotic, study type (Cross-
sectional studies and case—control studies were grouped
into one category, and longitudinal studies into another),
country (Chinese or American studies), sequencing plat-
form (Illumina MiSeq), and sequencing region (V3-V4
or V4). Sensitivity analyses were performed by removing
the studies with the largest sample size. Funnel plots were
drawn to describe publication bias.

Machine learning (ML) strategy

We used the microbiological feature screening tool lin-
ear discriminant analysis effect size (LEfSe, linear discri-
minant analysis [LDA] score>2, P<0.05) in the microco
package to identify the different ASV between groups
and then construct the ML models. We used the caret
package in R to build and evaluate ML models. We con-
sidered eight models related to kernel learning (support
vector machine [SVM]), ensemble (random forest [RF]
and extreme gradient boosting [XGB]), instance-based
(k-nearest neighbor [KNN]), regulation (logistic regres-
sion [LR]), Bayesian (naiveBayes [NB]), decision tree
(DT), neural networks (NN) algorithms to train the ASV
table of the gut microbiota. We randomly divided the
ASV tables into training and test datasets in a 7:3 ratio
before training. We evaluated the training effects of dif-
ferent ML models by using tenfold cross-validation, and
we repeated the process 10 times to obtain optimal para-
metric modeling. We evaluated the performance of the
models in the test dataset from three perspectives: area
under the curve [AUC], sensitivity, and specificity.
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Identification of key microbiota

The microeco package in R was employed to identify
differential microbiota through the linear discriminant
analysis effect size (LEfSe) method (LDA score > 2,
P<0.05). Cytoscape 3.7.1 was used to plot venn net-
works to identify shared differential microbiota across
studies or different body parts.

Statistical analysis

For data that meet normality, we analyzed them using
the Student’s t test. For data that did not meet normal-
ity, we analyzed them using the Mann—Whitney U test.
All tests were two-sided, and P<0.05 was considered
statistically significant.

Results

Meta-analysis of human microbiota a-diversity

in SARS-CoV-2 infected individuals

A total of 2224 records from PubMed and 57 records
from BioProject were retrieved (Fig. 1). Through
a review of existing studies, we found inconsist-
ent results regarding changes in human microbiota
a-diversity following SARS-CoV-2 infection across the
studies (Supplementary Table 1).

Twenty studies, including raw sequences of the gut,
respiratory, oral, and skin microbiota, were included
in the meta-analysis of a-diversity (Supplementary
Table 1). Among them, nine studies were related to
the gut microbiota, including 265 samples from SARS-
CoV-2 infected individuals and 237 samples from non-
SARS-CoV-2 infected individuals. Our results showed
that the a-diversity of gut microbiota was significantly
down-regulated in SARS-CoV-2 infected individuals
compared with non-SARS-CoV-2 individuals (Fixed-
effect models; ACE, Chaol, Observed, InvSimpson,
Fisher, Shannon, Simpson, and PD indexes, P<0.05),
but there were significant heterogeneity among stud-
ies (Fig. 2A). Therefore, we used subgroup analysis to
analyze the sources of heterogeneity. When the limit-
ing factors were studies ruled out the effect of antibiot-
ics (Simpson index, P<0.001, Supplementary Fig. 1A),
cross-sectional and case—control studies of published
articles (ACE and Fisher indexes, P<0.001; Supplemen-
tary Fig. 1B), Chinese studies (Simpson index, P <0.001,
Supplementary Fig. 1C), American studies (InvSimpson
index, P<0.01, Supplementary Fig. 1D), and Illumina
MiSeq studies (ACE, Chaol, Oberved, Fisher, and InvS-
impson indexes, P<0.001, Supplementary Fig. 1E), and
there were no significant heterogeneity among included
studies. These results remained consistent when the
studies with the largest sample size were removed.
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Fig. 1 Data mining pipeline

