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Abstract:

Coronavirus disease 2019 (COVID-19) remains a major globai health concern, with emerging
evidence highlighting the role of the human microbiome in infiuencing disease severity. While
extensive research has been conducted on COVID-19, studies examining host-pathogen
interactions at the transcriptomic level remain limited. In this study, we investigated the
metatranscriptomic profiles of forty nasopharyngeal samples collected from COVID-19 patients
across different Bangladeshi cohorts. Sequencing data were processed to analyze taxonomic
composition, microbial diversity, and antiricrobial resistance gene (ARG) patterns using multiple
bioinformatic pipelines. COVID-19 positive and asymptomatic patients exhibited a higher
abundance of pathogenic and multidrug-resistant bacteria, whereas COVID-19 negative
individuals showed increased fungal diversity. Differential gene expression analysis revealed
significant upregulation of immune response related genes, including pro-inflammatory cytokines,
in COVID-19 positive cases. Notably, asymptomatic patients demonstrated reduced TLR4
expression, suggesting a potential reducing of innate immune activation, which may contribute to
asymptomatic clinical outcomes. Additionally, functional enrichment highlighted active ARG
expression in positive cases, indicating potential links between the respiratory microbiome and
host immune modulation. These findings provide insights into the host-microbiome interplay
underlying COVID-19 severity and highlight the need for further validation in larger, ethnically
diverse cohorts with comprehensive clinical metadata.

Keywords: COVID-19, Metatranscriptomics, Immunological signaling, Differential gene
expression, Transcriptome
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Introduction

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), the causative agent of
coronavirus disease 2019 (COVID-19), has created a catastrophic event throughout the world
known as COVID-19 pandemic [1,2]. The first cluster of COVID-19 cases was identified in
Wuhan, China, in late December 2019, where patients presented with symptoms of severe
pneumonia. Since then, SARS-CoV-2 has been considered as one of the deadliest human
pathogens after Spanish Flu [3,4]. However, fatality and prognosis of COVID-19 are influenced
by several factors such as patients’ age or preexisting comorbidities (diabetes, hypertension,
asthma etc.) [5,6]. Vaccines have made it possible to reduce the severity of the disease, but
emergence of such viral disease still remains a threat. Since the COVID-19 outbreak, there has
been a significant increase in the collection of epidemiological, clinical, and immunological data.
But the molecular mechanism underlying SARS-CoV-2 virus pathogenesis and prognosis was still
not explored much [7,8]. This is because a thorough understanding of the pathogenesis of COVID-
19 should enable the development of effective strategies to enhance the generation of effective
anti-SARS-CoV-2 immune responses.

The respiratory microbiota consists of a wide range of bacteria and 1s distributed in the upper
respiratory tract (URT). This microbial flora contains either commensals or pathobionts. Various
investigations have shown that the severity of SARS-CoV/-2 infection is likely to be influenced by
the co-existing bacteria, fungi, and archaea in the respiratory tracts [9,10]. The SARS-CoV-2 virus
enters the body by inhalation and binds to epithelia! cells in the nasal cavity. It then replicates and
migrates through the respiratory tract and gradually proceeds towards the lungs to initiate infection
which in turn mounts a vigorous innate imrinurie response for clearing up the virus [11]. So, it is
believed that during this propagation and immune response, the microbiota residing in the
respiratory airways may be altered, and inclusion of some of the pathobionts might alleviate the
course and severity of the disease caused by SARS-CoV-2 virus [11].

Nowadays, Next-generation sequencing (NGS) approaches, such as metagenomics, is the widely
used method for analyzing what kind of microbial population is present in a sample. But
metagenomics mainly focuses on the genomic content and identification of microbes present
within a community, while metatranscriptomics provides the diversity of the active genes within
such community, their expression level profile and how these levels change with alterations in
environmental conditions. Thus, to understand the role of respiratory microbiome in COVID-19
severity and to elucidate host gene expression with functional profiling metatranscriptomics
approaches are preferable.

