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Abstract 1 

Background 2 

The coronavirus disease 2019 (COVID-19) pandemic caused by severe acute respiratory 3 

syndrome corona virus 2 (SARS-CoV-2) is a major global health concern. This virus infects 4 

the upper respiratory tract and causes pneumonia-like symptoms. So far, few studies have 5 

shown alterations in nasopharyngeal (NP) microbial diversity, enrichment of opportunistic 6 

pathogens and their role in co-infections during respiratory infections. Therefore, we 7 

hypothesized that microbial diversity changes, with increase in the population of opportunistic 8 

pathogens, during SARS-CoV2 infection in the nasopharynx which may be involved in co-9 

infection in COVID-19 patients. 10 

Methods 11 

 The 16S rRNA variable regions, V1V9, of NP samples of control and COVID-19 12 

(symptomatic and asymptomatic) patients were sequenced using the Oxford Nanopore™ 13 

technology. Comprehensive bioinformatics analysis for determining alpha/beta diversities, 14 

non-metric multidimensional scaling, correlation studies, canonical correspondence analysis, 15 

linear discriminate analysis, and dysbiosis index were used to analyze the control and COVID-16 

19-specific NP microbiomes.  17 

Results 18 

We observed significant dysbiosis in COVID-19 NP microbiome with increase in abundance 19 

of opportunistic pathogens at genus and species levels in asymptomatic/symptomatic patients. 20 

The significant abundance of Mycobacteria spp. and Mycoplasma spp. in symptomatic 21 

patients suggest their association and role in co-infections in COVID-19 patients. 22 



2 

 

Furthermore, we found strong correlation of enrichment of Mycobacteria and Mycoplasma 23 

with the occurrences of chest pain and fever in symptomatic COVID-19 patients.  24 

Conclusion 25 

This is the first study from India to show the abundance of Mycobacteria and Mycoplasma 26 

opportunistic pathogens in non-hospitalized COVID-19 patients and their relationship with 27 

symptoms, indicating the possibility of co-infections. 28 

  29 

Introduction 30 

The coronavirus disease 2019 (COVID-19) pandemic, a global health threat, is caused by the 31 

severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2). The symptoms range from 32 

fever, throat pain, and loss of taste and smell to severe congestion in the chest, drop in oxygen 33 

levels, pneumonia, and acute respiratory distress syndrome (1). A significant population 34 

worldwide has been found to be asymptomatic and to act as spreaders of the infection (2). The 35 

virus enters the host via the upper respiratory tract (URT) where the spike protein binds to the 36 

angiotensin I converting enzyme 2 (ACE2) receptor, an essential step in invading host cells to 37 

cause progressive disease (3, 4). Random mutations in the SARS-CoV2 spike protein and 38 

receptor-binding domain promote efficient invasion and enhance pathogenicity (5).  39 

The nasopharyngeal (NP) tract is inhabited by a large number of microbial communities which 40 

maintain normal homeostasis (6). Studies have revealed association between microbial 41 

communities that influence viral infections of the lung, such as chronic rhinosinusitis, asthma, 42 

pneumonia, and cystic fibrosis in the URT (7, 8). URT infections lead to decrease in microbial 43 

diversity, resulting in dysbiosis, which potentiate increase in the opportunistic pathogen 44 

population and promote the growth of other pathogens in immunocompromised hosts (9, 10). 45 
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Reports have shown that NP swabs in virus transport media can be used to investigate the NP 46 

microbial composition in COVID-19 patients (11, 12). Recent studies have revealed overall 47 

compositional changes in the NP microbiota and increase in the number of opportunistic 48 

pathogens such as Rothia and Veillonella in COVID-19 patients with shortness of breath (11, 49 

13, 14). Secondary infections in patients with COVID-19 are associated with the abundance 50 

of opportunistic pathogens such as Moraxella, Corynebacterium, Haemophilus, 51 

Stenotrophomonas, Acinetobacter, Fusobacterium periodonticum, Mycobacterium spp., 52 

Mycoplasma pneumonia and Pseudomonas aeruginosa   (15-19).  53 

The treatment modalities of SARS-CoV2 infection are not yet established and patients are 54 

administered immunosuppressants to regulate cytokine storm, thereby creating an 55 

environment conducive for the growth of opportunistic pathogens and co-infections in 56 

COVID-19 patients (19, 20). Several case reports have highlighted fungal, viral, and bacterial 57 

co-infections in COVID-19 patients with severe symptoms (19). However, information 58 

regarding the crosstalk between SARS-CoV-2 infection and NP microbiota is scarce. The 59 

absence of an animal model makes it difficult to test and validate the role of NP microbiota in 60 

SARS-CoV-2 infection. Various studies so far have shown differences in the abundance of 61 

various opportunistic pathogens in the NP microbiota of patients, which is one of the 62 

bottlenecks in this area of research. Hence more studies on the NP microbiome are required 63 

for understanding its role in COVID-19 patients and its relation with symptom severity, as 64 

microbial composition is dynamic and changes with multiple extrinsic factors.  65 

Here, we hypothesized that similar to other respiratory diseases (asthma, pneumonia, and 66 

cystic fibrosis) dysbiosis might occur in the COVID-19 NP microbial community (high virus-67 

bacteria interaction zone), resulting in emergence of opportunistic pathogens, which may be 68 
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associated with symptoms of COVID-19. In this regard, we also predicted that the alterations 69 

in NP microbiota may occur in both symptomatic and asymptomatic COVID-19-patients and 70 

that the microbial composition may differ between these two categories of patients, studies on 71 

which are limited. In this study, we have investigated the alterations in the NP microbial 72 

community of patients with active COVID-19 (n = 46) and compared them with those of the 73 

healthy individuals (n = 12). We also analyzed the differences in the microbial community 74 

composition between asymptomatic (n = 25) and symptomatic (n = 21) COVID-19 patients. 75 

We have used the metataxonomic approach of 16S rRNA long-read sequencing (V1-V9) with 76 

the Nanopore sequencing method to elucidate the reduction in microbial diversity in patients 77 

with COVID-19.  We found enrichment of Mycobacteria and Mycoplasma in both 78 

asymptomatic and symptomatic patients with COVID-19, however, the abundance in 79 

symptomatic patients were much higher and it strongly correlated with chest pain and fever. 80 

Materials and Methods 81 

Ethical approval: Ethical permission for nasopharyngeal microbiome study and the 82 

biorepository was obtained from the Institutional Ethical Committee (IEC)/Institutional 83 

Review Board (IRB) of the Institute of Life Sciences [(102/HEC/2020) and (100/HEC/2020)]. 84 

Approval was also obtained from the Institutional Biosafety Committee (IBSC) (V-122-85 

MISC/2007-08/01/2/2.1) for this study and the biorepository (V-122-MISC/2007-08/01) and 86 

from the Review Committee on Genetic Manipulations (RCGM) under Department of 87 

Biotechnology, Ministry of Science and Technology.  88 

Sample collection and reverse transcription-polymerase chain reaction (RT-PCR): In 89 

total, 60 NP samples were collected for 16S rDNA amplicon sequencing from the Institute of 90 

Life Science (ILS) COVID-19 sample biorepository unit. The COVID-19-positive samples (n 91 
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= 47) were confirmed by amplifying the genes encoding SARS-CoV-2 nucleocapsid, spike, 92 

and ORF1ab/RdRP using either TaqPath™ COVID-19 combo kit (Invitrogen, A47814) or 93 

Meril COVID-19 one-step RT-PCR kit (Meril Diagnostics, NCVPCR-02). All samples were 94 

collected in the hospital setup prior to the medication. These patients were not treated with 95 

antibiotics as they were not aware of their COVID-19 test results. The patients were grouped 96 

as symptomatic (n = 22) or asymptomatic (n = 25) based on their clinical data.  The control 97 

samples (n = 13) were negative for SARS-CoV-2 virus RNA, and none of the subjects from 98 

whom the samples were obtained had any flu-like symptoms. All samples were collected in 99 

viral transport media (VTM) and stored at –80 C until DNA isolation.  100 

DNA extraction and PCR amplification: DNA was isolated using the PureLink™ 101 

microbiome DNA purification kit (Invitrogen, A29790) according to the manufacturer’s 102 

protocol and eluted in 40 µl elution buffer. The quality and quantity of DNA were determined 103 

using the Multiskan™GO spectrophotometer (Thermo Scientific).  104 

16S rDNA amplification, library preparation, and sequencing: The V1V9 variable regions of 105 

the 16S rRNA gene were amplified using 130-F (5′-106 

GGCGGATCCAAGGAGGTGTTCCAGCCGC-3′) and 139-R (5′-107 

GGCCTCGAGAGAGTTTGATCCTGGCTCAGG-3′) primers. PCR (50 µl) was set up using 108 

total DNA (10 ng) isolated from NP samples, primers (5 nM), and NEB Q5® High-Fidelity 2 109 

