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Abstract

To date, little is known about the effect of severe acute respiratory syndrome coronavirus 2 (SARS- CoV- 2), the virus responsible 
for the coronavirus disease 2019 (COVID- 19) pandemic, on the upper respiratory tract (URT) microbiota over time. To fill this 
knowledge gap, we used 16S ribosomal RNA gene sequencing to characterize the URT microbiota in 48 adults, including (1) 
24 participants with mild- to- moderate COVID- 19 who had serial mid- turbinate swabs collected up to 21 days after enrolment 
and (2) 24 asymptomatic, uninfected controls who had mid- turbinate swabs collected at enrolment only. To compare the URT 
microbiota between groups in a comprehensive manner, different types of statistical analyses that are frequently employed 
in microbial ecology were used, including ⍺-diversity, β-diversity and differential abundance analyses. Final statistical models 
included age, sex and the presence of at least one comorbidity as covariates. The median age of all participants was 34.00 
(interquartile range=28.75–46.50) years. In comparison to samples from controls, those from participants with COVID- 19 had 
a lower observed species index at day 21 (linear regression coefficient=−13.30; 95 % CI=−21.72 to −4.88; q=0.02). In addition, 
the Jaccard index was significantly different between samples from participants with COVID- 19 and those from controls at all 
study time points (PERMANOVA q<0.05 for all comparisons). The abundance of three amplicon sequence variants (ASVs) (one 
Corynebacterium ASV, Frederiksenia canicola, and one Lactobacillus ASV) were decreased in samples from participants with 
COVID- 19 at all seven study time points, whereas the abundance of one ASV (from the family Neisseriaceae) was increased 
in samples from participants with COVID- 19 at five (71.43 %) of the seven study time points. Our results suggest that mild- to- 
moderate COVID- 19 can lead to alterations of the URT microbiota that persist for several weeks after the initial infection.

DATA SUMMARY
The authors confirm all supporting data and protocols have provided within the article or through supplementary data files.

INTRODUCTION
Unlike many other key determinants of respiratory health, the upper respiratory tract (URT) microbiota is dynamic and can 
be shaped by multiple environmental factors throughout life [1]. In particular, common respiratory viruses have been shown 
to disrupt the homeostasis, structure and function of the URT microbial communities [2, 3]. This is supported by the results of 
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multiple prior studies from our group and others showing substantial differences in the URT microbiota between subjects with 
and without acute respiratory infections (ARIs) due to respiratory syncytial virus (RSV), human rhinovirus, or influenza virus 
[4–7]. Furthermore, current evidence suggests that the URT microbial disturbances caused by these common respiratory viruses 
can in turn impact on disease severity, the host immune response and even the development of chronic lung diseases following 
the initial ARI (such as asthma) [8–13].

To date, little is known about the resilience and recovery of the URT microbiota following ARI with severe acute respiratory 
syndrome coronavirus- 2 (SARS- CoV- 2), the respiratory virus responsible for the ongoing coronavirus disease 2019 (COVID- 19) 
pandemic. Through characterization of the URT microbiota in serial samples collected from participants with mild- to- moderate 
COVID- 19 using 16S ribosomal RNA (rRNA) gene sequencing, our objectives were (1) to examine whether SARS- CoV- 2 leads 
to specific URT microbiota changes over time and (2) to evaluate whether, among participants with COVID- 19, SARS- CoV- 2 
viral load is associated with longitudinal changes of the URT microbiota.

METHODS
Full details of the material and methods are available in the eMethods section of the Supplementary Material.

Overview of the study design
For the current study, we first included participants with confirmed COVID- 19 enrolled as part of a randomized controlled trial 
(RCT) examining the effect of several types of nasal irrigations on COVID- 19- related outcomes. The detailed methods for this 
RCT have been reported previously [14–16]. Inclusion criteria included age ≥18 years, a qualitative PCR test positive for SARS- 
CoV- 2 performed at Vanderbilt University Medical Center (VUMC) or one of its affiliated centres, planned self- quarantine after 
being diagnosed with COVID- 19, and residence within a 30 mile radius of the main VUMC campus in Nashville, Tennessee. 
Exclusion criteria included current use of nasal saline irrigations or other nasal medications (such as nasal steroids), inability 
to perform nasal irrigations or to collect URT samples in a separate house bathroom or away from household contacts and 
the need for hospitalization related to COVID- 19. Thus, only participants with symptomatic, mild- to- moderate COVID- 19 
(based on criteria from the World Health Organization [17]) were included in the RCT. Eligible participants were contacted and 
enrolled in the RCT within 24 h of the initial diagnosis of COVID- 19. Only participants who were not randomized to one of the 
RCT’s intervention arms –thus, were not assigned to any specific interventions and did not use one of the nasal irrigations being 
tested– were included in the current study (n=24).

