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SUMMARY 

COVID-19 infections can affect the architecture of the oropharyngeal microbiome in severe cases. 

Neisseria or Haemophilus spp. can predict poor outcomes in hospitalized patients, but antibiotic 

treatments, ventilation or sampling timepoints are major confounders when considering microbiome 

features as biomarkers.  
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ABSTRACT: 

Background: At the entry site of respiratory virus infections, the oropharyngeal microbiome has been 

proposed as a major hub integrating viral and host immune signals. Early studies suggested that 

infections with Coronavirus 2 (SARS-CoV-2) are associated with changes of the upper and lower 

airway microbiome, and that specific microbial signatures may predict COVID-19 illness. However, 

the results are not conclusive, as critical illness can drastically alter a patient’s microbiome through 

multiple confounders.  

Methods: To study oropharyngeal microbiome profiles in SARS-CoV-2 infection, clinical 

confounders, and prediction models in COVID-19, we performed a multi-center, cross-sectional 

clinical study analyzing oropharyngeal microbial metagenomes in healthy adults, patients with non-

SARS-CoV-2 infections, or with mild, moderate and severe COVID-19 (n=322 participants).  

Results: In contrast to mild infections, patients admitted to a hospital with moderate or severe 

COVID-19 showed dysbiotic microbial configurations, which were significantly pronounced in 

patients treated with broad-spectrum antibiotics, receiving invasive mechanical ventilation, or when 

sampling was performed during prolonged hospitalization. In contrast, specimens collected early after 

admission allowed us to segregate microbiome features predictive of hospital COVID-19 mortality 

utilizing machine learning models. Taxonomic signatures were found to perform better than models 

utilizing clinical variables with Neisseria and Haemophilus species abundances as most important 

features.  

Conclusion: In addition to the infection per se, several factors shape the oropharyngeal microbiome 

of severely affected COVID-19 patients and deserve consideration in the interpretation of the role of 

the microbiome in severe COVID-19. Nevertheless, we were able to extract microbial features that 

can help to predict clinical outcomes. 

 

KEYWORDS 
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INTRODUCTION 

The microbiome constitutes a signaling hub regulating host immunity, mucosal homeostasis 

and defense against pathogens [1]. The oropharyngeal and lung microbiome has been previously 

studied during respiratory syncytial virus (RSV) and influenza respiratory tract infection [2, 3]. At 

these body sites, the microbiome was found to modulate viral infections through adaptions of mucosal 

immunity or inhibition of mucosal virus adherence [4], which eventually affect the clinical course of 

these infections [5]. Viruses can also facilitate pathogen colonization, eventually leading to bacterial 

superinfections and acute respiratory distress syndrome [6, 7]. A few studies have already explored 

associations of the nasal, oropharyngeal or lung microbiome with severity of COVID-19 or its role as 

a prognostic biomarker with so far inconclusive results [8-13]. In particular, most of these studies 

investigated microbiome profiles of patients with severe COVID-19 that were admitted to a hospital 

or even an ICU for emergency medical treatment and not mildly or moderately affected cases. Upper 

vs. lower respiratory tract sampling, collection timepoint after admission, or sampling while on 

antibiotics or during invasive mechanical ventilation are major factors that can determine diversity 

and composition of the microbiome at these sites [14, 15]. Considering that treatment- and patient-

related factors can contribute to extreme dysbiosis and expansion of pathobionts in patients with 

critical illness, confounder analyses are mandatory in these studies to elucidate associations beyond 

noise and to identify potential biomarkers for disease outcomes. 

 

MATERIALS AND METHODS 

Study cohort description  

Recruitment. Seven German medical centers participated in the recruitment of inpatient subjects (both 

sexes, 21-93 years of age) with laboratory confirmed COVID-19 (n=124): University Clinic 

Heidelberg (Thoraxklinik and Department of Gastroenterology and Infectious Diseases), University 

Hospital Mannheim, University Clinic Regensburg, University Clinic Frankfurt, Klinikum rechts der 

Isar of Technical University Munich, and University Heart Center Freiburg. The oropharyngeal 

specimens of inpatients were collected prospectively between 30 March 2020 and 14 November 2020. 