In this study, nasopharyngeal samples of different severity groups of COVID-19 patients were
collected and subjected to sequencing to analyze both respiratory microbiome and differential gene
expression and immunological signaling pathways of the host [12,13]. This information not only
can be used for taxonomic characterization of known or novel microbes and host response analysis
but also determines the functional profile of biological processes of normal and altered respiratory
microbiome [13,14].
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Results:

Taxonomic and microbial diversity analysis:

Sequencing yielded an average of 3.1 million paired-end reads per sample. Read distribution
analysis revealed consistent coverage across coding regions in all samples, with comparable
representation of 5'UTR and 3'UTR segments (S2). No sample showed a dominant accumulation
of reads at the 3’ end or a depletion of 5’ transcript regions, indicating the absence of strong 53’
degradation bias. The observed mild positional variation is consistent with expected Illumina
RNA-seq library characteristics [15]. Ribosomal RNA depletion efficiency analysis showed only
a small fraction of reads mapped to rRNA features (<0.5%, with a mean of 0.14% + 0.10%),
confirming effective depletion and high-quality library preparation. The percentage of rRNA
across the samples is plotted in a barplot (S2).

Alignment to the human genome revealed that approximately 44% of these reads were of human
origin, while the remaining 56% corresponded to microbial sequences. These microbial reads were
subsequently used for all taxonomic analyses.

Alpha diversity measured using Shannon and Simpson Diversity metrics showed significant
species diversity within the sample groups in terms of prokeryoies (Fig 1a). But in terms of
Eukaryotes, the box and whisker plot show widespread distribution of species diversity for the
severe group, whereas for the other three groups, the data were clustered (Fig 1d).

However, Bray—Curtis distance method Beta diversity analysis showed a separate cluster for
Asymptomatic group in PCoA but the clusters of other three sample groups (Negative, Mild,

Severe) overlapped for both the prokaryctes and eukaryotes (Fig 1b, 1e).
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Fig 1: Alpha (a) and Beta (b) diversity indexes in Prokaryotes. Alpha (d) and Beta (e) diversity
indexes in Eukaryotes. Genus level Relative abundance of four major study cohorts. Here, (c)
Prokaryotes and (f) Eukaryotes.

The relative abundance analysis across the four major study groups suggested a higher presence
of potentially pathogenic and multidrug-resistant bacterial strains among COVID-19 positive
patients, regardless of disease severity (Fig. 1c, 1f). Additionally, COVID-19 positive samples
appeared to show an increased fungal representation alongside SARS-CoV-2 infection.

Microbial metatranscriptomics and antimicrobial resistance
analysis:
The diversity in microbial community delved into looking more closely at the condition of

microbial metatranscriptomics in the samples. This analysis reveals the functions of microbial
communities by checking the transcriptome of the microbiome in each environment.
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Fig 2: Here, (a) showing Gene Family abundance and (b) showing GO Term abundance in all the
samples. Also, (c) showing a circos plot analysis of antibiotic resistance in asymptomatic positive
patients visualizing the presence of different AMR genes across the isolates. A heatmap in the
inner circle of the plot illustrates the frequency of each AMR gene across all isolates, with red
indicating high frequency and yellow indicating low frequency.

Differences in gene expression patterns and functional activity were observed in different study
cohorts of COVID-19 patients in terms of severity. Substantial up-regulation of translation
machinery and ribosomal proteins, including multiple 50S and 30S ribosomal proteins, was
observed in the microbial gene expression profile of asymptomatic patients (Fig 2a). Along with
that, genes linked to porins, and cold shock proteins were also highly expressed. Moreover, Gene
Ontology (GO) analysis revealed enrichment in molecular functions including DNA binding,
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GTPase activity, and magnesium ion binding, as well as biological processes like translation
elongation, protein transport, and the tricarboxylic acid cycle (Fig 2b).

Significant up-regulation of viral genes, such as replicase polyprotein 1AB, spike glycoprotein,
and RNA-directed RNA polymerase, was observed in mild COVID-19 patients. The structural
components of virions, host immune response regulation, and processes related to the viral life
cycle were found to have enrichment, according to GO analysis.

Stress response proteins, such as Rubredoxin and class D beta-lactamase, were up-regulated in the
microbial gene expression profile of severe COVID-19 patients. GO analysis showed inhibition of
the host antiviral signal, modification of host protein ubiquitination, and enrichment in processes
associated with the viral life cycle.

Genes related to beta-lactamase activity, cytochrome C oxidase activity, and aerobic respiration
were all overexpressed in the negative group. GO enrichment reflected normal cellular activity in
the absence of severe viral infection and was linked to host immunological suppression by viral
processes, sensitivity to drugs, and mitochondrial function.

Analysis of antimicrobial resistance gene (ARG) profiles across the study cohorts revealed a
markedly higher abundance and diversity of ARGs in the asymptomatic COVID-19 group
compared to mild, severe, and negative cohorts. The asyimptomatic COVID-19 cohort harbored a
distinct resistome, enriched in genes conferring resistance to aminoglycosides, trimethoprim,
phenicols, and rifamycins, which were largely ahsent in other severity groups. However, the -
lactamase gene TEM1-D was present across all conorts and highlighted in red in the circos plot to
denote its high abundance (Fig 2c).