X master mix (NEB, M0492L) per the manufacturer’s protocol. The amplicons (~1.6 kb) were 110 

analyzed on 0.8% agarose gel and cleaned using DNA Clean and Concentrator-25 kit (Zymo 111 

Research, D4034). The PCR products were quantified using a Qubit 4 fluorometer (Thermo 112 

Scientific) using the Qubit® dsDNA BR assay kit (Thermo Scientific, Q32853). Amplicon 113 

libraries were generated following the Oxford Nanopore 1D library preparation protocol using 114 
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the PCR barcoding (96) genomic DNA kit (Oxford Nanopore™, SQK-LSK109). Equimolar 115 

amounts of amplicon libraries were pooled and sequenced using the MinION OXFORD 116 

NANOPORE™ device at the ILS DNA sequencing facility. 117 

Microbiome data processing: RAW fast5 files were generated using the MinKNOW™ tool 118 

for individual samples. Base calling was performed using the Guppy base-caller and fastq files 119 

were generated. FastQC of each sample was performed using the Babraham fastqc suite 120 

(https://www.bioinformatics.babraham.ac.uk/projects/fastqc/), followed by trimming of low 121 

quality reads using nanoflit. Operational taxonomic units (OTUs) were generated using 122 

Kraken2 (https://ccb.jhu.edu/software/kraken2/index.shtml) (21) and the unclassified reads 123 

were filtered for downstream analysis using the ‘phyloseq’ ‘R” package to generate combined 124 

OTUs for all the samples and metadata (Supplemental Table 1). Read counts for mitochondria 125 

and chloroplast were discarded. Normalization and differential OTU abundance were 126 

determined between control, and symptomatic and asymptomatic subjects using the DESeq2 127 

function (cutoff of p-value ≤ 0.05) (22).  128 

In-depth microbiome data analysis:  129 

Diversity analysis: Alpha diversity was assessed using the Shannon and Simpson diversity 130 

indices. Statistical significance was estimated using the Wilcoxon rank sum test. The beta 131 

diversity significance among groups was examined using PERMANOVA (p-value 0.001). 132 

Ordination analysis was performed using principal coordinate analysis (PCoA), non-metric 133 

multidimensional scaling (NMDS) and canonical correspondence analysis (CCA). R 134 

packages, ‘microbiome’,’Vegan’,’ade4’, and ggpubr, were used for analysis and ‘ggplot2’ was 135 

used for visualization. 136 

https://ccb.jhu.edu/software/kraken2/index.shtml
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Dysbiosis index: Microbiome dysbiosis in each sample was calculated based on Bray-Curtis 137 

distances. All samples were subjected to PCoA using Bray-Curtis distances. Next, the centroid 138 

(median) of the control subjects was calculated along PCoA axes. The dysbiosis score for each 139 

sample was calculated as a Euclidian distance between its position in the PCoA space and 140 

control centroid (DI(X, HC) =  | (DI: Dysbiosis Index, X: Samples, 141 

HC: Control Centroid). Their significance was assessed using Wilcoxon and Kruskal-Wallis 142 

test (23).  143 

Sample correlation: Correlation matrix between samples and OTUs for each taxonomic level 144 

(phylum, order, family, and genus) from differential OTUs was obtained using Spearman’s 145 

correlation method and it was visualized as a heat map. Correlation coefficients for each 146 

sample correlation pair and each classification level and density plot were plotted with mean 147 

and median. The Kolmogorov-Smirnov test (KS) was used to determine the significance in 148 

sample groups (control, asymptomatic, and symptomatic). 149 

Linear discriminant analysis (LDA) effect size (LEfSe) analysis: The LEfSe was calculated 150 

using the online Galaxy web application and the Huttenhower lab’s tool 151 

(https://huttenhower.sph.harvard.edu/galaxy/). LDA effect size was calculated using the 152 

Kruskal-Wallis sum rank test (p-value ≤ 0.05) and it detected differential abundant features at 153 

genus and species level within three sample groups. Significance at the taxonomic level was 154 

then tested using the pairwise Wilcoxon rank-sum tests (p-value ≤ 0.05). Finally, the effect 155 

size of each differentially abundant feature was estimated using LDA. One-against-all sample 156 

groups were compared and a linear discriminant analysis score greater than 3.6 was set as the 157 

threshold; all-against-all sample groups were compared and a linear discriminant analysis 158 
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score greater than 2.0 was set as the threshold. Cladogram was used for identification of taxa 159 

at different levels of the taxonomic hierarchy between sample groups (LDA score > 2). 160 

Network analysis: Network was constructed using weighted correlation network analysis or 161 

weighted gene co-expression network analysis (WGCNA) (24). Briefly, pairwise Spearman 162 

correlation between OTUs (which was generated from LefSe analysis) was calculated using 163 

the WGCNA function. Network metrics such as betweenness, closeness, Eigen centrality, and 164 

PageRank centrality of the resulting network were calculated and visualized using ‘Gephi’, 165 

(https://gephi.org/) (25). 166 

 167 

Results 168 

Study design and subject attributes  169 

The role of the microbiome in viral infections is an emerging field and we were interested in 170 

understanding NP microbial diversity and changes in its composition in patients during SARS-171 

CoV-2 infection. We collected NP samples from COVID-19 patients between 11th May 2020 172 

and 10th October 2020 to study alterations in the NP microbiome.  The schematic 173 

representation of the study is shown in Figure 1A. In total, 60 NP samples subjects (infected, 174 

n = 47 and control, n = 13 subjects, positive and negative for SARS-CoV2 RT-qPCR test 175 

respectively) were obtained from the Institute of Life Sciences biorepository. Out of 47 SARS-176 

CoV-2-positive subjects, 25 were asymptomatic and 22 were symptomatic with mild 177 

symptoms (Figure 1B). In total, 179, 59, 691 reads were generated. Two samples with low 178 

read counts (1 from control and other from symptomatic category) were excluded and the final 179 

study was performed with 58 subjects, including the control (C) [n = 12 (21%)], and 180 

asymptomatic [IA, infected asymptomatic; n = 25 (43%)] and symptomatic patients [IS, 181 

https://gephi.org/
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infected symptomatic; n = 21 (36%)]. The details of the participants considered for this study 182 

are shown in Table 1. Differential OTUs (n = 795, p ≤ 0.05) were obtained from 3482 OTUs 183 

using the deseq2 function by comparing with control NP subjects. For downstream analysis 184 

differential, 795 OTUs were considered. We used the t-distributed stochastic neighbor 185 

embedding (t-SNE) dimension reduction method to obtain the overall distribution of NP 186 

samples with 795 OTUs (Figure 1C). We found that the control and SARS-CoV-2-infected 187 

subjects showed distinct segregation of OTUs in the NP microbiome, while asymptomatic and 188 

symptomatic subjects showed modest separation. This indicated that the abundance of the 795 189 

differential OTUs potentially determines the compositional distribution patterns. 190 

NP microbiome diversity was significantly altered in SARS-CoV-2-infected patients 191 

Distinct distribution of OTUs from control and infected patients prompted us to compare the 192 

alpha diversities (evenness and richness of bacterial community compositions) using Shannon 193 

and Simpson indices. The Shannon and Simpson microbial diversity indices differed 194 

significantly between control and SARS-CoV-2-infected participants (p-value ≤ 0.05) in 195 

pairwise Wilcoxon rank test (Shannon p-value =3.0*10-4 and Simpson p-value=3.3*10-3) 196 

(Figure 2A, B). Although the alpha diversity indices for samples from symptomatic and 197 

asymptomatic patients compared to control subjects were found to be significantly reduced, 198 

no difference was observed between symptomatic and asymptomatic samples (Figure 2C, D). 199 

