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Abstract 39 

Background: Recent evidences have shown that gut microbiome of patients 40 

with COVID-19 significantly changes and can reflect the severity of the disease. 41 

And gut microbiota richness was not restored to normal levels after 6-month 42 

recovery. However, SARS-CoV-2 primarily infects the respiratory tract, few 43 

studies investigate whether the alterations of oropharyngeal microbiome is 44 
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associated with disease severity in patients with COVID-19, and whether 45 

interferences in microbiome composition, if any, eliminate with clearance of the 46 

SARS-CoV-2 virus. We employed metatranscriptomic sequencing to analyse 47 

oropharyngeal swabs collected within a week of diagnosis COVID-19 (period 48 

of disease group: PDG) and two months after clearance of the SARS-CoV-2 49 

virus (convalescent group: CG) from 47 patients with COVID-19. Meanwhile, 50 

oropharyngeal swabs from 40 healthy subjects were analyzed as healthy 51 

control group (HCG). 52 

Results:  53 

Oropharyngeal microbial composition was significantly altered in patients with 54 

COVID-19 compared with healthy controls even two months after clearance of 55 

the SARS-CoV-2 virus. Little changes in α-diversity among HCG, PDG and CG 56 

(P ＞ 0.05), but obviously changes in β-diversity among them. Notably, 57 

Prevotella increased significantly in PDG than that in HCG (Wilcoxon rank-sum 58 

test, P＜0.001) and increased gradually along with the severity of patients with 59 

COVID-19 aggravated. There was a positive correlation between Prevotella 60 

and the elevation of Neutrophil percentage (R = 0.301, P = 0.040). Similarly, 61 

SARS-CoV-2 and Aspergillus increased remarkably in critical Patients with 62 

COVID-19. There was a negative correlation between SARS-CoV-2 viral load 63 

and platelet counts (R = −0.330, P = 0.022). 64 

Conclusions: The oropharyngeal microbiome in patients with COVID-19 65 

present persistent dysbiosis even two months after clearance of the SARS-66 
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CoV-2 virus.  Furthermore, alterations in oropharyngeal microbial composition 67 

reflected the severity of disease in patients with COVID-19. Our findings 68 

underscore that there is an urgent need to understand the specific roles of 69 

oropharyngeal microorganisms in COVID-19 disease progression and 70 

rehabilitation. 71 

Keywords: oropharynx, microbiome, metatranscriptomics, COVID-19, 72 

dysbiosis 73 
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Background 89 

The COVID-19 pandemic is a once-in-a-century public health emergency, the 90 

causative pathogen was identified as a virus, named severe acute respiratory 91 

syndrome coronavirus 2 (SARS-CoV-2)[1]. Although caused only by the SARS-92 

CoV-2 virus, COVID-19 is likely affected by the rest of the microbiome as 93 

evidenced by viral persistence in the gut, and risk factors associated with gut 94 

microbial (include bacteria and fungi) dysbiosis[2-5]. Indeed, there is a study 95 

suggesting that the disease severity is concordant with composition alteration 96 

of the gut microbiome in patients with COVID-19, and the dysbiotic gut 97 

microbiota composition in patients with COVID-19 persists after clearance of 98 

the virus[6]. Besides，another study found that microbiota richness was not 99 

restored to normal levels after 6-month recovery[7]. Recently, Microbiome 100 

Centers Consortium has called for researchers try to figure out the connections 101 

between the microbiome and COVID-19[2]. SARS-CoV-2 primarily infects the 102 

respiratory tract. Study has already shown that low respiratory tract microbiota 103 

in SARS–CoV-2 infected patients were dominated with elevated levels of the 104 

upper respiratory tract (URT) commensal microbiota[8], unlike influenza virus[9-105 

12], few studies have explored the relationship between SARS-CoV-2 infection 106 

and the oropharyngeal microbiome. Therefore, we investigated whether the 107 

alterations of oropharyngeal microbiome are associated with disease severity 108 

in patients with COVID-19, and whether interferences in microbiome 109 

composition, if any, eliminate with clearance of the SARS-CoV-2 virus. 110 
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Results 111 

Study cohort 112 

We recruited 47 patients with COVID-19 confirmed by positive SARS-CoV-2 113 

quantitative reverse transcription PCR(RT-qPCR) to establish a longitudinal 114 

cohort study.  And we collected oropharyngeal swabs at two time points 115 

(Within a week of diagnosis COVID-19 (period of disease group: PDG) and two 116 

months after clearance of the SARS-CoV-2 virus (convalescent group: CG)) 117 

during February and June 2020. The subjects were classified into mild, 118 

moderate, severe, and critical groups based on symptoms as reported 119 

before[13, 14]. As healthy controls group (HCG), we collected oropharyngeal 120 

swabs from 40 healthy human subjects free of any respiratory infections during 121 

the same timeframe. Clinical information and demographic information were 122 

presented in Table 1.  123 

Table 1 Clinical characteristics of participants 124 

 COVID-19 patients 

(period of disease group 
/ convalescent group)※ 

healthy 
controls 

Number of subjects 47 40 

Gender 
(females, males) 

27, 20 20, 20 

Age, years (mean±SD) 
44.7±15.3 years 

45.8±16.4 
years 

Disease severity category 
5 mild, 25 moderate,  

10 severe, 7 critical 
NA 

Symptoms at admission, n (%)   

Fever 29(61.7%) NA 

Cough 29(61.7%) NA 

Sputum 19(40.4%) NA 

Sore throat 7(14.9%) NA 

Shortness of breath 17(36.2%) NA 
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Received antibiotics during first week 
hospitalisation by disease severity, n (%)1 