There were eleven studies related to the respiratory
microbiota, including 1,076 samples from SARS-CoV-2
infected individuals, and 283 samples from non-
SARS-CoV-2 infected individuals. Analysis based on
fixed-effects models showed that the «-diversity of res-
piratory microbiota was significantly down-regulated
in SARS-CoV-2 infected individuals compared with
non-SARS-CoV-2 infected individuals (ACE, Chaol,
PD, and Simpson indexes, P<0.01; significant hetero-
geneity; Fig. 2B). Subgroup analyses that included 5
identified cross-sectional and case—control studies still
showed that SARS-CoV-2 infection was associated with
significant down-regulation of respiratory microbiota
a-diversity (PD index, P=0.03, no significant heteroge-
neity, Supplementary Fig. 2A). However, SARS-CoV-2
infection was not associated with a-diversity when the
limiting factor was the V4 sequencing region (Simpson

index, P=0.47, no significant heterogeneity, Supple-
mentary Fig. 2B). These results remained consistent
when the studies with the largest sample size were
removed. The results of other limiting factors were still
heterogeneous or the results of sensitivity analysis were
unstable, or the number of included studies was less
than three.

There were three cross-sectional studies related to oral
microbiota, including 239 samples from confirmed and
convalescent SARS-CoV-2 infected individuals and 218
samples from non-SARS-CoV-2 infected individuals. All
three studies ruled out the effect of antibiotics. Fixed-
effects models showed that the a-diversity of oral micro-
biota were not significantly different in SARS-CoV-2
infected individuals compared with non-SARS-CoV-2
infected individuals (ACE and Chaol indexes, P> 0.05; no
significant heterogeneity; Fig. 2C). These results remained
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A gut, ACE
Study or Subgroup SARS Non-SARS Weight Std. Mean Difference, Fixed, 95% CI
PRJEB41002, 2020 13 31 8.8% -0.68 [-1.34, -0.01] ]
PRJNAG36824, 2021 26 27 12.7% -0.64 [-1.20, -0.09] -
PRJINAG60302, 2021 54 71 29.8% -0.56 [-0.92, -0.20] -
PRJINAG78695, 2021 58 34 21.6% 0.04 [-0.39, 0.46] T
PRJNA683685, 2021 7 6 3.0% -0.66 [-1.79, 0.47] -
PRJNA684070, 2021 70 32 6.2% -4.78[-5.57,-3.99)
PRJNA705797, 2021 18 18 9.0% -0.19 [-0.85, 0.46] -
PRJNA728736, 2021 4 4 2.0% 0.12[-1.27, 1.50] -1
PRJNA736160, 2021 15 14 6.8% -0.71[-1.47,0.04] |
Total (95% Cl) 265 237 100.0% -0.68 [-0.88, -0.48] ¢
Heterogeneity: Chi? = 118.62, df = 8 (P < 0.00001); I? = 93% o 5 0 5 4

Test for overall effect: Z =6.78 (P < 0.00001)

B respiratory tract, ACE

SARS-CoV-2 Non-SARS-CoV-2

Study or Subgroup SARS Non-SARS Weight Std. Mean Difference, Fixed, 95% CI
PRJEB41002(Nasal mucus), 2020 44 38 11.1% -0.50 [-0.94, -0.06] -
PRJEB41002(Oropharynx), 2020 4 5 1.0% 0.99 [-0.46, 2.43] .
PRJEB41721, 2020 10 6 2.0% 0.60 [-0.44, 1.64] T
PRJNA639286, 2021 98 21 9.4% -0.69 [-1.17,-0.21] -
PRJNAG73585, 2021 56 18 7.5% 0.41[-0.12, 0.95] il
PRJNA683617(Endotracheal aspirate), 2021 46 6 3.0% 0.36 [-0.50, 1.21] 1T
PRJNA683617(Nasal mucus), 2021 225 34 16.6% 0.19[-0.17, 0.55] ™
PRJNAB83617(Oropharynx), 2021 230 33 16.2% 0.33 [-0.04, 0.69] =
PRJNAG84070, 2021 106 44 3.3% -6.42[-7.23,-5.60] —