Furthermore, we used a linear regression model to establish the association between total OTU 200 

read counts for each sample and Shannon/Simpson alpha diversity indices. We found negative 201 

correlation for both Shannon (IA - R = -0.35, R2 = 0.44, p = 0.083; IS - R = -0.54, R2 = 0.48, 202 

p = 0.012) and Simpson (IA - R = -0.58, R2 = 0.68, p = 0.0028; IS - R = -0.77, R2 = 0.63, p = 203 

7.7*10-5) alpha diversity indices with 95% confidence intervals with total OTU counts (Figure 204 
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2E, F). To further understand the microbial composition dissimilarity within the samples, we 205 

analyzed beta diversity using PCoA and applied both unweighted (microbial richness) and 206 

weighted (microbial richness and abundance) unifrac distance methods. The first two 207 

components of PCoA showed 60.3% and 80.1% variance for the unweighted and weighted 208 

unifrac method. The overall difference in microbial population showed two different clusters 209 

of control and SARS-CoV-2-infected patients (IA and IS) in the unifrac weighted method, 210 

while the unifrac unweighted method showed more clear segregation between symptomatic 211 

and asymptomatic samples (Figure 2G).  We assessed the significance of beta diversity to 212 

calculate unifrac distance matrix (PERMANOVA test with 999 permutations) for both 213 

unweighted and weighted methods and found that the three sample groups (C, IA, and IS) 214 

differed significantly (P = 0.001) with 18% variance explained (R2 = 0.18842).  215 

NP microbiome dysbiosis in patients with COVID-19  216 

Alterations in the microbial diversity prompted us to determine microbial dysbiosis index (DI) 217 

(variations in the microbial community) across the three groups (C, IA, and IS). We performed 218 

PCoA using the Bray Curtis distance matrix and found that NP microbiota was significantly 219 

altered (p = 0.001) with 61% variation in distances explained (R2 = 0.6136), as assessed using 220 

the ADONIS test. Next, we calculated the Euclidean distance from the centroid for samples 221 

from control (median = 0.3404), asymptomatic (median = 0.1881) and symptomatic (median 222 

= 0.1511) individuals and calculated the DI (Supplementary figure 1B). The overall observed 223 

DI was significant (Kruskal-Wallis test, p = 1.317E-07) across all the groups. Pairwise 224 

comparison showed significant dysbiosis between control vs. symptomatic (p = 5.6E−09) and 225 

control vs. asymptomatic (p = 1.1E−09) groups; however, dysbiosis between asymptomatic 226 

and symptomatic (p = 0.016) pair was also significant, although the value was moderately low 227 
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compared to those of the other comparisons (Figure 2H). We also observed highly significant 228 

dysbiosis (p = 2.2E-12) between the control and infected groups (Supplemental Figure 1A, 229 

1C). This showed that compared to control subjects, the NP microbial community was 230 

severely altered in both symptomatic and asymptomatic COVID-19 patients. 231 

Distinct microbial composition and abundance at phylum and family levels in patients 232 

with SARS-CoV-2 infection 233 

The alpha and beta diversities, and DI showed that the NP microbiome was significantly 234 

altered in COVID-19 patients. Next, we aimed to identify the microbial communities that were 235 

altered at different taxonomic levels in three sample groups. We found 795 differential OTUs, 236 

out of which 12 phyla, 65 orders, 126 families, and 240 genera were present in all three groups 237 

(C, IA, and IS) (Supplemental Table 1). The 12 phyla and their significance is shown in Table 238 

2. The most significant phyla in the SARS-CoV-2-infected groups (symptomatic and 239 

asymptomatic) were Actinobacteria (p = 9.96E-07), Firmicutes (p = 4.65E-02), and 240 

Proteobacteria (p = 9.61E-07), including 8 other phyla assessed using the Kruskal-Wallis test. 241 

In contrast, Bacteroidetes (p = 1.48E-06) and Proteobacteria (p = 6.56E-07) were highly 242 

abundant in the control group (non-infected) (Supplemental Figure 2A). Furthermore, we 243 

analyzed the relative abundance of the top 30 families and found enrichment of 244 

Mycobacteriaceae, Propionibacteriaceae, and Streptomycetaceae (Supplemental Figure 2B). 245 

These families contain opportunistic pathogens, which were found in both symptomatic and 246 

asymptomatic COVID-19 patients, while they were absent in the healthy controls. The top 247 

families and their significance is shown in Table 3. 248 

Taxonomic classifications based on OTU abundance showed sample group segregation 249 

at the genus level  250 
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To further our understanding regarding the 795 differentially abundant OTUs, we used the 251 

NMDS approach at phylum, order, family, and genus levels for C, IA, and IS sample groups 252 

using the Bray-Curtis distance matrix. Analysis of statistical significance using analysis of 253 

similarities (ANOSIM) for phylum (R = 0.262, p = 1.7E-03), order (R = 0.322, p = 3E-04), 254 

family (R = 0.3461, p = 3E-04), and genus (R = 0.3507, p = 3E-04) showed gradual increase 255 

in R-value for genus. This indicated that as we go lower in taxonomic classification, the 256 

variance in the OTUs provides better sample segregation. The differential OTUs present at the 257 

genus level in three sample groups showed significant level of dissimilarity (p = 3E-04) with 258 

R = 0.3507 and clear sample segregation (Figure 3A). We used sample correlation (Spearman 259 

matrix) to further validate the NMDS findings and identify the NP OTU differences between 260 

C, IA, and IS sample groups (Supplemental Figure 3A-D). To further reconcile the distinct 261 

sample segregation at higher to lower taxonomic level based on OTU abundances, we plotted 262 

density histogram of correlation coefficient values (obtained in sample correlation). The mean 263 

and median value of each density plot revealed lack of difference between the C, IA and IS 264 

groups at the phylum level and subtle differences were observed at the order and family levels. 265 

However, at the genus level, we found comprehensible differences between C (mean = 7.95E-266 

01; median = 6.39E-01), IA (mean = 5.65E-01; median = 8.33E-01), and IS (mean = 6.51E-267 

01; median = 7.01E-01) (Table 4) (Figure 3B). To evaluate the statistical significance of 268 

densities based on sample segregation, we calculated cumulative distribution distance (D) and 269 

significance between C, IA, and IS groups using the KS test for each taxonomic rank (Table 270 

5). Based on the ‘D’ value, the samples were well distributed in C vs. IA (D = 5.94E-01; p-271 

value < 2.2E-16), C vs. IS (D = 5.06E-01; p = 3.308E-14), and IA vs. IS (D = 2.28E-01; p = 272 

< 2.2E-16) at the genus level. The differences in overall sample distribution were more highly 273 



13 

 

enriched at the genus level than between these three groups. Although the ‘D’ value between 274 

IA and IS groups was less, their distribution pattern differed significantly. Based on the above 275 

observations, we considered the genus level OTUs (n = 240) for downstream analysis. 276 

Cluster-specific OTUs at genus level revealed unique sample-specific OTUs      277 

To gain insights regarding how the bacterial genera were segmented among three groups of 278 

samples, we performed genus level OTU correlation (n = 240) and calculated the correlation 279 

coefficient (Spearman correlation), followed by unsupervised hierarchical clustering (Figure 280 

3C). We identified five distinct clusters, C1 (n = 23), C2 (n = 109), C3 (n = 59), C4 (n = 33) 281 

and C5 (n = 16), with variable number of OTUs (Supplemental Table 2). The heat map 282 

corresponding to each cluster is shown in Supplemental Figure 4. The relative abundance 283 

density maps of cluster-wise OTUs were constructed, which distinguished OTUs that were 284 

enriched in IA/IS (C1, C3, C4, and C5) and in the control samples (C2) (Figure 3D). Some of 285 

the enriched cluster-specific OTUs in IA/IS are Mycobacterium (1763), Mycolicibacterium 286 

(1766), Mycobacteroides (1774), Halothiobacillus (927), Flavobacterium (986), 287 

Bifidobacterium (1695), Streptomyces (1884), Rothia (2047), and Mycoplasma (2100). C2, a 288 

control-specific cluster, contained OTUs such as Thermomicrobium (500), Kingella (502), 289 