Recruitment of outpatient subjects (n=148, both sexes, 18-86 years of age) was performed in COVID-

19 test centers run by the Heidelberg public health department. Testing was initiated by health 

authorities because of emerging, new influenza-like symptoms, individual contact with SARS-CoV-2 

infected people or travel to COVID-19 outbreak areas. Adult healthy controls (n=74, both sexes, 23-

70 years of age; no SARS-CoV-2 infection, no symptoms for upper respiratory tract infections) were 

recruited among volunteers from DKFZ, University Clinic Heidelberg and the National Center for 
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Tumor Diseases Heidelberg. After quality control of metagenomic sequencing reads including 

rarefaction (for details see supplemental information), samples from 24 patients were excluded from 

the analysis. Only data from study subjects with samples included in the final analysis (n = 322) are 

presented in the manuscript. 

Participant metadata. Epidemiological, clinical, laboratory, treatment and outcome data of inpatient 

study participants were extracted from medical records using a standardized version of the WHO case 

record form for severe acute respiratory infections [16]. Baseline epidemiologic characteristics, 

symptoms of infection and antibiotic use were captured from healthy volunteers and outpatient 

participants.  

Assessment of COVID-19 severity according to the WHO guidance document for clinical management 

of COVID-19 (May 27
th
, 2020). Symptomatic patients who were tested positive for SARS-CoV-2 

infection without evidence of pneumonia or hypoxia were categorized as mild COVID-19. These 

were largely patients that were screened for the infection in the outpatient test center. Patients 

admitted to the hospital with signs of pneumonia but no signs of severe pneumonia (including SpO2 ≥ 

93% on room air) and tested positive for SARS-CoV-2 were considered to have a moderate disease. 

Severe COVID-19 was assigned to cases with severe pneumonia (respiratory rate > 30 breaths/min; or 

SpO2 < 93% on room air), acute respiratory distress syndrome, sepsis or septic shock. For six patients 

in the severe COVID-19 group that received mechanical ventilation, we do not have gender, age or 

clinical outcome information. Clinical outcomes were monitored until December 22
nd

, 2020. 

 

Specimen collection, processing, metagenome sequencing and analysis  

Oropharyngeal samples for microbiome analyses were collected cross-sectionally primarily around 

admission or in a few cases at later time points (see Results section). Laboratory confirmation of 

SARS-CoV-2 was performed by RT-PCR in certified diagnostic departments of the participating 

university hospitals or in our laboratory in accordance with the protocol established by the WHO. 

Shotgun metagenome sequencing was carried out on DNA extracted from oropharyngeal biospecimen 

following standard Illumina workflows of our laboratory. Metagenomic data processing was 

performed after demultiplexing using either Kraken 2 / Bracken for microbial taxonomy profiling. 

 

A detailed description of the methods is available online as supplemental material. 
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RESULTS 

To study the role of the human oropharyngeal microbiome in SARS-CoV-2 infection and illness, we 

collected oropharyngeal biospecimens from a multi-center patient and healthy volunteer cohort in 

Germany Between March and November 2020 (n = 322). We recruited healthy adult individuals, 

patients with mild, moderate or severe COVID-19, and SARS-CoV-2 negative patients with mild 

upper respiratory infections or with critical pneumonia. Demographic and clinical characteristics are 

reported in Table 1 and the Methods section. Mild COVID-19 was assigned to patients presenting 

with symptoms of upper respiratory tract infections that were not hospitalized (Table S1). Patients 

with moderate or severe disease were hospitalized with lower respiratory tract symptoms. In our 

cohort, 65 cases with severe COVID-19 required intensive care unit (ICU) therapy, and 42 out of 

them deteriorated over the course of hospitalization and required invasive mechanical ventilation or 

extracorporeal membrane oxygenation (ECMO); 22 patients (21.6%) died by the conclusion of our 

study. Table S2 presents pre-existing conditions and medical treatments of the hospitalized patients of 

our study cohort.  

To characterize the oropharyngeal microbiome profiles in our cohort, we used shotgun 

metagenome sequencing on oropharyngeal samples from all study subjects that were collected either 

during SARS-CoV-2 screening of suspected cases or during/after admission of patients with 

confirmed or suspected COVID-19. The number of metagenomic reads obtained from the 

oropharyngeal biospecimens and the fractions of human, bacterial and viral reads are listed in Table 

S3 (Table S4 for complete list of individual bacterial reads). Analyzing alpha diversity using the 

Shannon index, hospitalized COVID-19 patients showed a lower bacterial diversity (Figure 1A), but 

the differences were not significant after FDR adjustment of p-values (mild vs. moderate: p=0.73; 

moderate vs. severe: p=0.08). The Simpson’s alpha diversity index, which also weighs taxonomic 

abundances, did not differ significantly between groups (Figure S1). Richness and Chao index, a 

richness estimator, were found reduced in the microbiome of hospitalized patients (Figure S1A). 