In parallel to conducting the aforementioned RCT, we also enrolled asymptomatic participants within the VUMC community 
(including employees, students and faculty, among others) to serve as controls (n=24). Inclusion criteria included age ≥18 years 
and absence of COVID- 19- related symptoms (e.g. runny nose, cough, or fever). Exclusion criteria included current use of nasal 
saline irrigations or other nasal medications (such as nasal steroids) and current or prior diagnosis of COVID- 19.

Following adequate training, all of the above participants (n=48) were asked to collect a mid- turbinate swab at enrolment (day 
1) using a self- collection kit (FLOQSwabs, Copan Diagnostics, Inc.). Those with COVID- 19 were also asked to collect serial 
samples using the same method on follow- up days 3, 5, 7, 10, 14 and 21. The collection of all samples included in the current 
study occurred in the spring and summer of 2020. Each subject provided informed consent for his/her participation. The VUMC 
Institutional Review Board and Biosafety Committee approved this study.

SARS-CoV-2 testing by quantitative reverse transcription PCR
To measure viral load in participants with COVID- 19 and rule out asymptomatic infection in controls, quantitative reverse 
transcription PCR in all mid- turbinate swabs collected at enrolment using United States Centers for Disease Control and Preven-
tion primers and probes designed for the detection of SARS- CoV- 2 was performed [16]. High viral load was defined as a cycle 

Impact Statement

The microbial communities that inhabit the upper respiratory tract (URT) (i.e. the URT microbiota) are key determinants of 
respiratory health. The URT microbiota can be easily disrupted by multiple environmental factors, such as acute respiratory 
infections by common respiratory viruses. However, little is known about the effect of severe acute respiratory syndrome 
coronavirus- 2 (SARS- CoV- 2), the virus responsible for the coronavirus disease 2019 (COVID- 19) pandemic, on the URT micro-
biota over time. In our study, we show differences in multiple URT microbial ecology metrics between participants with mild- 
to- moderate COVID- 19 and asymptomatic, uninfected controls. These differences could be found up to 21 days after study 
enrolment. Our results suggest that mild- to- moderate COVID- 19 can lead to alterations of the URT microbiota that persists for 
several weeks after the initial infection.
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threshold value for the detection of the coronavirus nucleocapsid gene region 1 below the median of all samples collected at 
enrolment (day 1) from SARS- CoV- 2- infected participants.

Characterization of the URT microbiota
The methods used to characterize the URT microbiota have been previously described in detail [16, 18–21]. In brief, following 
bacterial DNA extraction from the mid- turbinate swabs, the V4 region of the 16S rRNA gene was amplified using universal 
primers. The pool was then sequenced on an Illumina MiSeq platform with 2×250 base pair reads. For quality control, negative 
controls were amplified and sequenced concurrently with participant samples. Next, the 16S rRNA gene sequences were processed 
using the R package dada2 by applying its standard operating procedure (available at: https://benjjneb.github.io/dada2/tutorial. 
html) [22]. To this end, sequences were grouped into amplicon sequence variants (ASVs), and taxonomy was assigned using the 
silva reference database version 132 [23]. Low- quality sequences, chimaeras and non- bacterial sequences were discarded as part 
of the dada2 pipeline. To remove any suspected contaminants that were found in the negative controls, the remaining sequences 
were processed using the R package decontam [24]. The full taxonomy of contaminant ASVs identified by decontam are listed 
in Table S1 (available in the online version of this article). Those ASVs that were present in >1 sample were then retained and 
samples with <1000 sequences (n=33) were discarded using the R package phyloseq [25, 26]. Last, the relative abundances of 
individual ASVs were calculated using simple proportions.