Enterobacter (547), Bacteroides (821), and Prevotella (840). Thus, this analysis shows the 290 

distinction in genus-specific OTUs for both SARS-CoV-2-infected and control subjects. Next, 291 

we performed CCA on each of the clusters (C1 to C5) to eliminate sample heterogeneity and 292 

enhance the stringency of our analysis pipeline (Figure 3E). We considered the first two 293 

components of CCA that explained cumulative variance for the clusters. Cluster C4 explained 294 

the highest cumulative variance of 94.8%, while cluster C3 showed the lowest variance of 295 
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12.9% (Figure 3F, Supplemental Figure 5A-E). CCA showed efficient sample clustering, 296 

which is reminiscent of the density plot (Figure 3D-E). 297 

LefSe analysis identified unique OTUs at genus level in patients with COVID-19  298 

The CCA analysis prompted us to select clusters with maximum variance explained. 299 

Therefore, we considered all clusters with ≥ 30% variance, which includes all the clusters, 300 

except C3, for LDA. OTUs (n = 181) were extracted from clusters (C1, C2, C4, C5) and plotted 301 

in a heat map with their abundance (Figure 4A). Different genera could be clearly 302 

distinguished between C, IA, and IS sample groups. Next, we performed LefSe to distinguish 303 

the most significant microbiomes from C, IA, and IS groups. In a one-against-all comparison 304 

(C with IA and IS), we obtained 40 genera in the control group, 34 genera in the symptomatic 305 

group, and 4 genera in the asymptomatic group (LDA score [log10] > 3.6). The genera 306 

obtained from one-against-all are highlighted in the heatmap (Figure 4A and Supplemental 307 

Figure 6A). Relative abundance of each OTU obtained from C, IA, and IS groups are shown 308 

in stack plots, with clear segregation in OTUs for individual samples (Supplemental Figure 309 

6B-D). The DI calculated from these genera showed high dysbiosis between control and 310 

SARS-CoV-2-infected patients (Supplemental Figure 6E-F). We further increased the LefSe 311 

stringency by using all-against-all (each sample group compared with each other) comparisons 312 

and constructed a cladogram and a bar plot (Figure 4B-C). All the genera obtained from LefSe 313 

(one-against-all and all-against-all) with their LDA scores and comparison are listed in 314 

Supplemental Table 3 and Table 6. We obtained 12 significantly enriched genera of 315 

Gallibacterium, Orientia, Acidocella, and Citrobacter in control samples (LDA score 316 

[log10] > 2.0), Mycoplasma, Streptosporangium, Mycobacterium, Mycolicibacterium, 317 

Mycolicibacillus, and Mycobacteroides in symptomatic samples, and Oerskovia and 318 
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Cellulosimicrobium in asymptomatic samples (Figure 4C). The histogram showing the relative 319 

abundance of the 12 genera for C, IA, and IS sample groups clearly distinguished each sample 320 

type (Figure 4D). Finally, we used weighted correlation network analysis to construct a 321 

network (Spearman correlation) with 12 genera identified using the LDA analysis. The 322 

network creates two distinct modules, one for control groups and another for both symptomatic 323 

and asymptomatic groups. We obtained strong association within the genera of C, IA, and IS 324 

sample groups (Table 7). However, the correlation between C vs. IA was extremely weak and 325 

correlation was not obtained for C vs. IS groups. The network analysis suggested that the NP 326 

microbiota of the control group was clearly distinct from that of the asymptomatic and 327 

symptomatic groups. The DI of the 12 genera showed the highest significance between C vs. 328 

IS (p = 4.7E-05), while significant dysbiosis was not observed between IA and IS groups 329 

(Figure 4F). Overall, our analysis confirmed the significance of the genera identified and their 330 

associations with symptomatic and asymptomatic COVID-19 patients.  331 

Enrichment of Mycobacterium spp. and Mycoplasma spp. in patients with COVID-19  332 

After successful identification of 12 genera based on LDA score from all-against-all 333 

comparisons, we investigated different species-specific OTUs associated with each of the 12 334 

genus and identified 54 species represented in the heatmap (Figure 6A). The differential 335 

abundance of several known opportunistic pathogens such as Mycobacterium tuberculosis, 336 

Mycobacterium avium Mycoplasma pneumoniae, Mycobacterium leprae, and Mycobacterium 337 

kansasii were significantly high in the SARS-CoV2 infected patients (Figure 6A-D). The 338 

pairwise comparison and significance of the relative abundance of 12 previously reported 339 

pathogens are shown in Figure 6B-D and Table 8. We found that all 12 pathogenic species, 340 

including Mycobacterium tuberculosis, Mycobacterium avium, Mycobacterium intracellulare 341 
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(MAC), Mycoplasma pneumoniae, Mycobacterium leprae, Mycobacterium Kansasii, 342 

Mycobacterium simiae, Mycobacterium xenopi, Mycobacterium gordonae, Mycobacterium 343 

asiaticum, Mycobacterium szulgai, and Mycobacterium ulcerans were more abundant in 344 

symptomatic patients than in asymptomatic patients (Figure 6D). Although abundance of these 345 

pathogens was obtained in both IA and IS subjects compared to that in the controls, the overall 346 

enrichment in the IS subjects were higher, indicating their possible role in secondary 347 

infections.  348 

Distinct correlation of OTUs with clinical symptoms in patients with COVID-19  349 

To evaluate the accuracy of LDA classification that identified eight bacterial genera in the IA 350 

and IS sample group, we tested the ROC (receiver operating characteristics)–AUC (area under 351 

the curve) score. We obtained a value of 0.8 with 95% confidence interval for true positive 352 

classification, showing 80% sensitivity and specificity of data obtained from LDA analysis 353 

(Figure 5A). Next, we used the Spearman correlation matrix to identify the association of 354 

symptoms with the genera. Interestingly, chest pain showed high positive correlation with the 355 

presence of Mycoplasma, Mycobacterium, Mycolicibacterium, Mycolicibacillus, and 356 

Mycobacteroides, which were related to the IS group, and weak correlation with Oerskovia 357 

and Cellulosimicrobium, which were associated with the IA group. Mycoplasma, however, 358 

showed strong correlation with both chest pain (0.4446) and fever (0.4214) (Figure 5B). ROC-359 

AUC analysis for chest pain and fever yielded 0.90 and 0.79 scores, respectively, with eight 360 

bacterial genera (Figure 5C-D). At the species level, fever correlated strongly with most 361 

Mycobacterium spp. and Mycoplasma spp., which were significantly abundant in symptomatic 362 

COVID-19 patients (Figure 6E). In short, we established the association of pathogenic 363 

microbes with COVID-19 and showed susceptibility to alterations in the NP microbiome in 364 
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case of co-infections in SARS-CoV-2. We also identified the compositional difference in NP 365 

microbiota between symptomatic and asymptomatic group. 366 

Discussion 367 

Although evidence regarding changes in NP microbiota in COVID-19 patients is available, 368 

data regarding association of opportunistic pathogens with disease symptoms, indicative of 369 

co-infections, are limiting; in addition, evidence regarding the presence of asymptomatic- and 370 

symptomatic patient-specific bacterial communities is still awaited.  Previous studies have 371 

revealed the association of disease-specific opportunistic pathogens in respiratory diseases 372 

such as chronic rhinosinusitis, asthma, pneumonia, and cystic fibrosis (7-10). Therefore, we 373 

aimed to identify the NP microbial alterations, opportunistic pathogens, and their association 374 

with COVID-19-positive asymptomatic and symptomatic subjects. In this study, we were able 375 

to distinguish the microbial community associated with the control, symptomatic, and 376 

asymptomatic COVID-19 patients. 377 

Scientists worldwide are attempting to understand the pathophysiology of SARS-CoV-2 378 

infection and the associated co-infections/secondary infections that may arise due to the 379 

alterations in the host microbiome. As SARS-CoV-2 infection initiates in the upper respiratory 380 

tract, we investigated the alterations in the NP microbiota of COVID-19 patients. We 381 

amplified the 16S rRNA gene of variable regions (V1V9) and performed long-read 382 

sequencing using Oxford Nanopore technology. Subsequently, we have used multiple 383 

bioinformatics approaches to cross-validate our data sets at various levels and identify the 384 

most significant bacterial population in the NP microbiome of COVID-19 patients. We found 385 

significant changes in microbial abundance/diversity and DI in SARS-CoV-2-infected patients 386 

compared to those of the control. The IA and IS groups also showed overall significant 387 
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alterations in microbiota composition. We found abundance of opportunistic pathogens such 388 

as Mycoplasma and Mycobacterium in symptomatic patients, which correlated strongly with 389 

patient symptoms such as chest pain and fever. Insights into species level revealed the 390 

abundance of 12 different bacterial species belonging to the genus Mycoplasma and 391 