 
NA 

Mild disease 1(2.1%) NA 

moderate disease 3(6.4%) NA 

Severe disease 5(10.5%) NA 

critical disease 7(14.8%) NA 

Received antivirals during first week 
hospitalisation by disease severity, n (%)2 

  

Mild disease 4(8.5%) NA 

moderate disease 24(51.0%) NA 

Severe disease 10(21.3%) NA 

critical disease 7(14.8%) NA 

※ The 47 patients with COVID-19 were longitudinal observed in period of disease and two 125 

months after clearance of the SARS-CoV-2 virus.  126 

1 The antibiotics included quinolones and cephalosporins. 127 

2 The antivirals included Lopinavir/ritonavir, Ribavirin, Oseltamivir and interferon. 128 

 129 

The persist dysbiosis of oropharyngeal microbiome in patients with 130 

COVID-19 even two months after clearance of the SARS-CoV-2 virus 131 

We employed metatranscriptomic sequencing in all the 134 oropharyngeal 132 

swabs to obtain unbiased microbial profiles. In order to remove possible 133 

contamination, blank control samples, including another 6 swabs not sampled 134 

were tested. These blank control samples were applied to extract microbial 135 

genomic nucleotide and were tested using the same batch of consumables and 136 

reagents in the same equipment and laboratory. Then we analyzed the 137 

unbiased metatranscriptome sequencing data of 140 samples using a 138 

database[15] (built by updating all the complete genomes from NCBI Refseq 139 

database in real time) consisting of 4,409 genera (37,933 species) of bacteria, 140 

fungi, and viruses for taxonomic classification.  141 

The persist oropharyngeal bacterial dysbiosis: Overall, 534 unique genera 142 

of bacteria were detected in oropharyngeal swabs from HCG, PDG and CG. 143 
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There were 73 genera with relative abundance greater than 0.01% in 534 144 

genera. The relative abundances of the most top20 abundant bacterial profiles 145 

in oropharyngeal swabs from HCG, PDG and CG were shown as Fig.1a, b, c, 146 

and top20 abundant bacterial profiles of every subjects were shown as 147 

Suppl.Fig.1a, b, c. Among the 534 genera, the PDG, CG and HCG groups 148 

shared with 244 genera and had 63, 36 and 61 unique genera, respectively 149 

(Fig.1e); Among the 244 shared genera, Prevotella were dominant genera of 150 

the PDG and CG (Fig.1f). Consistent with previous researches[16, 17], the 151 

major bacterial genera in HCG were Actinomyces (12.1%), Acetobacter 152 

(10.9%), Rothia (10.4%), Bacteroides (9.5%), Prevotella (8.8%) (Fig.1a). 153 

Actinomyces and Rothia decreased remarkably in group PDG and CG (Fig.1d). 154 

Prevotella (18.3%), Neisseria (11.0%), Alloprevotella (5.5%), and 155 

Fusobacterium (4.1%) in PDG were significantly higher than that in HCG 156 

(Fig.1b and Fig.1d). Two months after SARS-CoV-2 virus has been cleared, 157 

Prevotella (19.4%), Neisseria (14.2%), Alloprevotella (6.9%), and 158 

Fusobacterium (5.1%) in CG were even higher than that in HCG or in PDG 159 

(Fig.1a, b, c and d). These results indicated that the bacterial microecology of 160 

oropharynx was obviously disturbed by SARS-CoV-2 infection, and it was hard 161 

to get back to normal even two months after the virus has been cleared. 162 

The persist oropharyngeal fungal dysbiosis: Overall, 103 unique genera of 163 

fungi were detected in oropharyngeal swabs from HCG, PDG and CG. There 164 

were 57 genera with relative abundance greater than 0.01% in 103 genera. The 165 
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relative abundances of the most top20 abundant fungal profiles in 166 

oropharyngeal swabs from HCG, PDG and CG were shown as Fig.2a, b, c. 167 

top20 abundant fungal profiles of every subjects were shown as Suppl.Fig.2a, 168 

b, c. The PDG, CG and HCG shared with 40 genera and had 12, 11 and 6 169 

unique genera, respectively (Fig.2e); Among the 40 shared genera, Aspergillus 170 

were dominant genera of the PDG and CG (Fig.2f). The major genera in HCG 171 

were Malassezia (16.4%), Aspergillus (14.8%), Clavispora (14.1%), Daldinia 172 

(13.6%), Kwoniella (7.7%) (Fig.2a). Compared with HCG, Malassezia, 173 

Clavispora and Pseudogymnoascus decreased remarkably in PDG and CG 174 

(Fig.2d). Aspergillus (20.5%) and Saccharomyces (15.7%) in PDG were 175 

significantly higher than that in HCG (Fig.2b, d). Two months after SARS-CoV-176 

2 virus has been cleared, Aspergillus (20.6%), Trametes (10.6%), Yarrowia 177 

(4.8%), and Komagataella (3.6%) in CG were even higher than that in HCG or 178 

PDG (Fig.2a, b, c and d). As bacterial microecology shown before, fungal 179 

microecology rarely returned to normal two months after the SARS-CoV-2 has 180 

been removed. 181 

The persist oropharyngeal viral dysbiosis: Rhinovirus A, Rhinovirus C and 182 

Human gamma herpesvirus 4 were the major viruses in oropharyngeal swabs 183 

from HCG. In addition to the greatly increase of SARS-CoV-2, Human beta 184 

herpesvirus 7 also increased in oropharyngeal swabs from PDG than that in 185 

HCG, but Rhinovirus A and Rhinovirus C decreased significantly. Opportunistic 186 