To further explore the functional activity of the microbiome’s resistome, a differential abundance
analysis of ARGs was performed. This analysis revealed a distinct and statistically significant
upregulation of multiple ARGs in the asymptomatic cohort compared to symptomatic (mild and
severe) patients. In total, 22 ARGs were found to be significantly more abundant in asymptomatic
individuals (adjusted p < 0.05; Supplementary File S2). Notably, the most upregulated genes
included those conferring resistance to catalases (CATA2; log.FC =9.32, p adj = 1.73 x 10*) and
macrolides (MSRE; log.FC = 8.79, p adj = 3.82 x 10~*; MPHE; log.FC = 8.50, p adj = 1.37 x 103).
Additionally, genes conferring resistance to p-lactams (PER-1; log.FC = 8.26), sulfonamides
(SULII; log2FC = 8.13), and aminoglycosides (STRA, STRB) were also highly expressed in the
asymptomatic group.

COVID-19 associated host gene expression and gene enrichment:

The different transcriptional patterns of the Severe, Mild, Negative, and Asymptomatic groups
may be clearly seen in the PCA plot (Fig 3). The biological significance of the transcriptome
variations is shown by the clustering patterns and confidence ellipses, which show the variability
within groups and the gap between them. Host gene expression analysis results were further plotted
on different groups for better understanding of the outcomes. The detailed log2Fc value along with
adjusted P value is available in Supplementary file S3.
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Fig 3: PCA plot showing the overlapping ciusters of host gene expression data

Differential expressions of mild and negative patients showed 23 upregulated genes in the mild
group than negative patients. The top five expressed genes, such as, ENSG00000229976
(IncRNA), ENSG00000087274 (ADD1), ENSG00000185745 (IFIT1), ENSG00000119922
(IFIT2), ENSG00000169245 (CXCL10) are marked in Fig 4a. After the enrichment analysis of the
upregulated genes, it was evident that mostly virus associated immunological genes were
upregulated in COVID-19 positive patients (Fig 4b). Cellular response to cytokine stimulus, innate
immune response, response to virus, cytokine mediated signaling pathway, Type-1 interferon
signaling pathway etc. were most prominent ones. This analysis followed a protein-protein
interaction network analysis to ensure the association among the pathways (Fig 4c). Immune
response related genes formed a cluster among themselves according to that analysis and binding
regulation gene can be seen distant than the cluster.
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Fig 4: Differential gene expression analysis between Mild and Negative groups. Fig 4(a) shows
MA plot for the differential gene expression of this group. Fig 4(b) showing enrichment analysis
of the upregulated genes and Fig 4(c) showing PPI network among them.

Moreover, differential expression analysis of mild vs asymptomatic positive group and
symptomatic (Mild and Severe) vs asymptomatic positive group was performed (Fig 5a, 5b). The
mild and asymptomatic positive group showed 23 downregulated genes and symptomatic vs
asymptomatic group showed 19 downregulated genes. The top expressed genes from both groups
are shown in the MA plot. ENSG00000198522 (GPN1), ENSG00000160293 (VAV2),
ENSGO00000135111 (TBX3), ENSG00000151458 (ANKRD50), ENSG00000230987. Further
enrichment analysis of the downregulated genes showed 16 common genes, when plotted in Venn
diagram (Fig 5c). These genes showed physiological functional processes in gene ontology
enrichment, and they all fall into one cluster upon network analysis among themselves (Fig 5d).
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Fig 5: MA plot showing differential gene expression in two different groups. Fig 5(a) shows mild
vs asymptomatic group. The top five expressed genes such as, ENSG00000198522 (GPN1),
ENSG00000160293 (VAV2), ENSG00000135111 (TBX3), ENSG00000151458 (ANKRD50),
ENSGO00000230987 are marked here. Fig 5(b) shows symptomatic vs asymptomatic group. Top
five expressed genes such as, ENSG00000198522 (GPN1), ENSG00000160293 (VAV2),
ENSG00000130032 (PRRG3), ENSG00000230987 and ENSG00000135111 (TBX3) are marked
here. Fig 5(c) and Fig 5(d) show the network among the common biological processes.