Mycobacterium in the SARS-CoV-2-infected patients. To the best of our knowledge, this is 392 

the first comprehensive and systematic cohort-based study to report the abundance of 393 

opportunistic pathogens Mycoplasma and Mycobacterium using long read sequencing of 16S 394 

rRNA variable regions in patients with SARS-CoV-2 infection. 395 

Respiratory infections alter the NP microbiota, reducing microbial diversity, and promotes the 396 

growth of opportunistic pathogens (26). Proteobacteria, Firmicutes, and Actinobacteria are 397 

present in all NP samples at the phylum level, however, the abundance of Firmicutes and 398 

Actinobacteria was significantly higher in both symptomatic and asymptomatic COVID-19 399 

patients in our study. Our results are in partial agreement with those of Ventero et al., who 400 

found the abundance of Firmicutes, Bacteroidota, Proteobacteria, and Actinobacteria in the 401 

NP samples of COVID-19 patients (13). Maio et al. and Braun et al. did not find any 402 

significant alterations in NP microbial composition (12, 27). Other studies have shown the 403 

prevalence of opportunistic pathogens such as Staphylococcus, Anelloviridae, Pseudomonas, 404 

Haemophilus, Stenotrophomonas, Redondoviridae, and Pseudomonas aeruginosa in COVID-405 

19 patients (11, 13, 15-18). Compared to earlier reports, our study also revealed overall 406 

changes in the composition of the NP microbial community, reduction in bacterial diversity 407 

and the presence of opportunistic pathogens. 408 

Most of the NP microbial studies involve amplification of the shorter 16S rRNA variable 409 

region using the Illumina platform, which is more accurate, but is limited by taxonomic 410 
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resolution owing to sequencing of shorter reads and specific variable region (28).  The 411 

taxonomic resolution can be improved to genus, species, and even at the strain level by 412 

sequencing the V1 V9 (~ 1600 bp) variable regions of the 16S rRNA gene (28, 29). In this 413 

study, we have successfully used the Oxford Nanopore long read sequencing platform and 414 

sequenced V1 to V9 (∼1.6 kb) of the 16S rDNA variable regions to obtain taxonomic 415 

resolution to genus and species level. This has provided us immense advantage in determining 416 

the abundance of opportunistic pathogens in the NP of the COVID-19 patients. Until now, 417 

only Mostafa et al. has used metagenomics for COVID-19 NP samples using Oxford Nanopore 418 

technology. They have sequenced both RNA and DNA from the NP samples without any PCR 419 

amplification. They not only identified the SARS-CoV-2 virus in the samples, but also 420 

potential pathogens that may lead to co-infections (18). This is the first comprehensive study 421 

on high throughput analysis of  the NP microbiome in COVID-19 patients from an Odisha 422 

cohort and the second in India after Gupta et al., who used the Illumina platform for 16S 423 

amplicon sequencing and found enrichment of several opportunistic pathogens (17). 424 

Interestingly, Mycoplasma, Mycolicocibacterium, and Mycobacterium were not present in 425 

their list of opportunistic pathogens. This could be due to the short reads sequenced, and 426 

analysis pipeline and/or geographical region-specific differences. Nevertheless, the 427 

identification of opportunistic pathogens and increase in their abundance in COVID-19 428 

patients is one of the important aspects of this study.  429 

SARS-CoV-2 infections elicits strong immune responses in the host, leading to cytokine 430 

storm, which also affects normal cells. The administration of immune suppressants 431 

compromise patient’s immunity and render them prone to co-infections with other 432 

opportunistic pathogens, worsening the pathophysiology of the COVID-19 patients (19, 20). 433 
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Our comprehensive bioinformatics analysis with sample-sample and OTU-OTU correlation 434 

analysis distinguished COVID-19-infected and control specific OTUs at the genus level. 435 

Furthermore, LDA and network analysis identified significantly high abundance of 436 

Mycobacterium and Mycoplasma in symptomatic patients, which correlated well with the 437 

occurrence of fever and chest pain. Significantly high relative abundance of members of 438 

family Mycobacteriaceae in the symptomatic COVID-19 group indicates the presence of both 439 

pathogenic and non-pathogenic bacteria. Members of the Mycobacterium genera are well 440 

associated with several pulmonary diseases; for example, Mycobacterium tuberculosis is 441 

responsible for tuberculosis in humans and is associated with pulmonary infection (30), while 442 

Mycobacterium avium is highly associated with lung disease (31). Interestingly, several case 443 

reports from China, Mexico, India, and Singapore have identified Mycobacterium tuberculosis 444 

as co-infections in COVID-19 patients and were treated with drugs to combat tuberculosis 445 

(32-36).  Two meta-analysis studies clearly showed Mycobacterium tuberculosis co-infection 446 

in patients with COVID-19, which renders the patients vulnerable to severe COVID-related 447 

complications and death (37-41). As per WHO report, around 10 million people were affected 448 

by tuberculosis in 2020 and eight countries accounted for 2/3rd of patients with tuberculosis 449 

infection. Reports show susceptibility for tuberculosis and activation of latent tuberculosis 450 

during COVID-19 infections (36-38). Therefore, this study is particularly important for 451 

countries such as China, India, Indonesia, South Africa, Bangladesh, Pakistan, Philippines, 452 

and Nigeria, where tuberculosis is endemic and possibly aggravates the COVID-19 symptoms 453 

and severity. Studies have revealed that patients suffering from tuberculosis are more 454 

susceptible for SARS-CoV-2 infection, faster disease progression, and complications 455 

associated with COVID-19 disease (36, 38). 456 
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Mycoplasma pneumoniae, a member of genus Mycoplasma, is responsible for pneumonia and 457 

other respiratory infections in humans (42, 43). Co-infections and/or secondary infections by 458 

Mycoplasma pneumoniae is not uncommon in COVID-19 patients. Several case reports from 459 

different parts of the world have shown that Mycoplasma pneumoniae co-infections in 460 

COVID-19 patients result in disease severity (44-51). Patients with atypical respiratory 461 

pathogens such as Mycoplasma pneumoniae or Chlamydia pneumoniae co-infections have 462 

high propensity of developing acute respiratory distress syndrome (ARDS) (45). Both 463 

COVID-19 pneumonia and pulmonary pneumonia elicit fever, cough, and shortness of breath, 464 

and present similar diagnostic features in chest X-ray and HRCT, because of which they 465 

escape logical diagnosis by clinicians. Serological tests can reveal the presence of 466 

Mycoplasma pneumoniae in COVID-19 patients. The results of our study and those of other 467 

reports have proved the association of opportunistic pathogens with alterations in the diversity 468 

of the microbial communities in symptomatic and asymptomatic COVID-19 patients. This 469 

study establishes a new set of opportunistic pathogens in the context of the NP microbiome in 470 

COVID-19-infected patients. Moreover, this study clearly distinguishes between the NP 471 

microbial composition of symptomatic and asymptomatic groups using LefSe with AUC-ROC 472 

validation. Thus, we believe that SARS-CoV-2 virulence may promote the growth of 473 

opportunistic pathogens and may lead to co-infection or secondary infection in COVID-19 474 

patients. Our study also highlights the importance of incorporating routine screening for 475 

common opportunistic pathogens in COVID-19 patients in public health policies. Timely 476 

identification and medications may regulate the occurrence of co-infections and may reduce 477 

disease burden, along with faster recovery from SARS-CoV-2 infections. 478 
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Our study has certain limitations. The subject size is limited and a larger cohort would have 479 

strengthened our findings. The clinical manifestations are limited, and therefore, we have 480 

attempted not to over interpret our data. Future studies should include NP samples from 481 

vaccinated, asymptomatic, and hospitalized COVID-19 patients, the detailed associated 482 

pathophysiology of whom are known, to understand the role of opportunistic pathogens in 483 