viruses, including Human gamma herpesvirus 4, Human alpha herpesvirus 1 187 
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and Porcine type C oncovirus were richer in oropharyngeal swabs from CG than 188 

that in HCG and PDG(Fig.3a). 189 

Little changes in α-diversity among HCG, PDG and CG: We investigated 190 

longitudinal dynamics of oropharynx microbial (include bacteria and fungi) 191 

profiles in COVID-19 over time of exacerbation and explored whether recovery 192 

from SARS-CoV-2 infection was associated with restoration of oropharyngeal 193 

microbial profiles to a community similar to that of healthy individuals. Results 194 

from α-diversity microbial analyses (measured by the Shannon Diversity Index 195 

and Observed Diversity Index) have demonstrated little changes in α-diversity 196 

among PDG, CG and HCG (P＞0.05) (Fig.4a, b). 197 

Obviously changes in β-diversity among HCG, PDG and CG: Principal 198 

coordinates analysis (PCoA) based on Bray-Curtis distance was used to 199 

visualize the apparent differences in microbial community structure. Fig. 4c 200 

shows that the PDG and CG are extremely separate from HCG, suggesting that 201 

oropharyngeal microbial structures were modulated by SARS-CoV-2 infection 202 

and could not recover even virus was cleared two month later. The analysis of 203 

similarities (ANOSIM) plot shows that the inter-group difference was greater 204 

than the intra-group difference (Fig. 4d, R= 0.246, P = 0.001). 205 

In conclusion, the SARS-CoV-2 infection has a strong influence on the 206 

composition of oropharyngeal microbiome. 207 

Obviously changes in antibiotic resistance gene expression among HCG, 208 

PDG and CG: To characterize antibiotic resistance gene expression profiles, 209 
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we analyzed the metatranscriptomic sequence reads based on Comprehensive 210 

Antibiotic Resistance Database (CARD 2020; https://card.mcmaster.ca). 211 

Across the dataset, we identified genes that confer resistance to 13 classes of 212 

antibiotics (Fig. 5a, b) with variations across the swabs. The expression of 213 

multidrug resistance genes (especially multidrug resistance, tetracycline and 214 

glycopeptide) in the oropharyngeal microbiome of patients with COVID-19 were 215 

higher than that in healthy controls, and returned to normal two months after 216 

virus clearance. 217 

Alteration of main oropharyngeal microbial composition reflects disease 218 

severity of patients with COVID-19 219 

In order to explore the role of oropharyngeal microbiome in patients with 220 

COVID-19, PDG subjects were further categorized as mild, moderate, severe, 221 

and critical according to the Diagnosis and Treatment Scheme for COVID-19 222 

released by the National Health Commission of China (Version7)[8, 13, 14], and 223 

mild, moderate patients with COVID-19 were divided as mild-moderate group 224 

(MMG), severe and critical patients with COVID-19 were divided as severe-225 

critical group (SCG). Associations between alteration of main oropharyngeal 226 

microbial composition in patients with COVID-19 and the magnitude of COVID-227 

19 severity were analysed. 228 

Prevotella increased gradually along with the symptom aggravated: Top20 229 

Notably, Prevotella increased significantly in PDG than that in HCG (Wilcoxon 230 

rank-sum test, p＜0.001) ( Fig.1d). As to the subgroup of PDG, Top20 bacterial 231 
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profiles in oropharyngeal swabs from MMG and SCG were shown as Fig.6a, b. 232 

The abundance of Prevotella in SCG was significantly higher (20.1%) than that 233 

in MMG (17.3%) (Fig.6c). Prevotella increased gradually，along with the 234 

severity of patients with COVID-19 aggravated gradually. (Fig.6d). To 235 

investigate the potential effects of the Prevotella in oropharynx of patients with 236 

COVID-19, we used a spearman analysis strategy for the parallel evaluation of 237 

all quantitative clinical traits from COVID-19 patients.  Remarkably, there was 238 

a positive correlation between Prevotella and the elevation of Neutrophil 239 

percentage (R = 0.301, p = 0.040) (Fig.6e). These results indicated that it would 240 

be necessary to verify the synergic role of Prevotella in inducing severity of 241 

SARS-CoV-2 mediated pneumonia. 242 

Aspergillus increased remarkably in critical Patients with COVID-19: It 243 

was observed that patients with severe COVID-19 had an increased risk of 244 

coexisting Aspergillus infection [18]. As to the subgroup of PDG, Top20 fungal 245 

profiles in oropharyngeal swabs specimens from MMG and SCG were shown 246 

as Fig.7a, b. The abundance of Aspergillus in SCG was significantly higher 247 

(21.7%) than that in MMG (19.8%) (Fig.7c). In particularly, Aspergillus 248 

increased remarkably in critical Patients with COVID-19 (Fig.7d). Therefore, 249 

monitoring the change in abundance of Aspergillus in oropharynx of COVID-19 250 

patients should be considered[18, 19]. 251 

Decreased α-diversity appeared to be associated with COVID-19 severity： 252 

The α -diversity of oropharyngeal microbial profiles did not differ between 253 
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healthy controls and patients with COVID-19 (Fig. 4a,b, P＞0.05). However, the 254 

diversity and richness of oropharyngeal microbial profiles were both 255 

significantly lower in SCG group than MMG group. Obviously, the α-diversity 256 

decreased gradually along with the symptom aggravated(Fig. 8a,b, P＜0.01). 257 

Besides, Principal coordinates analysis (PCoA) of β-diversity between SCG 258 

and MMG demonstrated that the microbial cluster away from each other 259 

(Fig.8c), there were also significant differences among mild, moderate, severe, 260 

and critical groups (Fig.8d). 261 

The severity of COVID-19 was positively correlated with higher SARS-262 

CoV-2 viral load: Fig.3b and Fig.3c showed that severe and critical patients 263 

with COVID-19 had much higher SARS-CoV-2 viral load than others. There was 264 

a negative correlation between SARS-CoV-2 viral load and platelet counts (R = 265 