PRJNA704967, 2021 9 10 2.2% -1.20 [-2.20, -0.21] -
PRJNA707350, 2021 63 26 10.2% -0.40 [-0.86, 0.06] ™
PRJNA714242, 2021 32 10 4.2% 0.33[-0.38, 1.05] T
PRJNA726205, 2021 115 12 6.1% 0.37 [-0.23, 0.96] I
PRJNA726992, 2021 38 20 7.2% 0.38 [-0.16, 0.93] N
Total (95% Cl) 1076 283 100.0% -0.18 [-0.33, -0.04] ¢
Heterogeneity: Chiz = 267.58, df = 13 (P < 0.00001); 2 = 95% .

Test for overall effect: Z = 2.44 (P = 0.01)
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Study or Subgroup SARS Non-SARS Weight Std. Mean Difference, Fixed, 95% CI
PRJNA660302, 2021 168 150 70.4% -0.05 [-0.27, 0.17]

PRJNA669421, 2021 46 54 21.8% 0.29 [-0.11, 0.68] ] =
PRJNA692359, 2021 25 14 7.8% 0.44 [-0.23, 1.10]

Total (95% CI) 239 218 100.0% 0.06 [-0.12, 0.25] ?

Heterogeneity: Chi? = 3.46, df = 2 (P = 0.18); I? = 42%
Test for overall effect: Z = 0.65 (P = 0.52)
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Fig. 2 a-diversity analysis (ACE index) of human microbiota between SARS-CoV-2 and non-SARS-CoV-2 infected individuals. The meta-analysis
based on the fixed-effects models quantitatively merged studies on gut (A), respiratory (B), and oral (C) studies, respectively. Changes in a-diversity
of skin microbiota from observation time point 1 to time point 7 (T1-T7) in SARS-CoV-2 and non-SARS-CoV-2 infected individuals (D)



Zhou et al. BMC Infectious Diseases (2023) 23:841

consistent when the studies with the largest sample size
were removed. Due to the small number of studies, the
potential confounding factors were not further analyzed.

Moreover, in a longitudinal study of 81 skin samples, the
skin microbiota a-diversity of SARS-CoV-2 infected indi-
viduals was significantly lower than that of non-SARS-
CoV-2 infected individuals at sampling points 1 (P=0.048)
and 3 (P=0.03). The skin microbiota a-diversity of SARS-
CoV-2 infected individuals decreased first and then
increased (Fig. 2D).

ML models based on the human respiratory microbiota
could predict the prognosis of SARS-CoV-2 infection
Respiratory (nasopharynx and oropharynx) microbiota
study PRINA683617 provides the outcomes, including
death and survival, of hospitalized SARS-CoV-2 infected
individuals. Based on LEfSe analysis, we identified dif-
ferential microbial ASV features between dead and sur-
viving SARS-CoV-2 infected individuals at baseline
sampling time, and constructed eight ML models based
on these features (Table 1). We found that both the naso-
pharyngeal and oropharyngeal microbiota have predic-
tive potential for the prognosis of SARS-CoV-2 infected
individuals. In the ML models constructed by the naso-
pharyngeal microbiota, SVM showed the best predictive
performance, with AUC, sensitivity, and specificity of
0.781, 0.947, and 0.667, respectively. In the ML models
constructed by the oropharyngeal microbiota, RF showed
the best predictive performance, with AUC, sensitivity,
and specificity of 0.847, 0.833, and 0.750, respectively.

