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ABSTRACT

The topic of this research is Respiratory Syncytial Virus (RSV). This virus can cause respiratory
tract infections, fevers, and breathing issues such as wheezing. RSV is difficult to diagnose due to
its common symptoms with other colds and viruses. The objective of this research was to identify
a unique immune response gene expression pattern during RSV infection for diagnosis.

Methods

The gene expression data was collected from a NCBI GEO dataset with accession number:
GSE197364 where HEp-2 cell samples were analyzed 20 hours post RSV infection. GEO2R was
used to compare groups of RSV Infected and Mock RSV Infected samples. Using the P and
logFC values the top 38 DEGs were identified. The biological roles of the top 38 DEGs were
identified via ShinyGO enrichment analysis.

Results

The Top 38 DEGs, identified from a list of 54,675 expressed genes, consists of the top 19
up-regulated and the top 19 down-regulated genes. The NOD-Like Receptor Signaling Pathway
was identified as the most prominent KEGG pathway; AIM2, IFN-, IL-8, and GBPs were the
significant genes. The prominent biological processes produced from GO enrichment analysis
were “Innate immune response”, “Response to cytokine”, and “Immune response process”.

Conclusion


https://docs.google.com/spreadsheets/d/1EgZKjYXVZ0HLbX9RxyPdqiZMVhtrOLRYY2RlRcZlYaI/edit?gid=0#gid=0

This study identified specific genes related to the body’s innate immune response, defense, and
repair mechanism to RSV pathogens. These findings suggest NOD2, GBPS5, and IFN-f8
expression patterns may serve as molecular biomarkers for RSV diagnosis.

INTRODUCTION

Respiratory Syncytial Virus (RSV) is a type of virus that causes severe respiratory tract
infections (1). These infections can lead to great danger to the host with risk of further
complications such as pneumonia (2). Untreated or severe cases of RSV can lead to higher risk
of asthma development in children (1). Until recently there were currently no completely safe
vaccines available for treatment or prevention of RSV (1).

RSV has been very difficult to diagnose due to similar symptoms with many other viruses and
infections (3). This research hopes to solve that challenge. RSV causes at least 30 million cases
of lower respiratory tract infections annually leading to over 3 million hospitalizations a year (4).
It is the leading cause for hospitalizations among children under a year old (4). The most
hospitalizations for infants with RSV occur at around 2.5 months of age (4). The lower
respiratory tract is heavily affected by severe RSV, this includes heavy wheezing in teenage years
(4). Each year RSV causes an estimated 12,000 deaths among the elderly (4). Adults can have up
to 8 weeks of increased airway resistance when infected with RSV (4). The elderly and infants
are most susceptible to RSV due to weakened or underdeveloped immune systems (3). It also can
re-infect as the immune system is weakened.

Common methods to analyze the genes in bioinformatics studies regarding RSV mostly use host
transcriptomics (5). However, there is inconsistency regarding gene expression results due to
different data collection and analysis strategies and tools used by scientists (5). Small studies do
not provide enough data to analyze the genes expressed by RSV. Multi-cohort samples are
needed which are expensive thus difficult to conduct. Microarray results are difficult to repeat due
to different platforms that are used to analyze the genes (5).

The goal of this research is to identify a gene pattern unique to RSV that is suitable for diagnosis
of this disease.

My hypothesis is that specific host genes are differentially expressed in response to RSV
infection and can serve as diagnostic biomarkers. This can be achieved by comparing gene
expression profiles between RSV infected HEp-2 cells and mock-infected controls. Genes that
are significantly up-regulated or down-regulated in infected cells may serve as molecular
signatures for RSV diagnosis, enabling earlier detection and improved patient outcomes.