−0.330, P = 0.022) (Fig.3d). These results indicated that SARS-CoV-2 viral load 266 

may be a biomarker to evaluate if they are able to predict lower platelet counts 267 

and correlate with the severity of COVID-19 disease. In conclusion, early check 268 

of SARS-CoV-2 viral load by metatranscriptome may be helpful for early 269 

detection of critically COVID-19 patients.  270 

Discussion 271 

SARS-COV-2 and other viral infections may alter the microbial composition of 272 

the upper respiratory tract, foster enhanced growth of pathogens, and facilitate 273 

the subsequent entry of large microbial loads into the lower respiratory tract [8, 274 

12, 20, 21], which are frequently associated with a more severe clinical 275 



14 

 

course[12, 18, 19, 22-24]. Besides, a specific bacterial formulation has showed 276 

a significant ameliorating impact on the clinical conditions of patients positive 277 

for SARS-CoV-2 infection[25]. And given the unequivocal association between 278 

gut microbiota composition and COVID-19 disease severity, there is a pressing 279 

need to better understand how perturbation of the host oropharyngeal 280 

microbiome correlates with SARS-COV-2 infections[6]. Based on analysis 281 

unbiased metatranscriptomic data, our longitudinal study has firstly confirmed 282 

that oropharyngeal microbiome composition reflects disease severity and 283 

presents long-term dysbiosis in patients with COVID-19. 284 

The bacterial and fungal microecology of oropharynx were significantly 285 

perturbed by SARS-CoV-2 infection, and they were even hard to return back to 286 

normal two months after the virus was cleared. Certainly, it is hard to ignore the 287 

influence of antibiotic exposure on URT microbiome. However, recent proof 288 

demonstrated that antibiotic drugs have short-term influence on the human gut 289 

microbiome with the bacterial community largely recovering within 30 days of 290 

antibiotic treatment[26, 27]. So, we speculate that SARS-COV-2 infection is the 291 

key factor affecting the microecological dynamics of oropharynx. As other viral 292 

infections, antiviral immune responses induced by SARS-COV-2 is associated 293 

with changes in microbial composition and function in the URT, which in turn 294 

may alter immune function of URT, thereby enhancing the sustainable 295 

proliferation of some bacterial species[12, 21].  296 

Our study conducted in healthy subjects and who underwent SARS-COV-2 297 
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infection failed to demonstrate obvious changes in α -diversity of the 298 

oropharyngeal microbiome. Thus, as other viral infections[12], the effects of 299 

SARS-COV-2 infection on diversity itself are not presently considered a good 300 

indicator of risk for complications, including secondary bacterial pneumonias. 301 

The effect of SARS-COV-2 infection on α  diversity is variable and is not 302 

currently considered a good indicator of the viral infection. Nevertheless, our 303 

study in patients with SARS-COV-2 demonstrated that the α -diversity of 304 

oropharyngeal microbiome decreased significantly associated with COVID-19 305 

severity. 306 

In recent studies by next generation sequencing and MinION sequencing, 307 

Prevotella was found to be the common bacteria in URT of patients with COVID-308 

19 [28, 29]. Notably, rich Prevotella was also detected in the intestines of 309 

patients with COVID-19[3]. The synergism of Prevotella in causing the severity 310 

of streptococcus pneumoniae mediated pneumonia was already known[30]. 311 

Our data about patients with COVID-19 further demonstrated that Prevotella in 312 

oropharynx increased gradually consist with the symptom aggravated and 313 

could not return back to normal even two months after the SARS-COV-2 was 314 

cleared. Through microaspiration from URT, Prevotella could participate in the 315 

immune homeostasis of the low respiratory tract [31], and pulmonary 316 

inflammation had been associated with accumulation of the pulmonary 317 

microbiome with Prevotella, this bacterium mainly activated Toll-like receptor 2 318 

and enhanced the expression IL-23 and IL-1 [32]. In vitro, Prevotella could 319 
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stimulate the production of IL-8, IL-6, and CCL20 in lung epithelial cells, which 320 

promoted neutrophil recruitment [33]. In vivo, we also confirmed that there was 321 

a positive correlation between Prevotella and the elevation of Neutrophil 322 

percentage. Latest evidence about host-pathogen interactions in the severity of 323 

COVID-19 also confirmed Prevotella proteins were over expressed in patients 324 

with COVID-19, and Prevotella proteins, but not SARS-COV-2 proteins were 325 

involved in multiple interactions with NF-kB, which was involved in increasing 326 

clinical severity of COVID-19[34]. In conclusion, Prevotella may play an 327 

important role in COVID-19 outbreak and should be given attention for 328 

understanding disease mechanisms and improving treatment outcomes.  329 

Aspergillus is a common fungal pathogen of secondary infection in patients with 330 

critical COVID-19[18, 19, 35, 36]. Our results showed that Aspergillus increased 331 

remarkably in oropharynx of critical Patients with COVID-19. The respiratory 332 

tract is an interconnected system consisting of oropharynx and low respiratory 333 

tract, with microaspiration serving as the primary route of Aspergillus 334 

immigration from the oropharynx to the low respiratory tract. Therefore, for early 335 

detection of secondary fungal infections, monitoring the change in abundance 336 

of Aspergillus in oropharynx of patients with COVID-19 should be considered. 337 

Soon after the onset of the global SARS-CoV-2 epidemic, the presence of other 338 

common respiratory viruses declined and even disappeared[22, 28]. Our 339 

results by metatranscriptomics are consistent with the absence of other 340 

common respiratory virus coinfection in patients with COVID-19. More 341 
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importantly, the severity of COVID-19 was positively correlated with higher 342 