Prevotella and Streptococcus were shared differential
bacteria in gut, respiratory tract, and oral cavity

after SARS-CoV-2 infection

The above studies suggested that the type of study was
one of the sources of heterogeneity. Therefore, we first
identified the shared differential bacteria in multi-
ple cross-sectional and case—control studies, and then
observed their changing characteristics in longitudi-
nal studies. Through LEfSe and Venn network analysis,
we found that the abundance of Escherichia-Shigella
were significantly different between SARS-CoV-2 and
non-SARS-CoV-2 infected individuals in six cross-sec-
tional and case—control gut microbiota studies (Fig. 3A).
Anaerococcus, Corynebacterium, Lactobacillus, Morax-
ella, Prevotella, Pseudomonas, Staphylococcus, and
Streptococcus were shared differential genera in five
cross-sectional and case—control respiratory microbiota
studies (Fig. 3B). There were 22 shared differential gen-
era such as Alloprevotella, Actinomyces, and Bergeyella
in three cross-sectional oral microbiota studies (Fig. 3C).
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Table 1 ML models based on the human respiratory microbiota
were used to predict the prognosis of SARS-CoV-2 infection

Models AUC Sensitivity Specificity
Data: the naso- SVM 0.781 0.947 0.667
pharyngeal RF 0772 0947 0667
microbiota
of SARS-COV-2 KNN 0754 0842 0,667
infected indi- LR 0518 1.000 0333
viduals; Predicting NB 0632 0,000 1.000
outcomes: survival ’ ’ ’
(n=56) and death DT 0.500 1.000 0.000
(n=17). NNET 0.509 1.000 0.333

XGB 0.737 0.842 0.667
Data: the oro- SVM 0.688 0.778 0.750
pharyngeal RF 0847 0833 0750
microbiota
of SARS-CoV-2 KNN 0.75 0833 0.500
infected indi- LR 0.542 0.000 1.000
viduals; Predicting NB 0.604 1.000 0.250
outcomes: survival ' ’ '
(n=56) and death DT 05 1.000 0.000
(n=16). NNET 0451 0.667 0.500

XGB 0.556 0.944 0.500

Further, genera with significant differences in more than
half of the studies in each sample type were included in
the Venn network. It could be seen that the Prevotella
and Streptococcus, which were shared in the gut, respira-
tory tract, and oral cavity, were enriched in SARS-CoV-2
infected individuals in more than half of the studies
(Fig. 3D).

At multiple time points in the longitudinal study of
PRJEB41002, the abundance of Prevotella and Strepto-
coccus in respiratory tract (Fig. 4A, B), gut (Fig. 4C, D),
and skin (Fig. 4E, F) of SARS-CoV-2 infected individuals
was higher than that of non-SARS-CoV-2 infected indi-
viduals. Similarly, in the respiratory longitudinal study
PRJNA683617 (Fig. 4G-L), the trend of Prevotella and
Streptococcus was still to enrich SARS-CoV-2 infected
individuals. In addition, we found that Prevotella and
Streptococcus were up-regulated in the oral cavity of
confirmed SARS-CoV-2 infected individuals, but down-
regulated in confirmed SARS-CoV-2 recovery indi-
viduals (Fig. 5A, B). In respiratory study PRINA714242,
Prevotella (P=0.056) and Streptococcus (P=0.43) were
upregulated in critical SARS-CoV-2 infected individuals
(Fig. 5C, D). In respiratory study PRINA673585, Prevo-
tella (P=0.029) and Streptococcus (P=0.2) were also
enriched in severe SARS-CoV-2 infected individuals
(Fig. 5E, F). However, in respiratory study PRJNA707350,
Prevotella was significantly down-regulated in symp-
tomatic (P<0.01) and asymptomatic (P=0.018) SARS-
CoV-2 infected individuals (Fig. 5G, H).