Statistical analyses
Statistical analyses were conducted at the ASV level in R version 3.1.10 [27]. To compare the URT microbiota between groups 
in a comprehensive manner, different types of statistical analyses that are frequently employed in microbial ecology were used, 
including ⍺-diversity (richness ±evenness), β-diversity (overall composition) and differential abundance (individual taxa) analyses. 
For ⍺- and β-diversity analyses only, the processed dataset was rarified to the lowest library size of all samples (n=1,154). This 
rarefaction process was repeated multiple times (n=400) and the results were averaged. Common ⍺-diversity (observed species, 
Shannon and inverse Simpson indices) and β-diversity (Bray–Curtis and Jaccard indices) metrics were then calculated. For 
differential abundance analyses, a non- rarified dataset was used and, to minimize the impact of rare taxa, only ASVs with a relative 
abundance across all samples >0.01 % were included. To examine non- longitudinal associations, linear regression (for ⍺-diversity 
analyses), permutational multivariate analysis of variance (PERMANOVA) (for β-diversity analyses) [28] and differential gene 
expression analysis based on the negative binomial distribution (DESeq2) (for differential abundance analyses) [29] were used. 
Based on pre- established criteria, ASVs were considered differentially abundant only if, in addition to statistical significance, 
they (1) had an absolute fold change ≥2 (equivalent to an absolute fold change ≥1 in the log2 scale) and (2) were differentially 
abundant in ≥3 of the 7 individual comparisons. To examine longitudinal associations, generalized estimating equations (GEEs) 

Table 1. Baseline characteristics of participants*†

Baseline characteristic SARS- CoV- 2 All (n=48) p- value

Uninfected (n=24) Infected (n=24)

Age (years) 33.00 (29.00–45.00) 35.50 (26.75–49.25) 34.00 (28.75–46.50) 0.8

Male sex 13 (54.17 %) 14 (58.33 %) 27 (56.25 %) 1.0

White non- Hispanic 18 (75.00 %) 18 (75.00 %) 36 (75.00 %) 1.0

Obesity 4 (21.05 %) 7 (31.82 %) 11 (26.83 %) 0.5

Diabetes 1 (4.55 %) 3 (12.50 %) 4 (8.70 %) 0.6

Hypertension 4 (18.18 %) 4 (16.67 %) 8 (17.39 %) 1.0

Lung Disease 0 (0.00 %) 4 (16.67 %) 4 (8.70 %) 0.1

Heart Disease 1 (4.55 %) 2 (8.33 %) 3 (6.52 %) 1.0

Current Smoker 1 (4.55 %) 0 (0.00 %) 1 (2.17 %) 0.5

Current use of nasal medications 0 (0.00 %) 0 (0.00 %) 0 (0.00 %) –

Use of antibiotics in the last 2 weeks 0 (0.00 %) 0 (0.00 %) 0 (0.00 %) –

*Data are presented as median (interquartile range) for age and number (%) for all other variables. Percentages were calculated for participants 
with complete data.
†P- values for the comparisons between SARS- CoV- 2- infected and -uninfected participants were calculated using Mann–Whitney U or Fisher’s 
exact tests, as appropriate.

https://benjjneb.github.io/dada2/tutorial.html
https://benjjneb.github.io/dada2/tutorial.html
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(for ⍺-diversity analyses), PERMANOVA (for β-diversity analyses) [28] and permuted spline- based statistical analyses and GEEs 
(for differential abundance analyses) were used [30]. All statistical models included age, sex and the presence of at least one 
comorbidity (i.e. obesity, diabetes, hypertension, lung disease, or heart disease, coded as yes vs no or not reported) as covariates. 
The statistical models for ⍺-diversity and differential abundance analyses using GEEs also included the study time point and a 
multiplicative interaction between SARS- CoV- 2 viral load and the study time point as additional covariates. When appropriate, 
P- values were controlled for multiple testing using the Benjamini–Hochberg procedure and the resulting q- values are reported 
[31]. Statistical significance was defined as a P- or q- value <0.05.

RESULTS
Baseline characteristics of the study population and samples collected
The baseline characteristics of the 48 participants included in the current study are shown in Table 1. The median age of all 
participants was 34.00 (interquartile range=28.75–46.50) years. The majority of participants were male, white non- Hispanic 
and non- obese. There were no significant differences in baseline characteristics between those with and without COVID- 19. 
However, those with COVID- 19 were less likely to currently smoke or have hypertension, and more likely to have at least one other 
comorbidity. Based on eligibility criteria, none of the participants were using nasal medications at study enrolment. Furthermore, 
none of them had used antibiotics in the 2 weeks prior to study enrolment.