SARS-CoV-2 viral load and opportunistic viruses were rich even fully recovered 343 

two months later, and there was a negative correlation between SARS-CoV-2 344 

viral load and platelet counts. Platelet count showed significantly lower levels 345 

in severe patients compared to non-severe patients[37]. Meta-analysis of 1799 346 

patients also revealed those with severe COVID-19 infections had significantly 347 

lower platelet counts [37, 38].Therefore, besides keeping an eye on 348 

opportunistic viral infection of convalescent patients with COVID-19, early 349 

check of SARS-CoV-2 viral load by metatranscriptome may be helpful for early 350 

detection of critically COVID-19 patients. 351 

More importantly, we firstly performed metatranscriptomics to characterize the 352 

abundance and diversity of antibiotic resistance genes in the oropharynx 353 

microbiome of patients with COVID-19. Higher relative abundance of antibiotic 354 

resistance genes in the oropharyngeal microbiome of patients with COVID-19 355 

were decreased to normal two months after virus clearance. In line with 356 

previous study[26], Characterization of bacterial antibiotic resistance genes in 357 

the URT microbiome of patients with COVID-19 might help better to choose the 358 

appropriate antibiotics for bacterial co-infection and secondary infection in 359 

patients with COVID-19. 360 

Conclusions 361 

SARS-CoV-2 primarily infects the respiratory tract and significantly perturbs 362 

microecology of oropharynx. Alterations in oropharyngeal microbial 363 
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composition, particularly of Prevotella and Aspergillus, reflect the severity of 364 

disease in patients with COVID-19. Furthermore, the oropharyngeal 365 

microbiome in patients with COVID-19 present persistent dysbiosis two months 366 

after clearance of the SARS-CoV-2 virus. These findings underscore an urgent 367 

need to understand the specific roles of oropharyngeal microorganisms in 368 

COVID-19 disease progression and rehabilitation as well as co-infection and 369 

secondary infection. 370 
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SARS-CoV-2: severe acute respiratory syndrome coronavirus 2 372 

COVID-19: coronavirus disease 2019 373 

URT: upper respiratory tract 374 

PDG: period of disease group 375 

CG: convalescent group 376 

HCG: healthy controls group  377 

RT-qPCR: quantitative reverse transcription polymerase chain reaction 378 

Methods 379 

Study design and specimens collect 380 

We recruited 47 patients with COVID-19 confirmed by positive SARS-CoV-2 381 

quantitative reverse transcription PCR(RT-qPCR) to establish a longitudinal 382 

cohort study. The severity status of confirmed COVID-19 cases was 383 

categorized as mild, moderate, severe, and critical according to the Diagnosis 384 

and Treatment Scheme for COVID-19 released by the National Health 385 
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Commission of China (Version 7). As healthy controls group, we recruited 40 386 

healthy human subjects free of any respiratory infections during the same 387 

timeframe. Written consents were obtained from patients or their guardian(s).  388 

Clinical information and demographic information were collected. 389 

Oropharyngeal samples were obtained for routine diagnostic purposes, and the 390 

residual clinical diagnostic samples were provided for research and 391 

surveillance purposes. We collected oropharyngeal swabs at two time points 392 

(Within a week of diagnosis COVID-19 and two months after clearance of the 393 

SARS-CoV-2 virus. During the same timeframe, we collected oropharyngeal 394 

swabs from 40 healthy human subjects free of any respiratory infections. In 395 

order to remove possible contamination, blank control samples, including 396 

another 6 swabs not sampled, were collected. After collection, the samples 397 

were placed into a tube containing 2mL viral RNA preservation solution.  398 

Samples processing and quantitative real-time PCR test for COVID-19 399 

Total RNA was extracted using QIAamp viral RNA mini kit (QIAGEN 52904, 400 

Germany) following the manufacturer’s protocol. 401 

Real-time RT-PCR was performed by amplifying two target genes, including 402 

open reading frame 1ab (ORF1ab) and nucleocapsid protein (N) using RT-PCR 403 

kit (Sansure Biotech Inc, China) on a Real-time PCR thermal cycler (ABI 7500 404 

system, Applied Biosystems instruments, USA). 405 

Metatranscriptomic sequencing 406 

After extraction, the first strand cDNA was prepared by priming with random 407 
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hexamers followed. Standard RNAseq library was constructed using NGS 408 

library construction kit (Genskey 1906). The libraries were sequenced on 409 

Illumina NextSeq 500-sequencer using a 75-cycle single-end sequencing 410 

strategy and each sample will get nearly 20 million reads.  411 

Data processing 412 

First, software fastp (parameters: -q 15 –u 40 -l 50, version: 0.19.5) [39] was 413 

used to filter low-quality reads, remove adapter and Komplexity (parameters: -414 

t 0.4, version: Nov-2019)[40]was used to remove low complexity reads for raw 415 

data. Then, filtered reads were mapped to the ensembl 84 (GRCh38) human 416 

reference genome to remove host sequences using HISAT2 (version 2.1.0) with 417 

default parameters [41]. Next, unmapped reads were annotated taxonomic 418 

classifications by Kraken2 (version 2.0.9, parameters: --threads 24 --419 

confidence 0.1)[42]with a self-build database (built by downloading all the 420 

complete genomes from NCBI Refseq database, including the SARS-COV-2 421 

reference NC_045512.2. And only genomes from archaea, bacteria, fungi, 422 

protozoa and viral were selected for building a classification database for 423 

Kraken2 (k=35, ℓ=31)). Then, abundance of taxonomy was estimated using 424 

Bracken (version 2.5, parameters: -r 75 -l G, S -t 0) [43]. Finally, microorganisms 425 