Furthermore, COVID-19 negative group showed 12 downregulated genes than the asymptomatic
group (Fig 6a). The upregulated genes are ENSG00000210082 (MT-RNR2), ENSG00000211459
(MT-RNR1) and the top expressed downregulated genes are as follows, ENSG00000130032
(PRRG3), ENSG00000198522 (GPNY), ENSG00000087274 (ADD1),
ENSG00000229976(IncRNA), ENSG00000287389 (IncRNA). The GO biological process
enrichment analysis showed downregulation of immunological signaling genes in negative
patients (Fig 6b).
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Fig 6: (a) MA plot showing differential gene expression between COVID-19 negative and
asymptomatic patients. (b) showing the downregulated genes

Integrative Analysis Reveals Correlation Between Host Genes and
Microbial Taxa:

The correlation analysis revealed several significant associationis that highlight the direct interplay
between host cellular processes and specific microbes (Fig 7; full results in Supplementary File
S5). A significant positive correlation was observed tetween the abundance of Pseudomonas sp.
LPH1 and the expression of multiple host genes. The strongest of these was with the gene GPN1
(Spearman's p =+0.65, adj. p=0.0019). A significant positive association was also found between
this microbe and BCL2L14 (Spearinan's p = +0.55, adj. p = 0.026).

Conversely, the analysis identified a strong and significant negative correlation between the
expression of the host gene PRRG3 and the abundance of Moraxella osloensis (Spearman's p = -
0.57, adj. p = 0.019). These findings suggest that the presence of specific bacteria, such as
Pseudomonas and Moraxella, may be directly linked to the modulation of host cellular pathways,
providing a potential mechanistic basis for the different clinical outcomes observed in COVID-109.

10
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Fig 7: Correlation heatmap displaying the Spearman'’s correlation between top host genes (rows)
and top microbial taxa (columns). Red cells indicate positive correlations, while blue cells indicate
negative correlations.

COVID-19 influences the immunological signaling pathway:

KEGG pathway analysis of different cohorts showed significant results depending on severity.
Further analysis on these KEGG pathways, especially immunological signaling pathways, were
done to check on more detailed effects.

Pathview analysis on several immunological KEGG pathways showed significant differences
among COVID-19 positive, negative, asymptomatic positive and recovered patients.

COVID-19 positive patients, irrespective of the severity, showed upregulated inflammatory
response with the release of pro-inflammatory cytokines like IL-1p, IL-12 and resulted in a
cytokine storm of IL-8, IL-12, MCP-1, IP-10 (Fig 8). However, when COVID-19 negative samples

11
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were compared with asymptomatic positive samples, inflammatory cytokines were comparatively
downregulated. But the cytokines were upregulated when the order was reversed i.e.,
asymptomatic vs negative.

An interesting pattern was found with IL-6 which is the most important cytokine for any viral
infection. In COVID-19 positive cases, IL-6 was found to be moderately downregulated, which is
unusual. But when the cytokine-cytokine receptor signaling was checked, IL-6 receptor was highly
upregulated. Furthermore, MMP-1 was also upregulated in positive cases, which is reported to be
increased with the upregulation of IL-6 [16]. As nasopharyngeal swab was used as the sample,
cytokine level changes were not evident that much. If blood samples were taken, the results would
be more meaningful.
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Fig 8: Changes in cytokine signaling in different study cohorts. Bright red indicates the most
upregulated and bright green the most downregulated genes. KEGG [17-19] pathway maps were
generated using the Pathview package in R. The panels were assembled using Microsoft Paint for
layout purposes only.

Chemokines are an integral part of cytokine storm after a viral infection. Reports suggest
association of CCL2, CCL3, CCL4, CCL7 and CXC subfamily with the severity of cytokine storm.
These chemokines were upregulated in our COVID-19 positive cases as well (Fig 9).
Asymptomatic positive patients showed a slightly different expression pattern of chemokines,
especially the receptors and CXC subfamily, in comparison with COVID-19 negative patients.

12
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red indicates most upregulated, bright green, most downregulated. KEGG [17-19] pathway maps
were generated using the Pathview package in R. The panels were assembled using Microsoft Paint
for layout purposes only

TLRs play a major role in the initiation of innate immune responses, with the production of
inflammatory cytokines, type-1 IFN and other mediators. TLR4 stimulation induced the strongest
effect in terms of cytokine release (Fig 10a).