There were 154 samples collected from the 24 participants with COVID- 19 out of the 168 samples expected (i.e. 24 subjects×7 study 
time points): 18 were collected at enrolment (day 1) and 20, 20, 14, 17, 15 and 17 were collected on follow- up days 3, 5, 7, 10, 14 
and 21, respectively. Thus, the overall sample return rate among those with COVID- 19 was 91.66 %. In total, 121 (78.57 %) of the 
154 samples from participants with COVID- 19 passed quality control, whereas all 24 (100 %) samples obtained from participants 
without COVID- 19 passed quality control. The median high- quality sequence count per sample across all 145 samples included 
in statistical analyses was 7219 (interquartile range=3142–24 771), with a maximum high- quality sequence count of 139 348.

Comparisons between SARS-CoV-2-infected and -uninfected participants
The genera with the highest total relative abundances across all 121 samples from participants with COVID- 19 included 
Corynebacterium (35.47 %), Staphylococcus (24.38 %), Klebsiella (8.98 %), Dolosigranulum (7.32 %) and Lawsonella (3.94 %), whereas 
the genera with the highest total relative abundances across the 24 samples from controls included Staphylococcus (29.25 %), 
Corynebacterium (29.19 %), Moraxella (23.21 %), Dolosigranulum (2.65 %) and Streptococcus (2.64 %) (Fig. 1).

Fig. 1. Predominant genera of the upper respiratory tract microbiota in SARS- CoV- 2- uninfected and -infected participants. The figure shows alluvial 
plots of the relative abundance (%) of the top 10 most abundant genera (y- axis) per group and, for SARS- CoV- 2- infected participants, by follow- up day 
(x- axis). The relative abundances of other genera were collapsed into the ‘other’ category.
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Fig. 2. Comparison of the ⍺-diversity of the upper respiratory tract microbiota between SARS- CoV- 2- uninfected and -infected participants. The 
figure shows box plots of the observed species (1A), Shannon (1B) and inverse Simpson indices (1C) (y- axes) per group and, for SARS- CoV- 2- infected 
participants, by follow- up day (x- axes). The P- values for the comparisons of follow- up day 21 for SARS- CoV- 2- infected participants vs day 1 (enrolment) 
for uninfected participants using linear regression models adjusting for potential confounders (see text) and controlling for multiple testing (q- values) 
are shown. The sample sizes for each group (n) are also shown.
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Fig. 3. Comparison of the β-diversity of the upper respiratory tract microbiota between SARS- CoV- 2- uninfected and -infected participants. The figure 
shows scatter plots representing the overall composition (small circles) of each participant’s upper respiratory tract microbiota per group. Each scatter 
plot depicts the comparisons of a particular follow- up day (d) for SARS- CoV- 2- infected participants vs day 1 (enrolment) for uninfected participants. 
The scatter plots were generated using NMDS based on the Jaccard index and using two dimensions (x- and y- axes). The group’s centroid (large 
circles) and corresponding 95% CI (ellipses), as well as the NMDS stress values, are shown. The P- values for the comparisons between groups using 
permutational multivariate analysis of variance models adjusting for potential confounders (see text) and controlling for multiple testing (q- values) are 
also shown. NMDS, non- metric multidimensional scaling; SARS- CoV- 2, severe acute respiratory syndrome coronavirus 2.
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In comparison to samples from controls, those from participants with COVID- 19 had an overall lower ⍺-diversity at most of the 
study time points, although only the observed species index from samples collected at day 21 was significantly different (linear 
regression coefficient=−13.30; 95 % CI=−21.72 to −4.88; q=0.02) (Fig. 2a–c). In β-diversity analyses, there were no significant 
differences in the Bray–Curtis index (based on taxa abundance) between groups (PERMANOVA q>0.05 for all comparisons); 
however, the Jaccard index (based on taxa presence vs absence) was significantly different between samples from participants 
with COVID- 19 and those from controls at all study time points (PERMANOVA q<0.05 for all comparisons) (Fig. 3).