Zhou et al. BMC Infectious Diseases (2023) 23:841

A

Copmus
PRJ
[Eubacterium]_hallii_group

Agathobacter

Fusicatenibacter Esc‘higella
E@es

Faecalibacterium
PRJI 4
BlalA

Anm“

Dialister

Te Il .
by il Corynebacterium

Aggregatibacter
Atopobium

Saccharimonadales, Wacter
.’ ‘CG -014_ Abiotrophia
TM7x ,\,‘ Qo

Neisseria Qlla

Lactobacillus Q’V Q
Streptococcus Q B
[Eubact 0dat ‘ Lachnoarigarobacullm
Tréponema Al lla

Absconditabacteriales_(SR1) '0302

Slaphylucoccus

ﬁtella
[QGCOL‘ S

rium .
Oribacterium

phaga

Prevotella

PRJI 9 Candidatus_ Saccharimonas

Chloroplast
[Eubacterium]_saphenum_aroup

Pseudomonas

Acn’w Bifidobacterium
ocCUS
(‘Iobacter

Ci ytophaga

‘cterium
atella

’ ‘h:/us ’lbar:ter
@@

Page 7 of 12

atel
@ Ps
&
Fusobﬂiu
@ Adtinomyces
Q‘ tibacter

Enteccus
ag A//ohvozeﬂ'

o
cterium
Campylo act

Capno

Legend of A, B, and C
‘ Bioproject accession

. Shared differential genera in 6 gut studies / 5 respiratory studies / 3
oral studies

O Shared differential genera in 5 gut studies / 4 respiratory studies / 2
oral studies

O Other genera

@ Proportion of bioprojects that the genus significantly enriched in
SARS-CoV-2-infected individuals (purple) or non-SARS-CoV-2-infected
individuals (pink)

Legend of D

. Sample type

. Shared differential genera in gut, respiratory tract, and oral cavity
O Shared differential genera in gut and respiratory tract

. Shared differential genera in gut and oral cavity

. Shared differential genera in oral cavity and respiratory tract

O Other genera

@ Proportion of bioprojects that the genus significantly enriched in
SARS-CoV-2-infected individuals (purple) or non-SARS-CoV-2-infected
individuals (pink)

Fig. 3 Identification of key genera altered after SARS-CoV-2 infection based on LEfSe and venn networks. A Venn network of six cross-sectional
and case—control studies of gut genera. B Venn network of five cross-sectional and case—control studies of respiratory genera. C Venn network
of three cross-sectional studies of oral genera. D Venn network of gut, respiratory, and oral genera
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Discussion

Here, we reviewed the results of studies on the a-diversity
of the human gut, respiratory, oral, and skin microbiota
associated with SARS-CoV-2. We assembled the largest
dataset available to date in order to assess the relation-
ship between SARS-CoV-2 infection and the a-diversity
of the human microbiota. Our meta-analysis revealed a
significant down-regulation of the microbiota a-diversity
in the gut and respiratory systems among individuals
with SARS-CoV-2 infection, which is consistent with
numerous current findings [8-12, 16, 29-34]. It should
be noted that although state-of-the-art and widely used

microbiological analysis software such as QIIME2 and
the DADA2 algorithm were employed to mitigate hetero-
geneity in the processing and analysis of raw sequences
from different studies, notable heterogeneity still existed
among the included studies. For gut and respiratory stud-
ies, we observed that study type was one of the sources
of heterogeneity. Cross-sectional and case—control stud-
ies typically involved samples collected at a single time
point, while longitudinal studies consisted of samples
collected at multiple time points. In gut studies, other
sources of heterogeneity included antibiotics, country,
and sequencing platform. In respiratory studies, sources
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of heterogeneity also encompassed sequencing regions.
Previous studies have demonstrated that regional factors
[35], antibiotic [36], gender [37], age [38], and diet [39]
can influence the composition of the human microbiota.
Due to limited access to open information included in
this study, we were unable to analyze the sources of het-
erogeneity from additional perspectives. In summary, our
study clarified that the a-diversity of gut and respiratory
microbiota is downregulated after SARS-CoV-2 infec-
tion, providing readers with an understanding of the
microbial characteristics of different human body sites
after SARS-CoV-2 infection.