Here in this study, asymptomatic positive patients showed downregulation of TLR4 in comparison
with negative samples (Fig 10b). As TLR4 plays a major role in the initiation of cytokine storm,

13
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it may be suggested from this data that, downregulation of TLR4 could contribute to the observed
asymptomatic clinical outcome.
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Fig 10: Partial demonstration of Toll iike receptor signaling pathway in different groups. (a) Mild
vs Negative and, (b) Asymptomatic Positive vs Negative. KEGG [17-19] pathway maps were
generated using the Pathview package in R. The panels were assembled using Microsoft Paint for
layout purposes only.

Discussion:

The interconnection between human microbiome and disease development has already been
studied well by the scientific community [20-22]. Microbiome composition is shaped by various
environmental factors, and in turn, influences host health and immune function. During the
COVID-19 pandemic, one of the major questions arose regarding the underlying factors
contributing to variable disease severity. While most of the research proved the association of
comorbidity, age, sex, and immunosuppression [23-25], the potential influence of the human
microbiome has also garnered attention. In particular, the microbiome's role in explaining the high
prevalence of asymptomatic infections, often critical in silent transmission chains, remains an area
of active investigation.

In this study, nasopharyngeal samples of different severity groups of COVID-19 patients were
subjected to metatranscriptomic analysis for a better understanding of taxonomic and functional

14
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profile. Unbiased metatranscriptomic data helps to effectively characterize the microbiome and
host response in COVID-19.

Alpha diversity measured using Shannon and Simpson Diversity metrics showed significant
species diversity within the sample groups in terms of prokaryotes. But widespread distribution
was observed in terms of Eukaryotes (Fig 1d), suggesting greater heterogeneity among these
individuals, potentially reflecting increased opportunistic fungal colonization, which has been
commonly reported in severe COVID-19 cases [11]. However, between diversity analysis of
different groups created a separate cluster for Asymptomatic group for both the prokaryotes and
eukaryotes, highlighting the unique species diversity in the group. The rest of the groups showed
a closer clustering, suggesting a more stable eukaryotic community.

The tendency to acquire more pathogenic bacteria increases with severity. From the Relative
Abundance (RA) analysis, it’s evident that pathogenic strains like Acinetobacter and Pseudomonas
were significantly high in severe cases. Evidence showed the fungal association with the COVID-
19 disease, which can sometimes affect the mortality or immune response in the host body [27,28].
In some cases, people also get fungal infection after recovering from viral diseases [29].

According to Gonzalez. R et al., microbiomes have a significant ancd broad influence in shaping
their host biology, specifically in the immunity and host defense responses [30]. It directly impacts
the outcomes of infections by pathogens. This is also refiected in the microbiome
metatranscriptomic analysis of different severity in this study. The asymptomatic group of patients
did not show any immune response related gene expression rather than showing regular cellular
function related genes. This implies a minimum amount of viral interference and an active
microbial response. Moreover, the severe and mild group showed a substantial rise of immune
response. The data revealed significant mechanisms pertaining to the inhibition of host type I
interferon signaling and the stimulation of host autophagy, which are indicative of both viral
reproduction in motion and a mare regulated immune response. Additionally, there was evidence
of elevated cellular stress responses and widespread viral subversion of host cellular pathways and
molecular processes. Morcover, the detection of B-lactamase activity in the GO term enrichment
analysis indicates not only the presence but also the functional expression of ARGs. This is further
supported by the circos plot, where high-intensity signals, particularly from TEM1-D, confirm its
prevalence across all severity groups, while unique ARG signatures were statistically enriched in
the asymptomatic cohort. Such resistome variation may influence host-microbiome interactions,
potentially modulating immune responses and contributing to reduced symptom manifestation
[31-33].

However, different research works have shown how the respiratory microbiome is changing with
the COVID-19 disease [34,35]. In this study, COVID-19 related differential host gene expression
revealed distinct transcriptional signatures across the study cohorts. COVID-19 positive patients
had twenty-three upregulated genes than the negative patients. The upregulated genes were related
to responses to viral infection as cytokine storm is already reported to be associated with SARS-
CoV-2 infection [36,37]. Further analysis demonstrated the highly interconnected protein-protein
interaction network among the upregulated genes.

Additionally, sixteen frequently downregulated genes were identified based on the differentially
expressed genes shown in the Venn diagram (Fig 5c¢) in order to determine the genetic signatures
unique to asymptomatic positive patients. These genes were mainly linked to physiological
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processes, especially those related to reproduction and development, which might be a reflection
of underlying pre-existing health conditions in these people.

In addition, differential expression analysis of COVID-19 negative and asymptomatic positive
group showed downregulation of immunological signaling genes in negative patients (Fig 6). As
they were not affected with the SARS-CoV-2 virus infection, their viral responses were
comparatively lower than the other.