Differences in microbiome compositions between each group were most apparent in a principal 

coordinate analysis (PCoA) with significant separations according to COVID-19 severity 

(PERMANOVA: F=10.6, p<0.001; Figure 1B). We further classified samples with taxonomic 

compositions highly unlike those of healthy controls as “dysbiotic”
15

 as measured by Bray-Curtis 

beta-diversity distances
16

. We observed that patients with moderate and severe COVID-19 showed a 

significantly higher dysbiosis index of the oropharyngeal microbiome compared to healthy controls, 

URT patients and mild COVID-19 patients, respectively (Figure 1C). We further asked whether other 

patient anthropometrics and clinical variables contribute to the variation of the oropharyngeal 

microbiome than COVID-19 severity. As shown in Figure 1D, antibiotic exposure and severity of the 

infection explained most variance in the taxonomy and to only a minor extend to the microbial gene 

repertoire or metabolic pathways encoded in the microbiome. No differences in the SARS-CoV-2 
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virus load in the upper respiratory tract of patients with moderate or severe disease or with low vs. 

high microbial dysbiosis were observed in our cohort (Figure S1B).  

Hospitalized COVID-19 patients, notably severe cases, are frequently treated with antibiotics 

[17, 18]. In our inpatient cohort, 79.4% of all patients received broad-spectrum antibiotic treatments 

(Table S2), mainly piperacillin/tazobactam (72.8%), carbapenems (21.0%), ampicillin/sulbactam and 

amoxicillin/clavulanic acid (9.9%) or macrolides (8.6% of all antibiotics administered). 

Administration of these antibiotics during oropharyngeal sample collection significantly affected the 

compositional diversity of the microbiome (Figures 2A and S2A; PERMANOVA: F=25.5, p<0.001). 

This was reflected by a significantly higher dysbiosis index of samples collected during antibiotic 

exposure in patients with severe COVID-19 (Figure 2B), with similar trends in patients with moderate 

disease (p=0.22). The alpha diversity was not affected by antibiotic administration in hospitalized 

patients (Figure 2B). The time spent in an ICU has also been reported to affect the structure of the oral 

and upper respiratory tract microbiome with longer ICU stays being associated with lower diversity 

[19]. In our study, most of the oropharyngeal samples were collected at or early after hospital 

admission, and only a few swabs were taken at later timepoints (Figure S2B). Stratifying samples 

collected early (day 0-3, n=51), intermediate (day 4-14, n=34) or late after hospital admission (n=17) 

had a strong effect on the microbial community structure as observed in a PCoA (Figure 2C; 

PERMANOVA: F=3.6, p<0.001). A loss of diversity and an increased dysbiosis that is associated 

with the length of hospital stay was only observed in severe COVID-19 cases, i.e., those admitted to 

an ICU, and only in samples collected at a late timepoint (Figure 2D). As this community disruption 

was seen only in severe COVID-19, we hypothesized that intensive medical care with intubation and 

mechanical ventilation affects the structure of the oropharyngeal microbiome. As presented in Figure 

2E, mechanical ventilation at the time of specimen collection has a significant effect on the 

compositional diversity of the microbiome in hospitalized COVID-19 patients (PERMANOVA: 

F=4.9, p<0.001). Although trending towards lower levels, especially in samples from late collection 

timepoints, the alpha diversity was not significantly reduced in the oropharyngeal microbiome 

collected during invasive mechanical ventilation (Figure 2F). In contrast, samples taken at late 

timepoints and during invasive ventilation had a significantly increased dysbiosis score (Figure 2F). 

The factors age and center had only modest effects, whereas ICU admission a significant effect on the 

composition of the oropharyngeal microbiome in hospitalized COVID-19 patients (Figures S2C-E; 

PERMANOVA: age: F=1.04, p=0.362; center: F=1.1, p=0.282; ICU admission: F=2.9, p<0.01).  

So far, we found that antibiotic exposure, sampling timepoint, intubation and invasive 

ventilation determine structure and composition of the oropharyngeal microbiome. This is reflected by 

mono-domination patterns of individual bacterial species observed in patients with moderate and 

severe COVID-19, whereas a rather diverse ecology of microbes was observed in healthy controls, 

patients with non-SARS-CoV-2 URT, or mild COVID-19 (Figure S3A). In order to circumvent these 
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cases of extreme dysbiosis induced by late sampling that may confound clinical association studies, 

we focused on specimens collected early after hospital admission (day 0-3) for further species vs. 

outcome analyses (n = 51 hospitalized patients; Figure S3B: overview of the taxonomic composition). 