METHODS
Data Collection of Gene Expression Using GEO2R

A primary web-based bioinformatics tool used in the process of this research is NCBI’'s GEO2R.
GEO2R performs differential gene expression using no-code “R” statistical programming
language (6) and was used in the collection of the data for this research. According to the study
by Emily Clough et al. the GEO database is an internationally accessible tool that contains data
regarding gene expression from primary research experiments available for public use in
bioinformatic studies (6). The data used in this study was a GEO2R dataset with the accession
number: GSE197364 collected from NCBI which was found with the GEO search filter and
keywords “Respiratory Syncytial Virus Microarray”. I created two categories of sample groups,
“Not Infected” to which I assigned three mock-infected control HEp-2 cell samples and “RSV
Infected” to which I assigned three RSV Infected HEp-2 cell samples. The sample groups were
analyzed to produce the results which were analyzed further to perform the research.

Statistical Analysis of Differentially Expressed Genes Using P Value and logFC Value

To identify the top 38 differentially expressed genes from the tens of thousands of genes that
were identified within the cell samples, the measurements of p-value and logFC were used.
These values were used to filter all the genes to find the top 38 DEGs in a form of statistical
analysis. First, the gene data was converted into a table format and imported into google sheets.
Next, genes with a p-value > 0.05 were excluded to ensure statistical significance. No specific
logFC threshold was applied; instead, the genes were ranked by logFC values to identify the
most dramatically up and down-regulated genes. The genes were then organized by logFC values
from lowest to highest, and the top 19 most down-regulated (most negative logFC) were
recorded. Next, the filtered list of genes was organized by highest to lowest logFC values, and the
top 19 most up-regulated (most positive logFC) genes were recorded. These 38 genes (19 most
up-regulated and 19 most down-regulated) comprise the final list of differentially expressed
genes (DEGs) used for biological functional analysis.

Functional and Enrichment Analysis Using ShinyGO

ShinyGO, KEGG, and GO bioinformatics tools and databases were utilized to analyze the
functions of these top genes. ShinyGO is an enrichment analysis tool where graphic
visualizations can be created from enrichment results and gene characteristics with access to the
KEGG and GO databases(7). The KEGG database is a bioinformatics tool/database for
“systematic analysis of gene functions, linking genomic information with higher order functional
information”(8). The KEGG database also includes the KEGG PATHWAY database(8). The GO



database or Gene Ontology Database is also a knowledge database which contains “controlled
vocabularies and classifications that cover several domains of molecular and cellular biology”
and this information is freely available for the public in the use of genes and gene products and
sequences annotation(9). By creating enrichment figures using the ShinyGO tool and inputting
the gene IDs of the top 38 DEGs, I was able to analyze and understand the top biological
processes that these genes were involved in. These tools helped uncover the potential roles of the
expressed genes in response to Respiratory Syncytial Virus and how they might be potential
biomarkers for RSV. Figure 1 below shows the overview of methods used and bioinformatics
tools and databases utilized in this study.
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Figure 1: Research Methodology - The steps and bioinformatics used in this study.
Gene expression data from NCBI GEO (GSE197364) were analyzed using GEO2R to
compare three RS V-infected and three mock-infected HEp-2 cell samples. Statistical
filtering by p-value and log fold change (logFC) identified the top 38 differentially
expressed genes (19 upregulated, 19 downregulated). Functional enrichment analysis was
performed in ShinyGO using KEGG and GO databases to determine key pathways and
biological processes, revealing potential biomarkers for RSV.



RESULTS
Identification of Differentially Expressed Genes (DEGs)

The bioinformatics tool that we used to identify DEGs was NCBI’s GEO2R. Analysis of the
GSE197364 data set revealed significant differences in gene expression between RS V-infected
and mock-infected HEp-2 cell samples As shown in the venn diagram and volcano plot, many
genes were differentially expressed between the two sample groups (Figure 2A and 2B).

Out of 54,675 genes analyzed, 4716 genes showed significant differential expression (padj <0.05)
between RSV-infected and mock-infected samples (Figure 2a). In the volcano plot red dots
represent significantly up-regulated genes in RS V-infected cells while blue dots represent
significantly down-regulated genes, compared to mock-infected controls (Figure 2b). Black dots
represent genes with no significant change between the groups (Figure 2b).