The findings of this study are further strengthened by the integrated correlation analysis, which
moves beyond descriptive comparisons to establish direct statistical links between host and
microbial activities. For instance, the strong positive correlation between Pseudomonas sp. and
host genes like GPN1 and BCL2L14 is particularly noteworthy. As Pseudomonas is a known
opportunistic pathogen, its association with genes involved in fundamental cellular processes
(GTPase activity and apoptosis regulation [38]) suggests a potential mechanism by which this
microbe could influence host cell function during infection.

Similarly, the negative correlation between Moraxella osloensis and the host gene PRRG3
provides a specific, testable hypothesis for future research [39]. PRRG3 encodes a single-pass
transmembrane protein containing a y-carboxyglutamic acid (Gla) domain, consistent with a role
in membrane-associated signaling or ‘egulation [40].
The observed inverse correlation therefore represents a clear, testebie link between the local
microbiota and host cellular regulatory function, in line with growing evidence that microbial
communities can modulate host gene expression and signaling pathways [41].

KEGG pathway analysis is widely used for understanding the biological relevance of the disease
or infection with the host body [19]. Different stucdies have demonstrated the molecular landscape
and biomarkers associated with SARS-CoV-2 viral infections using this method [42,43] but in this
study a number of immunological signaling was focused on understanding the host response to the
infection. Upon entry into the host and subsequent dissemination into the bloodstream, SARS-
CoV-2 triggers the activatiorn of immune cells, leading to the release of various pro-inflammatory
cytokines. This, in turn, facilitates the release of inflammatory cytokines; in some cases, an
exaggerated immune response leads to a cytokine storm, contributing to disease severity and multi-
organ dysfunction [44]. In agreement with the available reports on “cytokine storm”, this study
also found out the upregulation of some pro-inflammatory cytokines IL-1p and IL-12, which in
turn upregulated cytokine storm of I1L-8, IL-12, MCP-1, IP-10. In addition, asymptomatic positive
samples showed upregulated cytokines against COVID-19 negative samples. The reason here lies
in the threshold level of the expression [45]. As the negative samples are not affected by SARS-
CoV-2, they are not expected to exhibit a cytokine storm. Though the asymptomatic positive cases
may not show symptoms, they are affected by the virus. Thus, they have slight cytokine
upregulation. However, this upregulation remains below the threshold needed to trigger symptoms,
possibly due to internal regulatory mechanisms. Same goes for the cytokines in asymptomatic
positive cases. Chemokines are reported to be involved in COVID-19 progression and severity
[46] which was also seen in this study. CCL2, CCL3, CCL4, CCL7 and CXC subfamily were
upregulated in the COVID-19 positive cases.

Toll-like receptors (TLRs) are vital components of the innate immune system, functioning as
pattern recognition receptors that detect conserved microbial structures and initiate host defense
mechanisms [47]. To date, 13 mammalian TLRs (TLR1-TLR13) have been identified, each
exhibiting distinct ligand specificities and pattern recognition capabilities [48]. Though TLR4
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expression is majorly dependent on lipopolysaccharide (LPS), some studies reported that it is
correlated with viral disease severity [49]. This expression mediates the infection symptoms as
well. Here, TLR4 has lower expression in asymptomatic positive cases than healthy individuals
raising the possibility that this differential expression may contribute to the lack of symptom
development in these patients. However since our study utilized bulk metatranscriptomic data from
nasopharyngeal swabs, which contain a heterogeneous mixture of cell types, including epithelial
cells and various immune cells [50] and TLR4 is known to be highly expressed in innate immune
cells [48], it is possible that the observed downregulation in the asymptomatic cohort reflects a
different cellular composition in the collected swabs (e.g., a lower proportion of immune cells)
rather than a true biological downregulation within a specific cell type. We acknowledge this as a
limitation of our study. Future research using single-cell sequencing would be necessary to
deconvolve this effect and confirm the cell-specific expression of TLR4 [50].

In conclusion, this study reveals distinct microbiome and host transcriptomic profiles across
COVID-19 severity groups, with asymptomatic cases showing unique microbial diversity, reduced
immune activation, and lower TLR4 expression. Downregulation of pro-inflammatory cytokines
and interleukins in this group suggests intrinsic immune regulation may limit symptom
development. The detection of active antimicrobial resistance genes further underscores the need
for monitoring secondary pathogens in COVID-19. These findings highlight the value of
integrating microbiome and host transcriptome analyses to better understand variable disease
outcomes, warranting validation in larger, diverse cohorts.