We aimed to determine whether specific taxa are able to discriminate mortality as the major outcome 

of hospitalized COVID-19 patients. To address this question, we applied a machine learning (ML) 

analysis which provides a powerful approach for unsupervised biomarker discovery in microbiome 

research [20]. Here, we utilized random forest (RF)-based ML models that are little prone to 

overfitting, can handle effectively high-dimensional data and heterogenous types of input features 

(e.g., integrating taxonomic and clinical variables as combined input) and provide interpretable 

quantification of the importance of each input feature for the performance of the model [21]. We 

aggregated the microbiome and clinical data of the subset of hospitalized patients and initially 

assessed how well the mortality in these patients can be predicted based on their species-level 

oropharyngeal microbiome. After partitions of the data into training and validation sets of patients, RF 

models were trained using the training sets and tested for their power to predict mortality in the 

validation sets (see Methods section in the supplementary materials for details). Microbiome features 

enabled the RF models to discriminate mortality, even with a better performance than RF models 

solely based on the clinical variables age, gender, obesity and antibiotic treatment (Figures 3A and 

3B). Given the power of the obtained RF models to discriminate outcomes based on the 

oropharyngeal microbiome, we next analyzed the importance of the bacterial species in these models 

and found that Haemophilus influenzeae, parainfluenzae, pittmaniae and Neisseria subflava were 

among the most important species that segregated patients succumbed to COVID-19 versus survivors 

in our cohort (Figures 3C and 3D). We further assessed the contribution of high vs. low abundances of 

these bacteria on survival as determined by splitting along the median of their relative abundances. A 

low abundance of all four species identified in the RF models significantly increased the risk for 

mortality using Cox proportional-hazards models, and Neisseria subflava showed the strongest effect 

(HR 16, 2.0-121.6 [95% CI]) (Figures 3E and S4A). The risk for mortality in patients with low 

Neisseria subflava abundance remained significantly elevated even after multivariate adjustment of 

the model for the covariates age, gender and center (i.e., hospital in which patients were treated) 

(Figure S4B). Administration of antibiotics, or sampling during invasive ventilation did not affect 

high vs. low Neisseria subflava abundance (Figure S4C). The SARS-CoV-2 viral load was also not 

affected by high vs. low Neisseria subflava abundance (Figure S4D). We further analyzed the general 

architecture of the oropharyngeal microbiome in samples with high vs. low Neisseria abundance, but 

we did not observe a significant effect on Shannon diversity or on the dysbiosis index (Figure 3F); 

although there were a few positive and negative correlations with other species in the oropharyngeal 

microbiome as found in a network analysis (Figure S4E). 
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Stratification of hospitalized patients into those with high vs. low Shannon diversity or high vs. 

low dysbiosis index of oropharyngeal microbiomes collected between day 0-3 after admission was not 

associated with survival differences (Shannon index: HR 0.91, 0.3-2.7 [95% CI], p=0.87; dysbiosis 

index: HR 0.96, 0.3-2.9 [95% CI], p=0.95). Finally, we looked into secondary infections records of 

our hospitalized patients, and primarily Streptococcus and Staphylococcus spp. were diagnosed in 

microbiological tests of tracheal secretes or bronchoalveolar lavages (Table S4). These species, 

however, were not found to dominate the oropharyngeal microbiome, and this discrepancy can be 

explained by site-specificity of potentially pathogenic microbes and methodological differences. 

 

 

DISCUSSION 

COVID-19 severity has been linked to several immunological changes such as 

lymphocytopenia [22], disinhibited release of proinflammatory cytokines [16], hyperactivation of 

monocytes and macrophages [23], dampened type-I interferon (IFN) signaling [24], or a 

hypercoagulable state [25]. Given that secondary bacterial infections are associated with increased 

risk for mortality in viral respiratory infections, the upper and lower respiratory tract microbiome has 

been explored in COVID-19 patients, first in case series and later in more systematic, but mono-

centric clinical studies with overall varying and inconsistent results [11, 26-28]. 