Identification of top 38 Differentially Expressed Genes(DEGs)

To focus on the gene with the greatest differential expression, we transferred the list of 54,675
genes into a google sheet document for further analysis. First, genes with a p-value > 0.05 were
excluded to ensure statistical significance, narrowing the dataset to approximately 14,000 genes.
By organizing the remaining genes by highest to lowest logFC values the 19 most up-regulated
DEGs were identified. By repeating this process in the reverse order the 19 most downregulated
genes were identified. In total, the top 38 DEGs were identified using the logFC or fold change
value. This method produced 19 up-regulated genes and 19 downregulated genes represented by
19 genes with a high positive fold change value and 19 genes with a very negative fold change
value. The logFC values regarding these statistically significant genes ranged from ~-8.52 to
~4.81. These identified genes can be found in this google sheets: Top 38 DEGs.


https://docs.google.com/spreadsheets/d/1EgZKjYXVZ0HLbX9RxyPdqiZMVhtrOLRYY2RlRcZlYaI/edit?gid=0#gid=0
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Figure 2: Identification of Differentially Expressed Genes: (A)This image shows a venn
diagram that compares the produced genes from the GEO2R result with 54675 genes not
expressed by both sample groups but 4716 genes expressed by both sample groups (B): This
figure shows a volcano plot obtained using NCBI’s GEO2R displaying an equal amount of up
and down regulated genes represented by the red and blue dots between the sample groups “Not
Infected” and “RSV Infected”.



Enrichment Analysis of top 38 Differentially Expressed Genes(DEGs)

To determine the potential biological functions of the identified top DEGs I used the ShinyGO
bioinformatics tool to perform enrichment analysis. As shown in Figure 3, the NOD-Like
Receptor Signaling Pathway was the most prominent signaling pathway from the KEGG
enrichment analysis. Further, Gene Ontology (GO) analysis showed several pathways that were
most enriched among our top DEGs as shown in the GO lollipop chart showing different
biological responses of the genes (Figure 4). The high enriched biological pathways included
response to cytokine, inflammasome complex assemblies, immune response process, and innate
immune response. The pathways that were identified from the KEGG results were the NOD-Like
receptor signaling pathway, bladder cancer pathway, Rheumatoid arthritis pathway, Systolic
DNA-sensing pathway, IL-17 signaling pathway, RIG-I like receptor signaling pathway,
Cytokine-cytokine receptor interaction, Viral protein interaction with cytokine and cytokine
receptor, TNF signaling pathway, Coronavirus disease-COVID-19, Lipid and atherosclerosis, and
Chagas disease . The genes that stood out from the prominent NOD-Like receptor signaling
enrichment pathway were the GBPs, IL-8, AIM2, and IFN-g.
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Figure 3: Enrichment KEGG Pathway from the top DEGs. Enrichment analysis revealed
NOD-Like receptor signaling pathway with the significantly active genes in red boxes which
include GBPs, AIM2, IFN-, and IL-8. This pathway is crucial in the immune system’s
recognition and inflammatory response to infections.
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Figure 4:Enriched Biological Pathways Among the top 38 DEGs. Lollipop plot of biological
processes showing significantly enriched biological processes found among the top 38 DEGs.
The x-axis represents fold enrichment. The dot size represents the amount of genes involved in
each process. Color intensity represents the statistical significance of the biological process. The
most significantly enriched processes include Response to cytokine, inflammasome complex
assemblies, and immune system processes.