ML based on the human microbiota has been applied
to predict various diseases and identify biomarkers.
For example, it has been used to predict Vibrio chol-
erae infection [40], ulcerative colitis [41], and more.
Similarly, the gut microbiota has shown promise in
distinguishing the severity of COVID-19 [18] and
effectively predicting protein markers for severe cases
[42]. However, it remains to be explored whether the
microbiota altered by SARS-CoV-2 infection can pre-
dict disease prognosis, including survival and death. In
our study, we found that in the early stages of SARS-
CoV-2 infection, alterations in the nasopharyngeal and
oropharyngeal microbiota had the potential to predict
patient survival and death. We observed that the pre-
dictive performance differed between the nasopharynx
and oropharynx, as well as among different ML mod-
els. This suggests that when utilizing human microbiota
to predict disease prognosis, we should consider the
results from different body parts and ML models com-
prehensively. In the models we constructed, the AUC
of the optimal model was only 0.847. This might be
due to the small sample size and changes in microbiota
characteristics following treatment for SARS-CoV-2
infection. Nonetheless, our study demonstrated the
potential of ML based on human microbiota in predict-
ing the prognosis of SARS-CoV-2-infected individuals,
which may help in providing targeted treatment for
severely SARS-CoV-2-infected individuals.

A study found that Dialister invisus ASV represents a
unique case of overlap between the oral and gut micro-
biota in healthy individuals. Normally, the oral and gut
microbiota differ under physiological conditions, and
the presence of overlapping microbiota may indicate a
certain pathological state [43]. In our study, we discov-
ered genera such as Prevotella and Streptococcus that
overlapped in the gut, respiratory tract, and oral cav-
ity. Several studies have also demonstrated a significant
up-regulation of Prevotella [44—47], Streptococcus [9,
44-46] and Veillonella [9, 44—46] following SARS-CoV-2
infection. Prevotella, a strictly anaerobic gram-negative
bacillus, is known to be a major genus found in human
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skin, oral cavity, vagina, and gut [48]. It is frequently asso-
ciated with respiratory tract infections, such as inhalation
pneumonia [49] and pulmonary empyema [50]. Addi-
tionally, studies [51] have shown an increased abundance
of Prevotella in the presence of viral infections associated
with Human Immunodeficiency Virus, Papillomavirus,
Herpesviridae, and respiratory viruses. Our study con-
firmed dysregulation of Prevotella in the human skin, oral
cavity, gut, and respiratory tract after SARS-CoV-2 infec-
tion. Furthermore, Prevotella was found to be related
to the severity and recovery of SARS-CoV-2 infection.
Other studies have reported a correlation between long-
lasting COVID-19 symptoms and elevated expression
of oral Prevotella [52], which may be due to the ability
of Prevotella to produce proteins that promote SARS-
CoV-2 infection [53]. The precise mechanism by which
Prevotella affects COVID-19 is not yet clear. However,
previous research [54] has revealed that certain Prevo-
tella strains can produce virulence factors that increase
inflammatory response by activating Toll-like receptor
2 and inducing Thl7-polarizing cytokines in antigen-
presenting cells (such as IL-23 and IL-1), or stimulating
epithelial cells to produce IL-8, IL-6, and CCL20. In sum-
mary, when individuals become ill due to the invasion of
foreign pathogens, the normal human microbiota may
be translocated and transformed into pathogenic bacte-
ria, exacerbating the disease. The key bacteria Prevotella
and Streptococcus proposed by us provide clues for future
animal and in vitro experiments on SARS-CoV-2 infec-
tion intervention.

Our study has the following limitations: Firstly, due to
the continuous updating of databases, our research may
not reflect the latest research status. Secondly, the lim-
ited number of studies included in our analysis leads to
certain limitations in generalizing our findings. Thirdly,
there is a lack of animal and in vitro experimental valida-
tion for the key microbial communities we identified.

Conclusions

Our study showed that SARS-CoV-2 infection was related
to the down-regulation of a-diversity in the human gut and
respiratory microbiota. The respiratory microbiota had the
potential to predict the prognosis of individuals infected
with SARS-CoV-2. Prevotella and Streptococcus might be
key microbiota in SARS-CoV-2 infection.
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