In our study, we asked whether a SARS-CoV2 infections and its severity induced changes in 

diversity measures of the microbiome at the entry site of infection. We observed that mild illness or 

infections in outpatients was not associated with significant changes in diversity or in taxonomic 

composition compared to healthy controls or patients with other viral upper respiratory tract 

infections. Similar observations were previously published in an Italian cohort of mildly affected 

COVID-19 cases [28]. However, patients admitted to the hospital, and notably to an ICU, presented 

with reduced alpha diversity and increased dysbiosis of the oropharyngeal microbiome. In a recent 

study of patients admitted to an ICU for various medical conditions, McDonald et al. longitudinally 

explored the oral and gut microbiome and found patterns of microbial dysbiosis at both sites. Of note, 

the disruption of the microbiome was related to the length of ICU stay and, secondly, attributed to 

ventilation and antibiotic treatment [19]. In our cohort of severely affected COVID-19 patients, 

specimen collection at prolonged timepoints during ICU stay, administration of broad-spectrum 

antibiotics, and invasive mechanical ventilation were identified to destabilize the oropharyngeal 

microbiome with a loss of diversity and severe dysbiosis, which goes along previous results on 

disruption of the lung microbiome in critically ill COVID-19 patients [12].  
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In addition to a general characterization of the oropharyngeal microbiome and covariates 

affecting diversity and composition, we asked whether configurations of the microbiome can be 

utilized to segregate mortality as major clinical outcome in hospitalized COVID-19 patients applying 

machine learning models which we have used in the past for the prediction of metabolic responses to 

diet [29]. We restricted this analysis to samples collected early after admission - at timepoints where 

we and others found little effects on community disruption by hospitalization and other external 

factors [19]. In our cohort, taxonomic features were more suitable to discriminate this clinically 

critical endpoint than selected clinical variables such as age, gender or obesity that were previously 

reported as major risk factors for lethal COVID-19 [30, 31]. The abundances of Neisseria subflava 

and Haemophilus spp. were found as most important features associated with mortality, all of which 

are abundant in the local oropharyngeal microbiome [32]. This finding confirms a previous study by 

Merenstein et al. (2021) who also reported a significantly lower abundance of Neisseria and 

Haemophilus in the oropharyngeal microbiome of patients with severe disease. We found no 

association of high vs. low abundance of Neisseria with a general diversity disruption or any 

association with specific genes or pathways encoded in the microbiome suggesting the Neisseria or 

Haemophilus spp. are not a surrogate marker for general community changes, but may be relevant for 

pathophysiological processes in SARS-CoV-2 infections. For instance, commensal Neisseria spp. 

have been reported to regulate innate immune responses and cytokine production in experimental 

infection models [33].  

Limitations. Due to its cross-sectional design with a one-time oropharyngeal microbiome 

collection either in the outpatient setting or during hospital admission or later during the hospital stay, 

and a lack of follow-up data on outpatients, we cannot infer any specific microbiome configuration at 

the very beginning of the infection or even in an asymptomatic pre-infectious state that would help to 

predict the full course of infection including its severity. Therefore, the predictive power of our 

observations is limited to hospitalized COVID-19 patients. With these limitations notwithstanding, 

utilization of the readily accessible oral microbiome signature at admission may enable data-driven 

patient stratification, leading to improved follow-up, tailored management from earlier disease stages 

and optimization of allocation of critical care supplies and staff prior to clinical deterioration. 
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TABLE 1 

 

 

 

Baseline demographic characteristics of healthy subjects, individuals with an upper respiratory tract 

(URT) infection, or with COVID-19. Significant effect of age across all groups (Kruskal-Wallis test: 

p<0.0001); IQR, inter-quartile range. 

 

  

Healthy individuals URT infection Mild COVID-19 Moderate COVID-19 Severe COVID-19

Subjects n = 72 n = 112 n = 36 n = 37 n = 65

SARS-CoV-2 status negative negative positive positive positive

Age

   Median (IQR) – yr 36.0 (30.0 - 53.0) 46.0 (30.9 - 56.7) 50.0 (37.9 - 54.8) 57.0 (49.0 - 70.4) 65.0 (55.0 - 73.1)

   Distribution – no.(%)

      18 – 49 yr 54 (73.0) 64 (57.1) 17 (47.2) 10 (27.0) 9 (13.8)

      50 – 64 yr 19 (25.7) 36 (32.1) 17 (47.2) 14 (37.8) 22 (33.9)

      ≥  65 yr 1 (1.4) 12 (10.7) 2 (5.6) 13 (35.1) 34 (52.3)