DISCUSSION

Summary of Findings:

The objective of this research was to use gene expression analysis to identify potential

biomarkers that could enable early RSV diagnosis by comparing gene expression of

RSV-infected and mock controlled cell samples. The statistical analysis data can be found here:

Top 38 DEGs. From the enrichment analysis results the most prominent pathway is the
NOD-Like Receptor pathway (Figure 3). The KEGG results reveal that GBPs, IL-8, AIM2, and
IFN-f are the significantly expressed genes in the NOD-Like Receptor Signaling Pathway

(Figure 3). The GO lollipop plot from ShinyGO shows that there are many prominent biological

processes regarding the body’s defense mechanism to infections including: inflammasome

responses, response to cytokine, and innate immune response process (Figure 4).

Table 1: Summary of Significant Pathways and Genes Identified in this Study

Significant Pathways

Significant
Genes

Connection to Research Goal

NOD-Like Receptor
Signaling Pathway

NOD2

The NOD-Like Receptor Signaling Pathway is
essential for RSV diagnosis as it mediates the
immune response to intracellular pathogens,
including RSV respiratory tract infections. NOD2, a
primary component of this pathway, detects
pathogen-like molecular patterns and initiates
inflammatory responses. Research reveals that RSV
infection up-regulates NOD?2 significantly making it
crucial for antiviral defense and a potential RSV
diagnostic pattern.

GBPs (GBP
5)

GBPS5 is significantly downregulated during RSV
infection due to viral protein-mediated degradation.
Research shows that RSV G protein upregulates
DZIP3, an E3 ligase which leads to GBPS5
degradation. Low GBPS5 levels and high DZIP3
values may potentially serve as molecular biomarkers
for RSV diagnosis.

IFN-B

IFN-f is a type I interferon that is involved in
multiple antiviral responses. Research shows
significant up-regulation of IFN-f} in response to
RSV infection compared to other respiratory viruses
making it a potential biomarker for RSV diagnosis.



https://docs.google.com/spreadsheets/d/1EgZKjYXVZ0HLbX9RxyPdqiZMVhtrOLRYY2RlRcZlYaI/edit?gid=0#gid=0

Interpretation of Results:

The 38 genes listed from the GEO2R analysis (Top 38 DEGs) are genes that are regarded as
differentially expressed genes in this research experiment. This means that between the
mock-infected and infected cell groups these genes were the most active or the least active during
the experiment. This means that these 38 genes were either the least or most similar regarding the
comparison between the two sample groups (Top 38 DEGs). Genes with little differential
expression are not useful to serve as biomarkers while genes that show significant up or
down-regulation represent the most promising diagnostic markers.

Since the goal of this research is related to the body’s response to respiratory tract infections
from RSV, using the NOD-Like Pathway from the KEGG database produced from ShinyGO
(Figure 3), we can find the highest expressed genes that are related to the body’s immune
response. The most prominent pathway produced from the enrichment analysis was the
NOD-Like Receptor Signaling pathway(NLR) (Figure 3). which is heavily involved in the
body’s defense mechanism to infections and pathogens(10). The NLRs play a vital part in
sensing molecules that are associated with intracellular infection which can include the
respiratory tract infections caused by RSV(10).

The highly expressed genes produced: AIM2, IFN-f, IL-8 and GBPs (Figure 3) and the
prominent enrichment pathway NOD-Like receptor pathway are all part of the body’s innate
immune response to sensing proteins and inflammation assembly to infections like RSV (11, 12,
13, 14, 10). AIM-2 is part of the body’s immune response but it only responds to two-stranded
organisms (11). Since RSV is not a double stranded organism AIM-2 cannot be used to detect
early RSV.