COVID-19 disease progression and severity. Furthermore, blood biochemistry and serum 484 

metabolite studies will boost conclusions regarding the functional aspects of the NP 485 

microbiome. 486 

 487 

Conclusions 488 

In this study, we report the abundance of Mycobacteria and Mycoplasma opportunistic 489 

pathogens in the nasopharynx of non-hospitalized COVID-19 patients. Using long-read 490 

sequencing of the 16S rRNA variable regions V1-V9, we extended our analysis to species 491 

level and found enrichment of several Mycobacterium spp. and Mycoplasma pneumoniae in 492 

both asymptomatic and symptomatic patients with COVID-19. However, their abundance was 493 

significantly higher in the symptomatic COVID-19 patients, with strong association with chest 494 

pain and fever. Our study adds to the growing list of opportunistic pathogens in patients with 495 

COVID-19 and indicates the possibility of co-infections during disease progression. Hence, 496 

we believe that it is important to incorporate routine screening for common opportunistic 497 

pathogens in SARS-CoV-2-infected patients and modulate treatment modalities to prevent co-498 

infections and secondary infections. 499 

 500 

Availability of data and materials 501 
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The 16S rRNA gene sequencing data has been deposited in NCBI repository with the 502 

Bioproject ID for PRJNA774098 (http://www.ncbi.nlm.nih.gov/bioproject/774098). 503 
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 750 

Figure Legends: 751 

Figure 1: Schema of nasopharyngeal sample processing, 16S sequencing, and OTU-based 752 

sample distribution. (A) Flow chart showing nasopharyngeal sample processing for DNA 753 

extraction, amplicon library preparation, Oxford Nanopore sequencing, and bioinformatics 754 

analysis pipeline. (B) Pie chart showing the nasopharyngeal samples (controls, symptomatic, and 755 

asymptomatic) used in this study. (C) t-SNE plot showing the OTU-based sample distribution and 756 

ordination points for control, symptomatic, and asymptomatic samples. 757 

 758 

Figure 2: Alpha/beta diversities and dysbiosis index in COVID-19-positive and negative 759 

nasopharyngeal samples. (A-B) Alpha diversity index (Shannon/Simpson) between control and 760 

COVID-19-infected samples (pairwise Wilcoxon rank-sum test p = ≤0.05). (C-D) Same analysis 761 
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as above where the COVID-19-infected samples are classified as asymptomatic and symptomatic 762 

compared to the control group. (E-F) Linear regression model showing the association between 763 

total OTU count and Shannon/Simpson diversity index for each sample; the shaded grey region 764 

represents 95% confidence intervals of two groups, symptomatic and asymptomatic, with 765 

correlation (Spearman) regression line [Shannon: R = -0.35 (asymptomatic), R = -0.54 766 

(symptomatic) and Simpson: R = -0.58 (asymptomatic), R = -0.77 (symptomatic)]. (G) Principal 767 

coordinate analysis (PCoA) showing beta diversity in asymptomatic, symptomatic, and control 768 

sample groups based on unifrac (weighted/unweighted) distance (p = 0.001, PERMANOVA). (H) 769 

Violin plot showing dysbiosis indexes of samples from control, asymptomatic, and symptomatic 770 

participants (pairwise Wilcoxon rank-sum test p = ≤0.05). 771 

 772 

Figure 3: Taxonomic classification of bacterial communities using NMDS, correlation, and 773 

CCA. (A) NMDS ordination of Bray-Curtis distance matrix based on all samples and bacterial 774 

communities of each taxonomy level (phylum, order, family, and genus) (ANOSIM p = <0.05). 775 

(B) The density plot representing the Spearman correlation coefficient at each taxonomy level 776 

(phylum, order, family, and genus); dotted line indicates the mean value of each sample group 777 

(Kolmogorov–Smirnov (KS) Test p ≤ 0.05). (C) Heatmap of Spearman correlation for genus level 778 

with sample correlation (lower) and OTU correlation (upper). Five clusters (C1, C2, C3, C4, and 779 

C5) were generated using unsupervised hierarchical clustering from the OTU correlation plot. (D) 780 

Sample-wise OTU density plot for each cluster (C1, C2, C3, C4, and C5) showing relative 781 

abundance. (E-F) CCA plot of microbial community composition for each cluster and bar plot 782 

representing cumulative variation percentage from two components [C1 (92.4%), C2 (80.5%), C3 783 
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(12.9%), C4 (94.8%), and C5 (39.4%)]. Dotted line shows 30% variance cut-off for downstream 784 

analysis. 785 

 786 

Figure 4: Linear discriminant analysis effect size (LefSe) analysis revealed distinct genus-787 

level OTUs in control, asymptomatic, and symptomatic participants. (A) Heatmap showing 788 

genus level OTU (n = 181) abundance distribution from four clusters (C1, C2, C4, and C5) 789 

identified from CCA analysis in control, asymptomatic and symptomatic samples. The OTUs 790 

marked on either side of the heatmap were obtained from one-against-all and all-against-all 791 

comparison in LDA analysis (B) The cladogram shows the output of the LEfSe (LDA score >2.0), 792 

which identified taxonomic differences between sample groups. Each circle represents a bacterial 793 

taxon, and each ring of taxonomy level starting with kingdom in the innermost circle is followed 794 

by phylum, class, order, family, and genus in the outermost circle. The different color intensities 795 

indicate the different taxonomy levels, and the diameter of each circle is proportional to the taxon’s 796 

abundance and correlates with the LDA score. (C) The histogram of the LDA scores (score >2.0 797 

and all-against-all) was computed for differentially abundant taxa between sample groups. The 798 

effect size of specific taxa in the particular group at the genus level. (D) Histogram of the all LefSe-799 

specific taxa (Mycoplasma, Streptosporangium, Citrobacter, Acidocella, Mycolicibacterium, 800 

Mycolicibacillus, Mycobacterium, Mycobacteroides, Orientia, Gallibacterium, 801 

Cellulosimicrobium, and Oerskovia) showing relative abundance across sample groups. Solid and 802 

dotted lines show median and mean relative abundance respectively. (E) Weighted correlation 803 

network analysis (WGCNA) was used for network construction and plotted using Gephi. Each 804 

node of the network represents the individual bacterial genera with their respective abundance size, 805 

and the edges represent correlation strength with edge weight by thickness. The pie chart within 806 
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each node represents abundance for each genus. The dotted line shows two distinct modules 807 

(control and infected) created in the network analysis. (F) Violin plot showing the dysbiosis indices 808 

of LefSe sample groups (pairwise Wilcoxon rank-sum test p-value < 0.05). 809 

  810 

Figure 5: Area under the curve-receiver operating characteristic (AUC-ROC) validation and 811 

correlation of genera with the symptoms of COVID-19 subjects. (A) ROC curve for LDA 812 

classified symptomatic and asymptomatic group. AUC of 0.80 with 95% confidence interval (CI). 813 

(B) Correlation between bacteria at genus level and clinical symptoms of patients. (C-D) ROC 814 

curve for chest pain and fever in the symptomatic and asymptomatic groups. The AUCs were 0.904 815 

(chest pain) and 0.793 (fever) with 95% confidence interval (CI). 816 

Figure 6: Relative abundance and species-specific OTUs reveal Mycobacterium spp. and 817 

Mycoplasma as key opportunistic pathogens. (A) Heatmap showing the taxonomic distribution 818 

of 54 species obtained from 12 genus based on LDA scores. (B-D) Boxplots showing relative 819 

abundance of opportunistic pathogens (Statistical parameters (Wilcoxon Rank test): ns: p = >0.05, 820 

* p< = 0.05, ** p < = 0.01, *** p < = 0.001, **** p < = 0.0001) in C vs. IA, C vs. IS, and IA vs. 821 

IS groups. (E)  Spearman correlation showing relationship between opportunistic pathogenic 822 

bacteria and patient’s clinical symptoms. 823 

Table 1: Details of samples included in this study 824 

 Control (n=12) 

Asymptomatic 

(n=25) 

Symptomatic 

(n=21) 

Sex    

Male 5 (41.66%) 18 (72%) 19 (90.47%) 

Female 7 (58.33%) 7 (28%) 2 (9.52%) 
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Age (years) 31 (median) 26 (median) 32 (median) 

Symptoms    

Dry Cough NA NA 7 (33.3%) 

Fever NA NA 17 (80.95%) 

Tiredness NA NA 8 (38.09%) 

Sore throat NA NA 11(52.38%) 

Body pain NA NA 13(61.9%) 

Chest pain NA NA 9(42.85%) 

Fever + Body pain NA NA 4(19.04%) 