satisfying the following criteria were retained for the subsequent analysis: (1) 426 

archaea, bacteria, fungi, or virus; (2) 10-fold higher filtered RPM than that in the 427 

negative control (NC); (3) no batch effect; (4) no known contamination;(5) only 428 

human virus. 429 
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In order to obtain information of antibiotic resistance gene. First, unmapped 430 

reads were assemblied using SPAdes (version: 3.13.0) with default parameters 431 

[44] and scaffolds less than150 bp were removed. Then, MetaGeneMark [45] 432 

was used to predict protein coding genes from the above filtered scaffolds. Next, 433 

the abundance of antibiotic resistance genes were annotated by aligning the 434 

sequence of the above predicted genes to Comprehensive Antibiotic 435 

Resistance Database (CARD 2020; https://card. mcmaster.ca) [46] using the 436 

HISAT2 alignment method with default parameters. Each gene was filtered to 437 

have at least two matching reads. Finally, only antibiotic resistance genes 438 

occurred in >25% of samples were used for further statistical analyses. 439 

Statistical analysis 440 

Statistical analyses were done using R (version 3.5.1). The α-diversity was 441 

analyzed by vegan function with R packages. Principal co-ordinates analysis 442 

(PCoA) was based on Bray-Curtis dissimilarity (BCD) distance matrices[47]. 443 

Differences between groups in the α-diversity were evaluated using the Mann-444 

Whitney test or the Kruskal-Wallis test. False discovery rate (FDR) values were 445 

estimated using the Benjamini–Yekutieli method to control for multiple testing 446 

[48]. Principal component analysis (PCA) was analyzed by prcomp function with 447 

R packages [49]. Analysis of similarities (ANOSIM) was used to statistically test 448 

whether there is a significant difference between two or more groups of 449 

sampling units[50]. The log10 value was used to show the abundance of 450 

antibiotic resistance gene. Finally, the spearman correlation method [51] was 451 
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used to analyze the correlation analysis between microbe and clinical index, 452 

and a correlation coefficient of more than 0.300 is considered [52]. A p-value of 453 

< 0.05 was considered statistically significant. Concerning symbols used to 454 

represent higher orders of significance, P < 0.05 was indicated by *, P < 0.01 by 455 

** and P < 0.001 by ***. 456 
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 623 

Fig.1 Oropharyngeal bacterial characterization and alterations among HCG, 624 

PDG and CG. Average compositions of relative abundance of the top20 625 

bacterial communities for each group at the genus level, a for HCG, b for PDG 626 

and c for CG. d Alterations of top20 bacterial communities among the three 627 

groups at the genus level, Especially, Prevotella is significantly higher in PDG 628 
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than that in HCG (Wilcoxon rank-sum test, p＜0.001). e Venn diagram showing 629 

shared and unique genus of the three groups. f Ternary plots depicting the 244 630 

shared bacterial landscape on genus level among HCG, PDG and CG group. 631 

The sum of the proportion for one specific bacteria in the three groups was set 632 

as 1, and the proportion of one specific bacteria in each group is equal to its 633 

corresponding relative abundance divided by the relative abundance sum of 634 

this bacteria in the three groups. The size of the circles represents the relative 635 

abundance of the genus. 636 
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 637 

Fig.2 Oropharyngeal fungal characterization and alterations among HCG, PDG 638 

and CG. Average compositions of relative abundance of the top20 fungal 639 

communities for each group at the genus level, a for HCG, b for PDG and c for 640 

CG. d Alterations of top20 fungal communities among the three groups at the 641 

genus level. e Venn diagram showing shared and unique genus of the three 642 
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groups. f Ternary plots depicting the 244 shared fungal landscape on genus 643 

level among HCG, PDG and CG group. The sum of the proportion for one 644 

specific bacteria in the three groups was set as 1, and the proportion of one 645 

specific fungi in each group is equal to its corresponding relative abundance 646 

divided by the relative abundance sum of this fungi in the three groups. The 647 

size of the circles represents the relative abundance of the genus. 648 

 649 

Fig.3 Oropharyngeal SARS-CoV-2 viral load was positively correlated with the 650 

severity of COVID-19. a The relative abundance changes of 7 oropharyngeal 651 

viral species (including SARS-COR-2) among HCG, PDG and CG group, b 652 

among MMG and SCG group, c among Mild, Moderate, Severe and Critical 653 

group. d Negative correlation between SARS-CoV-2 viral load (x-axis) and 654 
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platelet counts (y-axis) (Spearman correlation analysis: R = −0.330, P = 0.022), 655 