Methodology:

Ethics Statement: This study was conducted in accordance with the ethical principles
outlined in the Declaration of Helsinki. The inethodology and protocol used for this study were
reviewed and approved by the Huinan Research Ethics Review Committee, National Institute of
Laboratory Medicine & Referral Cenier (NILMRC), Dhaka, Bangladesh. Informed verbal consent
was obtained from all participants prior to sample collection, as approved by the IRB, given
pandemic-related restrictions on physical contact.

Sampling and Transcriptome Sequencing: Nasopharyngeal samples from forty
different people were collected for the study. COVID-19 positive and suspected individuals of
different categories were included in the study after RT-PCR test. We note that patient severity
classification was based on clinical symptoms and Ct values; chest X-rays or other clinical imaging
were not available for assessing lung condition.

The cohort had individuals from ICU, COVID-19 positive, negative, reinfected, recovered, and
asymptomatic positive patients as well. Asymptomatic positive patients were healthcare staff who
had to go through routine checkup of COVID-19 RT-PCR test. However, the patients were
enrolled and categorized into four cohorts based on clinical presentation, SARS-CoV-2 RT-PCR
status, and duration of symptoms as described in Table 1. Detailed metadata is available in S1.
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Table 1: Description of the study cohort. Here n represents the sample number

Cohort Name Description of the Cohort
Negative Cohort The individuals who were negative for SARS-CoV-2 by RT-PCR and
(n=12) were free of symptoms of COVID-19-like illness (i.e., fever, cough,

shortness of breath, loss of smell or taste) for at least two weeks.
Asymptomatic Cohort | Asymptomatic SARS-CoV-2 positive individuals were identified
(n=7) through routine surveillance screening of healthcare staff. These
individuals had a positive RT-PCR confirmed but were totally free of
any COVID-19-like symptoms for the entire two-week period
following their positive test.

Mild Cohort This cohort included hospitalized, RT-PCR-confirmed SARS-CoV-2
(n=11) positive patients with mild to moderate symptoms of the disease.
None of the patients in this cohort developed severe complications
(i.e., requiring high-flow oxygen, non-invasive or invasive
mechanical ventilation) over a two-week observation period
following diagnosis.

Severe Cohort Hospitalized, RT-PCR-confirmed SARS-CoV-2 positive patients
(n=10) who developed severe disease requiring Intensive Care Unit (ICU)
admission. Development of critical il'nass typically occurred between
5 to 7 days of initial symptom onset or diagnosis.

The samples were collected using universal transfer media (UTM) and transported to the
laboratory under a maintained cold chain. Upon arrivai, samples were immediately stored in -80°C
before RNA extraction. Proper safety measures were taken to avoid RNase contamination during
handling the sample. RNA was extracted using the ReliaPrep™ Viral TNA Miniprep System,
Promega (USA). The RNA samples were further stored in -80°C before sequencing was
performed. The RNA concentrations were measured using NanoDrop™ One (Thermo Scientific
Inc. USA). Sequencing was performed at the Genomic Research Laboratory, BCSIR Dhaka
Laboratory, BCSIR, Dhaka, Bangladesh. lllumina NextSeg550 platform was used for sequencing
purposes, and the sequencing library was prepared using TruSeq RNA Library Preparation Kit as
per the manufacturers protocol. The protocol involved rRNA removal step using Ribo-zero rRNA
removal beads. Ribosomal RNA depletion efficiency was assessed computationally by quantifying
reads overlapping annotated rRNA loci using BED-based genome interval intersection (bedtools).
The final library concentration was quantified using a Quantus fluorometer (Promega, USA) prior
to sequencing. We note that RNA integrity (e.g., RIN) was not formally assessed due to the
unavailability of specialized electrophoretic equipment, and we also acknowledge that
nasopharyngeal swabs frequently yield RNA of variable and often reduced integrity. However,
RNA integrity and positional coverage bias were assessed computationally using RSeQC (v5.0.4)
[51]. Read distribution across genomic features (CDS exons, 5'UTR, 3'UTR, and introns) was
calculated using the read_distribution.py module with the GRCh38 reference annotation. This
analysis was used to evaluate potential 5'-3" degradation bias and overall transcript coverage
uniformity.