Fever + multiple symptoms* NA NA 16(76.19%) 

Fever + chest pain NA NA 8(38.09%) 

Loss of smell/taste + multiple 
symptoms* without fever NA NA 2(9.52%) 

*Multiple symptoms refer to having more than one symptoms from symptoms list. 825 

Table 2: Phylum based on relative abundance and their respective values 826 

Phylum Mean 

1st 

Quartile Median 

3rd 

Quartile p_value BH_FDR 

Proteobacteria 1.51E-01 3.79E-02 4.53E-02 7.29E-02 6.56E-07 6.56E-07 

Fusobacteria 2.25E-03 1.31E-03 1.72E-03 2.71E-03 9.00E-07 9.00E-07 

Actinobacteria 6.83E-01 7.09E-01 7.62E-01 7.99E-01 9.96E-07 9.96E-07 

Bacteroidetes 8.77E-03 5.71E-03 6.66E-03 1.00E-02 1.48E-06 1.48E-06 

Tenericutes 9.37E-04 1.35E-04 5.60E-04 1.21E-03 2.21E-06 2.21E-06 

Chloroflexi 2.25E-03 6.47E-04 9.84E-04 1.46E-03 6.54E-06 6.54E-06 

Chlamydiae 5.93E-04 2.82E-04 4.98E-04 7.76E-04 7.27E-06 7.27E-06 

Fibrobacteres 5.65E-04 2.86E-04 4.05E-04 7.10E-04 4.77E-05 4.77E-05 

Thermodesulfobacteria 2.62E-02 2.09E-02 2.84E-02 3.24E-02 8.13E-04 8.13E-04 

Aquificae 2.31E-04 1.19E-04 2.30E-04 2.93E-04 1.59E-03 1.59E-03 

Firmicutes 1.23E-01 1.19E-01 1.28E-01 1.44E-01 4.65E-02 4.65E-02 
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Chlorobi 1.02E-03 6.81E-04 9.32E-04 1.27E-03 8.58E-01 8.58E-01 

 827 

Table 3: Top 30 family based on relative abundance and their respective values 828 

Family Mean 1st quartile Median 

3rd 

quartile p_value BH_FDR 

Acetobacteraceae 5.08E-02 5.00E-02 5.12E-02 5.28E-02 9.14E-07 9.14E-07 

Actinomycetaceae 2.23E-02 2.10E-02 2.18E-02 2.32E-02 8.18E-03 8.18E-03 

Aeromonadaceae 2.96E-02 2.54E-02 3.07E-02 3.38E-02 8.18E-03 8.18E-03 

Alcaligenaceae 8.14E-02 8.50E-02 8.71E-02 9.43E-02 1.41E-06 1.41E-06 

Bifidobacteriaceae 7.69E-02 4.59E-02 6.52E-02 1.04E-01 2.99E-03 2.99E-03 

Brevibacteriaceae 4.37E-02 2.72E-02 3.82E-02 5.98E-02 6.35E-04 6.35E-04 

Cellulomonadaceae 6.75E-02 4.60E-02 6.29E-02 8.52E-02 8.64E-05 8.64E-05 

Chromobacteriaceae 2.30E-02 2.27E-02 2.30E-02 2.32E-02 9.37E-07 9.37E-07 

Corynebacteriaceae 5.49E-02 4.18E-02 5.05E-02 6.52E-02 2.36E-05 2.36E-05 

Enterobacteriaceae 1.26E-01 3.61E-02 1.65E-01 2.17E-01 1.73E-06 1.73E-06 

Erwiniaceae 3.19E-02 2.97E-02 3.10E-02 3.46E-02 2.01E-06 2.01E-06 

Erysipelotrichaceae 2.26E-02 2.21E-02 2.26E-02 2.30E-02 1.69E-06 1.69E-06 

Eubacteriaceae 2.99E-02 2.58E-02 2.84E-02 3.28E-02 1.85E-06 1.85E-06 

Lactobacillaceae 2.12E-02 2.05E-02 2.10E-02 2.18E-02 5.39E-03 5.39E-03 

Micrococcaceae 3.52E-02 2.65E-02 3.37E-02 4.36E-02 3.49E-03 3.49E-03 

Micromonosporaceae 2.41E-02 2.25E-02 2.43E-02 2.53E-02 2.65E-06 2.65E-06 

Morganellaceae 5.01E-02 4.51E-02 5.30E-02 5.93E-02 1.90E-05 1.90E-05 

Mycobacteriaceae 2.19E-01 1.85E-01 2.42E-01 2.69E-01 7.93E-07 7.93E-07 

Neisseriaceae 5.24E-02 5.08E-02 5.23E-02 5.43E-02 1.29E-06 1.29E-06 

Nocardiaceae 3.15E-02 2.46E-02 3.41E-02 3.63E-02 8.90E-07 8.90E-07 

Pasteurellaceae 4.73E-02 3.34E-02 5.14E-02 5.75E-02 5.89E-05 5.89E-05 

Pectobacteriaceae 2.17E-02 2.05E-02 2.15E-02 2.27E-02 2.09E-06 2.09E-06 
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Peptostreptococcaceae 3.01E-02 2.56E-02 2.82E-02 3.23E-02 1.89E-06 1.89E-06 

Propionibacteriaceae 1.17E-01 9.00E-02 1.20E-01 1.33E-01 8.90E-07 8.90E-07 

Pseudonocardiaceae 2.94E-02 2.70E-02 2.98E-02 3.27E-02 1.44E-06 1.44E-06 

 829 

Table 4: Mean and median value of density plots. 830 

Taxonomic rank Statistic value Control Asymptomatic Symptomatic 

Phylum 

Mean 8.96E-01 8.68E-01 8.90E-01 

Median 9.30E-01 8.95E-01 9.16E-01 

Order 

Mean 8.58E-01 7.70E-01 8.36E-01 

Median 8.78E-01 8.21E-01 8.93E-01 

Family 

Mean 8.22E-01 6.86E-01 7.60E-01 

Median 8.63E-01 7.46E-01 8.06E-01 

Genus 

Mean 7.95E-01 5.65E-01 6.51E-01 

Median 6.39E-01 8.33E-01 7.01E-01 

Table 5: Result of Kolmogorov–Smirnov (KS) test between the densities of each taxonomic 831 

rank. 832 

Taxonomic rank 
Control vs 

Asymptomatic 
Control vs 

Symptomatic 
Asymptomatic vs 

Symptomatic 

Phylum 

D = 1.88e-01 D = 1.07e-01 D = 1.01e-01 

p-value = 3.03e-02 p-value = 0.4834 p-value = 9.78e-04 

Order 

D = 3.18e-01 D = 9.97e-02 D = 2.30e-01 

p-value = 1.237e-05 p-value = 0.5706 p-value < 2.2e-16 

Family 

D = 4.14e-01 D = 2.93e-01 D = 2.25e-01 

p-value = 2.706e-09 p-value = 4.75e-05 p-value < 2.2e-16 

Genus 

D = 5.94e-01 D = 5.06e-01 D = 2.28e-01 

p-value < 2.2e-16 p-value = 3.308e-14 p-value < 2.2e-16 

 833 

Table 6: Linear discriminate analysis (LDA) score for all-against-all analysis 834 
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Genus Highest mean 

among all the 

classes 

Samples LDA score (log 

10) 

pvalue 

Oerskovia 3.83 Asymptomatic 3.44 1.96E-02 

Cellulosimicrobium 3.85 Asymptomatic 3.5 1.73E-02 

Gallibacterium 3.84 Control 3.36 8.46E-04 

Orientia 3.88 Control 3.46 3.07E-04 

Acidocella 4.07 Control 3.81 4.68E-07 

Citrobacter 4.08 Control 3.89 2.82E-07 

Mycobacteroides 3.88 Symptomatic 3.61 3.19E-07 

Mycolicibacillus 3.98 Symptomatic 3.67 3.19E-07 

Mycolicibacterium 3.93 Symptomatic 3.71 2.55E-07 

Mycobacterium 3.9 Symptomatic 3.79 2.55E-07 

Streptosporangium 4.16 Symptomatic 3.83 1.65E-04 

Mycoplasma 4.26 Symptomatic 3.95 1.64E-06 

Table 7: WGCNA network data table 835 
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1 Acidocella 525 M1 1362 5 0.0673 0.4963 0 1 10 

2 Citrobacter 546 M1 3463 5 0.0673 0.4963 0 1 10 

3 Gallibacterium 750 M1 285 5 0.0673 0.4963 0 1 10 

4 Orientia 784 M1 263 5 0.0673 0.4963 0 1 10 

5 
Cellulosimicrobiu

m 1710 M2 11832 10 0.1202 1 1 0.5555 25 

6 Oerskovia 1713 M2 13210 10 0.1202 1 1 0.5555 25 

7 Mycobacterium 1763 M2 139017 7 0.0852 0.8208 1 0.9047 19 

8 
Mycolicibacteriu

m 1766 M2 81430 7 0.0852 0.8208 1 0.9047 19 
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9 Mycobacteroides 1774 M2 7172 7 0.0852 0.8208 1 0.9047 19 

10 Mycolicibacillus 1798 M2 2749 7 0.0852 0.8208 1 0.9047 19 

11 
Streptosporangiu

m 2002 M2 163 5 0.0642 0.5732 1 1 10 

12 Mycoplasma 2100 M2 475 7 0.0852 0.8208 1 0.9047 19 

 836 

Table 8: List of opportunistic pathogenic bacteria 837 

 838 

Sl. 