Linear regression lines are shown in each scatter plot in black, and shaded 656 

regions represent 95% confidence intervals. 657 

 658 

Fig.4 Oropharynx microbial alterations in diversity among HCG, PDG and CG. 659 

a Little changes in Observed index among HCG, PDG and CG (NS: P＞0.05). 660 

b Little changes in Shannon index among HCG, PDG and CG (NS: P＞0.05). c 661 

Principal coordinate analysis (PCoA) of Bray–Curtis distance showed obviously 662 

changes in β-diversity among HCG, PDG and CG. The colors represent three 663 

different groups. PCoA1 and PCoA2 represent the top two principal coordinates 664 

that captured most of the diversity. The fraction of diversity captured by the 665 
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coordinate is valued as a percentage. d. The analysis of similarities (ANOSIM) 666 

based on Bray–Curtis distance shows that R > 0 and P < 0.05, indicating that 667 

the inter-group difference among HCG, PDG and CG was greater than the intra-668 

group difference in each group. The R means the statistical value of ANOSIM, 669 

y-axis value means Bray–Curtis rank, and 999 was used for the permutations. 670 

NS means no significant. 671 

 672 

Fig.5 Obviously changes of oropharynx microbial antibiotic resistance genes 673 
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expression among HCG, PDG and CG. a Heatmap for the relative abundances 674 

of microbial antibiotic resistance genes expression between HCG and PDG. b 675 

Heatmap for the relative abundances of microbial antibiotic resistance genes 676 

expression between PDG and CG. The relative abundance changes from low 677 

to high is showed by color changes from blue to red. The log10 value was used 678 

to show the abundance of antibiotic resistance gene. 679 

 680 
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Fig.6 Alterations of oropharyngeal bacteria reflected disease severity in 681 

patients with COVID-19. a, b Average compositions of relative abundance of 682 

the top20 bacterial communities of MMG and SCG groups at the genus level. c 683 

Alterations of top20 bacterial communities among the MMG and SCG groups 684 

at the genus level. d Alterations of top20 bacterial communities among the Mild, 685 

Moderate, Severe and Critical groups at the genus level. Especially, the 686 

alteration of Prevotella gradually increased along with the symptom aggravated 687 

in patients with COVID-19. e Positive correlation between Prevotella relative 688 

abundance (x-axis) and the elevation of Neutrophil percentage (y-axis) 689 

(Spearman correlation analysis: R = 0.301, p = 0.040), Linear regression lines 690 

are shown in each scatter plot in black, and shaded regions represent 95% 691 

confidence intervals. 692 
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 693 

Fig.7 Alterations of oropharyngeal fungi reflected disease severity in patients 694 

with COVID-19. a, b Average compositions and relative abundance of the top20 695 

fungal communities of MMG and SCG groups at the genus level. c Alterations 696 

of top20 fungal communities among the MMG and SCG groups at the genus 697 

level. d Alterations of top20 fungal communities among the Mild, Moderate, 698 

Severe and Critical groups at the genus level. Especially, Aspergillus increased 699 

remarkably in critical Patients with COVID-19. 700 
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 701 

Fig.8 Decreased oropharyngeal microbiome in diversity appeared to be 702 

associated with COVID-19 severity. a Obviously decreased oropharyngeal 703 

microbiome in Observed index between MMG and SCG (**: P＜0.001). b 704 

Obviously decreased oropharyngeal microbiome in Shannon index between 705 

MMG and SCG (**: P＜0.001). c Principal coordinate analysis (PCoA) of Bray–706 

Curtis distance showed obviously changes in β-diversity among MMG and SCG 707 

groups. d Principal coordinate analysis (PCoA) of Bray–Curtis distance showed 708 

obviously changes in β-diversity among Mild, Moderate, Severe and Critical 709 

groups. The colors represent different groups. PCoA1 and PCoA2 represent 710 
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the top two principal coordinates that captured most of the diversity. The 711 

fraction of diversity captured by the coordinate is valued as a percentage. 712 

 713 

Suppl.Fig.1 Oropharyngeal bacterial characterization of every subjects among 714 

HCG, PDG and CG. Average compositions of relative abundance of the top20 715 

bacterial communities for each group at the genus level, a for HCG, b for PDG 716 

and c for CG. shared bacterial landscape on genus level among HCG, PDG 717 

and CG group.  718 

 719 
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 720 

Suppl.Fig.1 Oropharyngeal fungal characterization of every subjects among 721 

HCG, PDG and CG. Average compositions of relative abundance of the top20 722 

fungal communities for each group at the genus level, a for HCG, b for PDG 723 

and c for CG. shared bacterial landscape on genus level among HCG, PDG 724 

and CG group.  725 

 726 



Figures

Figure 1

Oropharyngeal bacterial characterization and alterations among HCG, PDG and CG. Average
compositions of relative abundance of the top20 bacterial communities for each group at the genus level,
a for HCG, b for PDG and c for CG. d Alterations of top20 bacterial communities among the three groups
at the genus level, Especially, Prevotella is signi�cantly high er in PDG than that in HCG (Wilcoxon rank
than that in HCG (Wilcoxon rank--sum test, sum test, pp0.001)0.001). . ee Venn diagram showing Venn
diagram showing shared and unique genus of the three groups. shared and unique genus of the three
groups. ff Ternary plots depicting the 244 Ternary plots depicting the 244 shared bacterial landscape on
genus level among HCG, PDG and CG group. shared bacterial landscape on genus level among HCG, PDG
and CG group. The sum of the proporThe sum of the proportion for one speci�c bacteria in the three
groups was set tion for one speci�c bacteria in the three groups was set as 1, and the proportion of one



speci�c bacteria in each group is equal to its as 1, and the proportion of one speci�c bacteria in each
group is equal to its corresponding relative abundance divided by the relative abundance sum of
corresponding relative abundance divided by the relative abundance sum of this bacteria in the three
groups. The sizethis bacteria in the three groups. The size of the circles represents the relative of the
circles represents the relative abundance of the genus.abundance of the genus.