Preprocessing and alignment were performed using RNA Seq Alignment app software. Quality
control and adapter trimming were performed using FastQC and Trimmomatic within the pipeline,
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and high-quality reads were aligned to the human reference genome (Ensembl GRCh38) using the
STAR aligner [52]. Mapped reads corresponding to human transcripts were retained for host
differential expression analysis. Unmapped reads were extracted and used for microbial taxonomic
and functional analysis. This host read removal step ensured that microbial reads were not
confounded by human sequences and reduced the likelihood of cross-alignment errors between
host and microbial genomes. A list of software packages and their versions is available in the
supplementary file S4.

Microbiome diversity and antibiotic resistance analysis: Taxonomic
classification of the microbial reads was performed using the CZID pipeline. This pipeline
determines the abundance of bacteria, archaea, viruses, and eukaryotes by aligning sequenced
reads against the NCBI RefSeq database. Different microbial population (Prokaryotes and
Eukaryotes) present in the nasopharyngeal samples were checked using different R packages
(version 4.2), to determine the association of COVID-19 severity with microbial diversity.
"Phyloseq™ [53] and "Vegan" [54] were used to conduct normalization procedures via rarefaction
and to assess disparities in abundances. These packages facilitated the comprehensive analysis of
diversity and composition across various sample groups. Alpha diversity (differences within the
sample groups) metrics were assessed employing the Wilcoxon Rank Signed test, while
PERMANOVA, utilizing the Adonis test with 999 permutations (implemented through the
Set.seed function), was employed to evaluate discrepancies in beta diversity. Furthermore, for the
graphical representation of diversity measures and compositional analysis, R packages such as
"ggpubr” and "ggplot2" were employed [55].Antibiotic resistant genes of the data were checked
using CZID [56] platform, which utilizes the CARD database for resistance gene identification
and classification. A Circos plot was generated using “circlize” R package [57] based on the
number of hits on each resistant gene.

Sterile handling procedures were maintained throughout sample processing to reduce the risk of
reagent or environmental contamination. Accordingly, interpretations of potentially pathogenic
bacterial taxa and ARGs were made with caution, acknowledging the potential influence of low-
level contaminant signals.

To identify differentially abundant ARGs in the asymptomatic group, raw ARG counts were
analyzed using the DESeq2 package (v1.48.2) in R (v4.3.3). The analysis was performed by
comparing the asymptomatic cohort against a combined symptomatic cohort (mild and severe).
Genes with an FDR-adjusted p-value (padj) less than 0.05 were considered statistically significant.

Microbial metatranscriptomics, host differential gene expression and

enrichment analysis: Microbial metatranscriptomics analysis was performed using
Microbiome Metatranscriptomics pipeline (version 10.2) from BaseSpace, Illumina. This pipeline
performs functional profiling by aligning reads against the UniRef (UniProt Reference Clusters)
database for bacteria, archaea, viruses, and eukaryotes. The resulting raw data was plotted in
heatmap using Pheatmap package in R. Differential gene expression of the host genome is
important to determine the functional changes of human body due to diverse microbial community.
DESeq2 package [58] was used for differential gene expression analysis and several other
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bioinformatic tools were used for gene enrichment analysis and protein-protein interaction
prediction. We used raw gene counts as the direct input for DESeq2, as recommended by the tool's
authors. This method is preferred over methods using normalized counts (like TPM or RPKM)
because DESeq2's statistical model inherently accounts for library size and, by performing
comparisons on a per-gene basis, is not confounded by gene length differences.

Integrated Host-Microbiome Correlation Analysis: To investigate the direct
relationship between the host transcriptome and the microbiome, an integrated correlation analysis
was performed. First, all 11 significant differentially expressed genes (DEGs) (FDR < 0.05,
[log2FC| > 1) were identified from the host transcriptome data comparing symptomatic (Mild and
Severe) and asymptomatic cohorts. Separately, the top 30 most abundant microbial taxa were
identified based on their mean relative abundance across the samples.

Spearman'’s rank correlation was then calculated for each pair of selected host genes and microbial
taxa using the corr.test function from the 'psych’ package in R (v4.2.0). P-values were adjusted for
multiple comparisons using the False Discovery Rate (FDR) method. Correlations with an FDR-
adjusted p-value < 0.05 were considered statistically significant. The results were visualized using
the 'pheatmap’ package.

Signaling pathway analysis: A software package Pathview [59] was used for pathway-
based data integration and visualization. Pathview generates native KEGG pathway graphs [17],
hence is natural and more readable for humans. Here different colors indicate the most upregulated
and downregulated genes. Important immunological pathways were analyzed and compared
among different study groups for finding associations using different statistical analysis.
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