No. 

Species Clinical manifestation References 

1 Mycoplasma pneumoniae Mycoplasma pneumonia, a form of 
atypical bacterial pneumonia. 

(42, 44, 49) 

2 Mycobacterium tuberculosis Tuberculosis (TB) (35, 38-41) 
3 Mycobacterium avium MAC lung disease (52, 53)  
4 Mycobacterium intracellulare MAC lung disease  (54, 55) 
5 Mycobacterium leprae Hansen's disease (Leprosy) (56, 57) 
6 Mycobacterium Kansasii Chronic pulmonary infection (58, 59) 
7 Mycobacterium simiae Pulmonary infection (60, 61) 
8 Mycobacterium xenopi  NTM lung disease (62-64) 
9 Mycobacterium gordonae Pulmonary infection (65, 66) 
10 Mycobacterium asiaticum Pulmonary and extrapulmonary disease (67, 68)  

11 Mycobacterium szulgai Pulmonary infection (69, 70) 
12 Mycobacterium ulcerans Buruli ulcer (71, 72) 



Figures

Figure 1

Schema of nasopharyngeal sample processing, 16S sequencing, and OTU-based sample distribution. (A)
Flow chart showing nasopharyngeal sample processing for DNA extraction, amplicon library preparation,
Oxford Nanopore sequencing, and bioinformatics analysis pipeline. (B) Pie chart showing the
nasopharyngeal samples (controls, symptomatic, and asymptomatic) used in this study. (C) t-SNE plot
showing the OTU-based sample distribution and ordination points for control, symptomatic, and
asymptomatic samples. 



Figure 2

Alpha/beta diversities and dysbiosis index in COVID-19-positive and negative 760 nasopharyngeal
samples. (A-B) Alpha diversity index (Shannon/Simpson) between control and COVID-19-infected
samples (pairwise Wilcoxon rank-sum test p = ≤0.05). (C-D) Same analysis 35 as above where the COVID-
19-infected samples are classi�ed as asymptomatic and symptomatic compared to the control group. (E-
F) Linear regression model showing the association between total OTU count and Shannon/Simpson
diversity index for each sample; the shaded grey region represents 95% con�dence intervals of two
groups, symptomatic and asymptomatic, with correlation (Spearman) regression line [Shannon: R = -0.35
(asymptomatic), R = -0.54 767 (symptomatic) and Simpson: R = -0.58 (asymptomatic), R = -0.77
(symptomatic)]. (G) Principal coordinate analysis (PCoA) showing beta diversity in asymptomatic,
symptomatic, and control sample groups based on unifrac (weighted/unweighted) distance (p = 0.001,
PERMANOVA). (H) Violin plot showing dysbiosis indexes of samples from control, asymptomatic, and
symptomatic participants (pairwise Wilcoxon rank-sum test p = ≤0.05).



Figure 3

Taxonomic classi�cation of bacterial communities using NMDS, correlation, andCCA. (A) NMDS
ordination of Bray-Curtis distance matrix based on all samples and bacterial communities of each
taxonomy level (phylum, order, family, and genus) (ANOSIM p = <0.05). (B) The density plot representing
the Spearman correlation coe�cient at each taxonomy level (phylum, order, family, and genus); dotted
line indicates the mean value of each sample group (Kolmogorov–Smirnov (KS) Test p ≤ 0.05). (C)



Heatmap of Spearman correlation for genus level with sample correlation (lower) and OTU correlation
(upper). Five clusters (C1, C2, C3, C4, and C5) were generated using unsupervised hierarchical clustering
from the OTU correlation plot. (D) Sample-wise OTU density plot for each cluster (C1, C2, C3, C4, and C5)
showing relative abundance. (E-F) CCA plot of microbial community composition for each cluster and bar
plot representing cumulative variation percentage from two components [C1 (92.4%), C2 (80.5%), C3 36
784 (12.9%), C4 (94.8%), and C5 (39.4%)]. Dotted line shows 30% variance cut-off for downstream
analysis. 

Figure 4

Linear discriminant analysis effect size (LefSe) analysis revealed distinct genus level OTUs in control,
asymptomatic, and symptomatic participants. (A) Heatmap showing genus level OTU (n = 181)
abundance distribution from four clusters (C1, C2, C4, and C5) identi�ed from CCA analysis in control,
asymptomatic and symptomatic samples. The OTUs marked on either side of the heatmap were obtained
from one-against-all and all-against-all comparison in LDA analysis (B) The cladogram shows the output
of the LEfSe (LDA score >2.0), which identi�ed taxonomic differences between sample groups. Each
circle represents a bacterial taxon, and each ring of taxonomy level starting with kingdom in the
innermost circle is followed by phylum, class, order, family, and genus in the outermost circle. The



different color intensities indicate the different taxonomy levels, and the diameter of each circle is
proportional to the taxon’s abundance and correlates with the LDA score. (C) The histogram of the LDA
scores (score >2.0 and all-against-all) was computed for differentially abundant taxa between sample
groups. The effect size of speci�c taxa in the particular group at the genus level. (D) Histogram of the all
LefSe speci�c taxa (Mycoplasma, Streptosporangium, Citrobacter, Acidocella, Mycolicibacterium,
Mycolicibacillus, Mycobacterium, Mycobacteroides, Orientia, Gallibacterium, Cellulosimicrobium, and
Oerskovia) showing relative abundance across sample groups. Solid and dotted lines show median and
mean relative abundance respectively. (E) Weighted correlation network analysis (WGCNA) was used for
network construction and plotted using Gephi. Each node of the network represents the individual
bacterial genera with their respective abundance size, and the edges represent correlation strength with
edge weight by thickness. The pie chart within 37 each node represents abundance for each genus. The
dotted line shows two distinct modules (control and infected) created in the network analysis. (F) Violin
plot showing the dysbiosis indices of LefSe sample groups (pairwise Wilcoxon rank-sum test p-value <
0.05). 

Figure 5

Area under the curve-receiver operating characteristic (AUC-ROC) validation and correlation of genera with
the symptoms of COVID-19 subjects. (A) ROC curve for LDA classi�ed symptomatic and asymptomatic
group. AUC of 0.80 with 95% con�dence interval (CI). (B) Correlation between bacteria at genus level and



clinical symptoms of patients. (C-D) ROC curve for chest pain and fever in the symptomatic and
asymptomatic groups. The AUCs were 0.904 (chest pain) and 0.793 (fever) with 95% con�dence interval
(CI).

Figure 6

Relative abundance and species-speci�c OTUs reveal Mycobacterium spp. and Mycoplasma as key
opportunistic pathogens. (A) Heatmap showing the taxonomic distribution of 54 species obtained from
12 genus based on LDA scores. (B-D) Boxplots showing relative abundance of opportunistic pathogens
(Statistical parameters (Wilcoxon Rank test): ns: p = >0.05, 821 * p< = 0.05, ** p < = 0.01, *** p < = 0.001,
**** p < = 0.0001) in C vs. IA, C vs. IS, and IA vs. IS groups. (E) Spearman correlation showing relationship
between opportunistic pathogenic bacteria and patient’s clinical symptoms. 
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