In differential abundance analyses, a total of 26 ASVs from 12 different genera (including 5 Prevotella, 4 Corynebacterium, 3 
Moraxella, 3 Staphylococcus, 2 Lactobacillus, 2 Veillonella, 2 Anaerococcus, 1 Frederiksenia, 1 Leuconostoc, 1 Neisseriaceae, 1 
Enterobacteriaceae and 1 Peptoniphilus ASV) met the pre- specified criteria to be considered differentially abundant between 
groups. Eighteen (69.23%) of these 26 ASVs were still differentially abundant in samples collected at the last available study 
time point. Furthermore, the abundance of three ASVs [one Corynebacterium ASV (potentially C. segmentosum by the Basic 
Local Alignment Search Tool (blast) database [32]), Frederiksenia canicola, and one Lactobacillus ASV (likely L. jensenii by 
the blast database)] were decreased in samples from participants with COVID- 19 at all seven study time points, whereas the 
abundance of one ASV [from the family Neisseriaceae (not precisely classified by the blast database)] was increased in samples 
from participants with COVID- 19 at five (71.43 %) of the seven study time points (Fig. 4). For many of the differential abundant 
taxa, the differences between groups were mainly driven by a few participants (Fig. S1).

Longitudinal effect of SARS-CoV-2 viral load on the URT microbiota
The median cycle threshold value for the detection of the coronavirus nucleocapsid gene region 1 across all samples collected at 
study enrolment (day 1) from the 24 participants with COVID- 19 was 24.88 (interquartile range=21.24–33.37). Of the 121 samples 
from participants with COVID- 19 included in statistical analyses, 64 (52.89 %) belonged to the 12 SARS- CoV- 2- infected partici-
pants with high viral load and 57 (47.11 %) belonged to the 12 SARS- CoV- 2- infected participants with low viral load.

The genera with the highest total relative abundance across all 64 samples from SARS- CoV- 2- infected participants with high viral 
load included Corynebacterium (37.15 %), Staphylococcus (22.28 %), Klebsiella (17.30 %), Dolosigranulum (7.70 %) and Lawsonella 

Fig. 4. Differential abundance of taxa of the upper respiratory tract microbiota between SARS- CoV- 2- uninfected and -infected participants. The figure 
shows a heatmap of ASVs (rows) that were differentially abundant between groups when comparing a particular follow- up day (columns) for SARS- 
CoV- 2- infected participants vs day 1 (enrolment) for uninfected participants. Each cell indicates the log

2
 FC in the normalized counts of an ASV between 

groups as shown by the colour scale (red, increased in SARS- CoV- 2- infected participants; blue, increased in controls; grey, no significant association). 
These estimates were obtained from DESeq2 models adjusting for potential confounders and controlling for multiple testing (see text). ASV, amplicon 
sequence variant; FC, fold change; SARS- CoV- 2, severe acute respiratory syndrome coronavirus 2.
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(3.40 %), whereas the genera with the highest total relative abundance across all 57 samples from those with low viral load 
included Corynebacterium (33.70 %), Staphylococcus (26.59 %), Dolosigranulum (6.94 %), Anaerococcus unclassified (5.50 %) and 
Peptoniphilus unclassified (5.11 %) (Fig. 5). However, in longitudinal analyses, high SARS- CoV- 2 viral load was not associated 
with any of the ⍺-diversity (Fig. 6a–c) or β-diversity indices (q>0.05 for all comparisons). Likewise, high SARS- CoV- 2 viral load 
did not impact on the abundance of the top 25 most predominant ASVs (which accounted for 90.34 % of all ASVs) over time 
(q>0.05 for all comparisons).

DISCUSSION
The URT microbiota has been shown to be a key determinant of respiratory health, but there is a paucity of evidence on the 
effect of SARS- CoV- 2 on the URT microbiota over time. Our results suggest that (1) mild- to- moderate COVID- 19 can lead to 
alterations in the URT microbiota that may continue for several weeks after the initial ARI and (2) that the longitudinal changes 
in the URT microbiota associated with COVID- 19 are independent of viral load.