Gender – no.(%)

   Female 48 (64.9) 75 (67.0) 24 (66.7) 11 (29.7) 15 (23.1)

   Male 26 (35.1) 37 (33.0) 12 (33.3) 26 (70.3) 50 (76.9)

kruskal wallis by Age chi-square 80.143, p value < 2.2e-16
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FIGURE LEGENDS 

Figure 1. Alpha and beta diversity metrices of the oropharyngeal microbiome. (A) Alpha diversity 

displayed as Shannon indices for the oropharyngeal microbiomes sampled from healthy controls 

(n=72), patients with SARS-CoV-2 negative upper respiratory tract (URT) infections (n=112), and 

SARS-CoV-2 positive patients with mild, moderate or severe COVID-19 (n=36, 37, and 65). (B) 

Principal coordinates analyses (PCoA) based on species-level Bray-Curtis dissimilarity for 

microbiome samples collected from controls and patients with percent of variance explained per 

PCoA axis. (C) Dysbiosis indices defined per sample as its Euclidian distance to the centroid of the 

healthy controls’ samples in the 5-dimensional PCoA-projection space of Bray-Curtis dissimilarities. 

(D) Effects of patient-derived features or phenotypes are shown regarding inter-individual variation of 

taxonomy, genes and pathways encoded in the oropharyngeal microbiome (stars show FDR-corrected 

statistical significance: *p<0.05, **p<0.01, ***p<0.001). Variance is estimated for each feature 

independently. A-C: **p<0.01, ***p<0.001 by Wilcoxon test after FDR correction for pairwise 

testing. 

 

Figure 2. Clinical covariates affecting diversity and dysbiosis of the oropharyngeal microbiome in 

COVID-19 patients. (A) PCoA based on species-level Bray-Curtis dissimilarity distinguishing 

samples collected while a patient was treated with antibiotics (Abx) or > 7 days off antibiotics (all 

subjects included). (B) Shannon and dysbiosis index for specimen collected on vs. off antibiotics in 

hospitalized patients. (C) PCoA of samples from hospitalized patients collected between days 0-3 

(n=51), days 4-14 (n=34) or > day 14 after admission (n=17), and (D) presentation of Shannon and 

dysbiosis index. (E) PCoA of samples from hospitalized patients collected while a patient received 

invasive mechanical ventilation, and (F) presentation of Shannon and dysbiosis index of stratified by 

ventilation and days after admission (only patients with severe COVID-19 included). *p<0.05, 

***p<0.001 by Wilcoxon test after FDR correction for pairwise testing. 

 

Figure 3. Prediction of mortality in hospitalized patients by random forest (RF) models. (A) The 

performance of the RF models using either taxonomic features (species), specific clinical parameters 

(clin. var.: age, gender, obesity and antibiotics treatments) or both features combined (species + clin. 

var.) was assessed regarding mortality as major clinical outcome in balanced test data sets (n=51, only 

patients with samples collected < day 4 after admission included). Bar plots indicate the average area 

under the receiver operating characteristic curves (AUROC, left), and error rates (right) obtained from 

the different sets of input features and corresponding RF models (median ± interquartile range, n = 

100). (B) True and false positive rates for mortality based on species, clinical variables or a 
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combination of both. (C) Bar plot showing the final median Gini importance (n = 100) of the species 

found to be important for the prediction of mortality by the RF models (based on a median Gini 

importance > 0.05 and an FDR-corrected p-value < 0.05 for a positive impact on the accuracy of the 

classification, for each of the 3 different rarefying random sub-sampling of the sequencing data sets, n 

= 100 forests for each). The final Gini importance was obtained by RF models using only these 

selected species for predicting mortally. (D) Relative abundances of important species in patients who 

succumbed to COVID-19 or were alive until discharge from the ICU or the hospital. (E) Survival 

analysis of hospitalized patients stratified low vs. high Neisseria subflava relative abundance (only 

patients with samples from day 0-3 included). (F) Shannon alpha diversity and dysbiosis index of 

samples stratified according to high vs. low Neisseria abundances in samples of hospitalized patients 

collected between day 0 and 3 after admission (n=51; Shannon index: p=0.26; dysbiosis index: p=0.07 

[Wilcoxon tests]). **p<0.01, ***p<0.001 by Wilcoxon test. 
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Figure 1 

 

  



Acc
ep

ted
 M

an
us

cri
pt

 

 19 

Figure 2 
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Figure 3 

 