Figure 2

Oropharyngeal fungal characterization and alterations among HCG, PDG and CG. Average compositions
of relative abundance of the top20 fungal communities for each group at the genus level, a for HCG, b for
PDG and c for CG. d Alterations of top20 fungal communities among the three groups at the genus level.
e Venn diagram showing shared and unique genus of the three groups. groups. ff Ternary plots
depiTernary plots depicting the 244 shared cting the 244 shared fungalfungal landscape on genus
landscape on genus level among HCG, PDG and CG group. The sum of the proportion for one level
among HCG, PDG and CG group. The sum of the proportion for one speci�c bacteria in the three groups
was set as 1, and the proportion of one speci�c bacteria in the three groups was set as 1, and the



proportion of one speci�c fungi in each group is equal to its corresponding relspeci�c fungi in each group
is equal to its corresponding relative abundance ative abundance divided by the relative abundance sum
of this fungi in the three groups. The divided by the relative abundance sum of this fungi in the three
groups. The size of the circles represents the relative abundance of the genus.size of the circles
represents the relative abundance of the genus.

Figure 3

Oropharyngeal SARS CoV 2 viral load was positively correlated with the severity of COVI D 19. a The
relative abundance changes of 7 oropharyngeal viral species (including SARS-COR-2) among HCG, PDG
and CG group, b among MMG and SCG group, c among Mild, Moderate, Severe and Critical group. d
Negative correlation between SARS-CoV-2 viral load (x-axis) and platelet counts (y-axis) (Spearman
correlation analysis: R = −0.330, P = 0.022), Linear regression lines are shown in each scatter plot in
black, and shaded regions represent 95% con�dence intervals.



Figure 4

Oropharynx microbial alterations in diversity among HCG, PDG and CG. a Little changes in Observed
index among HCG, PDG and CG (NS: P 0.05). b Little changes in Shannon index among HCG, PDG and
CG (NS: P 0.05). c Principal coordinate analy sis (PCoA) of Bray Curtis distance showed obviously
changes in β diversity among HCG, PDG and CG. The colors represent three different groups. PCoA1 and
PCoA2 represent the top two principal coordinates that captured most of the diversity. The fraction of
diversity captured by the coordinate is valued as a percentage. coordinate is valued as a percentage. dd.
The analysis of similarities (ANOSIM) . The analysis of similarities (ANOSIM) based on Braybased on
Bray––Curtis distance shows that R > 0 and Curtis distance shows that R > 0 and PP < 0.05, indicating
that < 0.05, indicating that the interthe inter--group difference among HCG, PDG and CG was greater than
the intragroup difference among HCG, PDG and CG was greater than the intra--group difference in each
group. The R means the statistical value of ANOSIM, group difference in each group. The R means the
statistical value of ANOSIM, yy--axis value means Brayaxis value means Bray––Curtis rank, and 999 was



used for the permutations.Curtis rank, and 999 was used for the permutations. NSNS means no
signi�cant.means no signi�cant.

Figure 5

Obviously changes of oropharynx microbial antibiotic resistance genes expression among HCG, PDG and
CG. a expression among HCG, PDG and CG. a Heatmap for the relative abundances Heatmap for the
relative abundances of microbial antibiotic resistance genes expression between HCG and PDG. of
microbial antibiotic resistance genes expression between HCG and PDG. bb Heatmap Heatmap for the
relative abundances of microbial antibiotic resistance genes for the relative abundances of microbial
antibiotic resistance genes expression between PDG and CG. The relative abundance changes from low
expression between PDG and CG. The relative abundance changes from low to high is showed by color
changes from blue to red. The log10 value was used to high is showed by color changes from blue to red.
The log10 value was used to show the abundance ofto show the abundance of antibiotic reantibiotic
resistance genesistance gene..



Figure 6

Alterations of oropharyngeal bacteria re�ected disease severity in patients with COVID 19. a, b Average
compositions of relative abundance of the top20 bacterial communities of MMG and SCG groups at the
genus level. c Alterations of top20 bacterial communities among the MMG and SCG groups at the genus
level. d Alterations of top20 bacterial communities among the Mild, Moderate, Severe and Critical groups
at the genus level. Especially, the alteration of Prevotella gradually increased along with the symptom
aggravated in patients with COVID 19. e Positive correlation between Prevotella relative abundance (x-
axis) and the elevation of Neutrophil percentage (y-axis) (Spearman correlation analysis: R = 0.301, p =
0.040), Linear regression lines are shown in each scatter plot in black, and shaded regions represent 95%
con�dence intervals



Figure 7

Alterations of oropharyngeal fungi re�ected disease severity in patients with COVID 19. a, b Average
compositions and relativ e abundance of the top20 fungal communities of MMG and SCG groups at the
genus level. c Alterations of top20 fungal communities among the MMG and SCG groups at the genus
level. d Alterations of top20 fungal communities among the Mild, Moderate, Severe and Critical groups at
the genus level. Especially Aspergillus increased remarkably in critical Patients with COVID 19.



Figure 8

Decreased oropharyngeal microbiome in diversity appeared to be associated with COVID 19 severity. a
Obviously decreased oropharyngeal microbiome in Observed index between MMG and SCG (**: P 0.001).
b Obviously decreased oropharyngeal microbiome in Shannon index between MMG and SCG (**: P
0.001). c Principal coordinate analysis (PCoA) of Bray Curtis distance showed obviously changes in β
diversity among MMG and SCG groups. d Principal coordinate analysis (PCoA) of Bray Curtis distance
showed obviously changes in β diversity among Mild, Moderate, Severe and Critical groups. The colors
represent different groups. PCoA1 and PCoA 2 represent the top two principal coordinates that captured
most of the diversity. The the top two principal coordinates that captured most of the diversity. The
fraction of diversity captured by the coordinate is valued as a percentage.fraction of diversity captured by
the coordinate is valued as a percentage.
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