In our study, we show differences in multiple URT microbial ecology metrics between participants with mild- to- moderate 
COVID- 19 and asymptomatic, uninfected controls. These dissimilarities were more evident at the microbial community- level 
(i.e. in ⍺- and β-diversity analyses) than at the individual taxa level (i.e. in differential abundance analyses). Indeed, although we 
found multiple ASVs to be differentially abundant between groups, this was mainly explained by changes in a few participants and 
there was no evidence of a common URT microbiota signature related to SARS- CoV- 2 infection. This could be a reflection of our 
small sample size but could also be seen if, even in less severe cases of COVID- 19, SARS- CoV- 2 leads to a broad instability of the 
URT microbiota and stochastic effects in its structure, rather than consistent changes in specific taxa [21, 33]. Interestingly, the 
differences between groups were still evident up to 21 days after enrolment (the last available follow- up). Because viral shedding 
in immunocompetent adults with non- severe COVID- 19 (such as those included in our study) is likely to occur 1 to 2 weeks after 
the onset of disease [34, 35], this suggests that the modifications in the URT microbiota associated with SARS- CoV- 2 can persist 
for several days after the virus is cleared. These findings are in line with the ample literature demonstrating that other respiratory 
viruses (such as RSV, human rhinovirus, or influenza virus) can lead to extensive alterations of the URT microbiota [4–7]. Of note, 
we only collected samples during a single time point from controls, and it is possible that there could be individual day- to- day 

Fig. 5. Longitudinal changes in the predominant genera of the upper respiratory tract microbiota in SARS- CoV- 2- infected participants with and without 
high viral load at baseline. The figure shows alluvial plots of the relative abundance (%) of the top 10 most abundant genera (y- axis) per group and by 
follow- up day (x- axis). The relative abundances of other genera were collapsed into the ‘other’ category.
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variations in the URT microbiota, which could have biased our results. However, albeit limited, current evidence suggests that, in 
the absence of disease, the URT microbiota is relatively stable over short periods of time and mainly changes with seasons [36–39].

To date, the precise mechanisms by which SARS- CoV- 2 can modify the URT microbiota are unknown, but –based on what is 
known for other respiratory viruses– these are likely multifaceted, complex, and related to changes in the local milieu that can 
result from viral- induced epithelial injury, influx of inflammatory cells and production of numerous immune mediators as part 
of the anti- viral immune response, impaired ciliary function, increased mucous secretions, fluctuations in the production of 
metabolites and availability of resources, and up- or downregulation of specific host cell receptors, among others [40]. These all, 
in turn, lead to a failure in the homeostasis of the microbial ecosystem that disturb inter- bacterial interactions, promoting the 
establishment or replication of certain taxa [41].

Fig. 6. Longitudinal effect of SARS- CoV- 2 viral load on the ⍺-diversity of the upper respiratory tract microbiota in participants with coronavirus disease 
2019. The figure shows line plots of the observed species (1A), Shannon (1B) and inverse Simpson indices (1C) (y- axes) for each participant per 
group and follow- up day (x- axes). The coefficient, 95% CI, and P- value for the comparison between groups using a GEE model adjusting for potential 
confounders (see text) are shown. Each group’s fitted locally estimated scatterplot smoothing lines (bold lines) and corresponding 95 % CIs (shaded 
bands) are also shown. CI, confidence interval, GEE, generalized estimating equation; SARS- CoV- 2, severe acute respiratory syndrome coronavirus 2.
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Our results add to the accumulating evidence showing an association between SARS- CoV- 2 and the URT microbiota in adults 
[16, 21, 42–45]. However, the large majority of previous studies in this field have had a cross- sectional design and/or have included 
participants infected with other respiratory viruses as controls. In two prior studies that did include longitudinal analyses and true 
controls [43, 44], differences between groups were noted up to approximately 1 month after the diagnosis of COVID- 19, which supports 
our findings of an incomplete restoration of the URT microbial communities several weeks following the initial exposure. Unlike 
ours, those two studies only included participants who were admitted to the hospital due to COVID- 19 and mainly used β-diversity 
analyses. In addition, most of their statistical analyses did not account for potential confounders of the associations. The latter is an 
important limitation addressed by our study, as previous research has shown that several factors related to hospitalization or disease 
severity (such as underlying chronic lung disease, antibiotic use and/or respiratory support) can directly influence the URT microbiota, 
thus introducing bias [45]. To our knowledge, only one prior study has examined whether SARS- CoV- 2 viral load can longitudinally 
impact on the URT microbiota [45]. In contrast to ours, that study showed a mild (albeit significant) inverse relationship between 
SARS- CoV- 2 viral load and the ⍺-diversity of the URT microbiota over time in adjusted analyses. However, all of the participants with 
COVID- 19 in that study were admitted to the intensive care unit, which may have led to some residual confounding. Furthermore, no 
significant associations were found in β-diversity or differential abundance analyses, suggesting that the effect of SARS- CoV- 2 viral 
load on the URT microbiota is non- existent or minimal.

The results of several other published studies suggest that specific upper and lower respiratory tract microbiota signatures can determine 
COVID- 19 severity [21, 42, 43, 46]. Our findings indicate that SARS- CoV- 2 decreases the abundance of several URT taxa that are 
usually commensal or beneficial (e.g. certain members of the genera Corynebacterium and Lactobacillus), while also increasing the 
abundance of other taxa that can be pathogenic or detrimental (e.g. some members of the genera Staphylococcus and Peptoniphilus), 
which could be one of the mechanisms underlying COVID- 19 severity. In the same context, we and others have previously shown that 
the URT microbiota associated with other common respiratory viruses (e.g. RSV) can influence their viral load, host transcriptome 
patterns and the local immune response, ultimately impacting on disease severity and the development of chronic lung diseases 
following the initial ARI (such as asthma) [8–11]. However, because most of the available data are from observational studies, whether 
the changes in the URT microbiota related to SARS- CoV- 2 truly mediate short- or long- term clinical outcomes following COVID- 19 
remains largely unknown and merits further investigation.

Despite our study’s multiple strengths, we should acknowledge several other limitations. First, as noted above, our sample size was 
small, so we may have been underpowered to detect certain associations. Second, due to the inherent limitations of 16S rRNA gene 
sequencing, we were unable to accurately classify some taxa below the genus level or identify those that are transcriptionally active. 
Third, as suggested by our prior studies, URT viral–bacterial associations are likely complex and bi- directional [10], and thus are 
difficult to examine. Fourth, whether the URT microbiota patterns associated with SARS- CoV- 2 are unique to this respiratory virus 
is unknown. However, this is suggested by the results of prior studies demonstrating substantial differences in the URT microbial 
communities of participants with COVID- 19 and those with other respiratory viruses [42]. Furthermore, we have previously shown 
that respiratory viruses other than SARS- CoV- 2 (e.g. RSV) are associated with distinct URT microbiota profiles [5]. Fifth, we did not 
have data on SARS- CoV- 2 variants, and it is possible that individual strains of this respiratory virus could also cause specific changes 
in the URT microbiota. However, the samples included in our study were all collected in the spring and summer of 2020, when 
the wild- type SARS- CoV- 2 was likely the dominant circulating strain. Sixth, we only included participants with mild- to- moderate 
COVID- 19, so our results cannot be extended to those with asymptomatic, severe, or critical COVID- 19. Last, as is the case with all 
observational studies, there is a possibility of residual confounding or introduction of other sources of bias. For example, although 
all of our SARS- CoV- 2- infected participants were relatively young, had only mild- to- moderate COVID- 19, and had no recent use of 
nasal medications or antibiotics, they may have been taking other medications during the study that were not considered in statistical 
analyses. Likewise, frequent sampling could result is some subtle changes of the URT microbiota, although the effect of this is unknown.

In summary, our results suggest that mild- to- moderate COVID- 19 can lead to alterations of the URT microbiota that persists for 
several weeks after the initial infection. Our study sheds light on the dynamics of the URT microbial communities following ARI with 
SARS- CoV- 2 and on the diverse consequences of COVID- 19 on the human body. Future studies with larger sample sizes, using other 
next- generation sequencing technologies (e.g. metagenomics or metatranscriptomics), and capturing longer follow- up periods, are 
needed to better define whether the URT microbiota fully recovers after COVID- 19, and the timeline of this recovery. In addition, 
mechanistic studies should explore the precise pathways through which SARS- CoV- 2 can modify the URT microbiota. Ultimately, 
understanding whether URT microbial disturbances induced by SARS- CoV- 2 can mediate COVID- 19 severity is imperative to design 
interventions that could decrease the morbidity and mortality of this disease and benefit public health.
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