The NOD-Like receptor pathway and the gene ontologies provide potential biomarkers to detect
early respiratory tract infections of RSV to diagnose patients with RSV and provide appropriate
treatment. The prominent gene ontologies including response to cytokine, innate immune
response, and immune response process are important to the goal of this study as this study is
identifying a unique immune system response to RSV. The results suggest that RSV triggers a
multitude of biological processes regarding the body’s antiviral immune response with specific
activation of inflammasome pathways. HEp-2 cells, which are the cell samples used in this
study’s data, are taken from the respiratory system and respiratory tract. Thus these results from
the HEp-2 samples provide accurate data on what gene patterns would be expressed when a
doctor or patient conducts a swab test of the respiratory tracts such as inside the nose.


https://docs.google.com/spreadsheets/d/1EgZKjYXVZ0HLbX9RxyPdqiZMVhtrOLRYY2RlRcZlYaI/edit?gid=0#gid=0
https://docs.google.com/spreadsheets/d/1EgZKjYXVZ0HLbX9RxyPdqiZMVhtrOLRYY2RlRcZlYaI/edit?gid=0#gid=0

Comparisons with Previous Studies:

The study conducted by Godkowicz and Druszcynska reveals results shows that with RSV
infection which includes the respiratory tract infections the expression NOD2 (part of the
NOD-Like Receptor Signaling family) which plays a vital role in the induction of IFN-f3
production of cells (15). This same study shared that RSV infection increased the induction of
NLRCS5 an intracellular NOD-Like protein and mice that did not obtain NOD2 were at higher
risk of RSV infection stating that this NOD?2 is vital in antiviral immune response (15). Our
identification of the NOD-like receptor signaling pathway as the most enriched pathway is
supported with previous research by Dokowicz and Druszcyniska who demonstrated that RSV
infection results in significant up-regulation of NOD2 expression. This consistency provides
support for the hypothesis for NOD2 as a RSV biomarker.

According to the study conducted by Zhaolong Li et. al, found that the weaker the expression of
GBPS5 the more susceptible infants were towards being infected with RSV (16). RSV G protein
has been observed to degrade expression GBPS by upregulating other proteins including DZIP3,
an E3 ligase which induces GBPS5 degradation(16). Our results align with this research as GBPS
being seen as a down-regulated gene due to RSV infection as GBPS5 has a negative logFC
value(down-regulated) of ~-5.61 (Top 38 DEGs). These results suggest that high levels of
DZIP3, an E3 ligase and low expression of GBP5 may serve as a gene pattern to diagnose RSV.

To ensure that the significant genes expressed are a pattern unique to RSV, these genes must be
compared to other viruses or infections to see if they are more noticeable in RSV than other
viruses such as Influenza A. According to the study by Maciej Czerkies et. al RSV induces a
higher level of IFN-f3 compared to Influenza A as IFN-f} is a main inducer of the body’s antiviral
state when infected with RSV(17). The previous studies and the results from this research show
similar results as RSV upregulates certain intracellular molecules compared to other
microorganisms which can be used to create a gene expression pattern unique to RSV for
diagnosis.

Finally to understand differences in expression levels of IL-8 from RSV infection and respiratory
infections, the study by Welliver et. al was studied which revealed that Influenza A and RSV
showed the same significantly high expression of IL-8(18). This suggests that IL-8 is not
extremely useful in identifying a gene pattern for RSV diagnosis as it does not show a difference
in expression with Influenza. This would make it difficult for doctors to understand if the
expressed genes were in response to an Influenza or RSV infection and could lead to an incorrect
diagnosis.


https://docs.google.com/spreadsheets/d/1EgZKjYXVZ0HLbX9RxyPdqiZMVhtrOLRYY2RlRcZlYaI/edit?gid=0#gid=0

Our results and the previous studies support the hypothesis that NOD2, GBP5, and IFN-f§
represent promising biomarkers. This study provides a foundation for future clinical validation
studies. The consistency of findings similar to ours suggests that these biomarkers may be
reliable enough for clinical applications.

Implications:

These biomarkers can potentially be incorporated into rapid point of care tests reducing the
average time for diagnosis from 24+ hours to minutes. Gene expression based diagnostics also
hold the potential to reveal severity of infection aiding in triaging the patients more effectively.
Improved RSV diagnosis could reduce inappropriate antibiotic use and support more targeted
infection control measures.

Limitations:

In this research, I used bioinformatics datasets that were derived from microarray experiments
conducted by other researchers. The identified genes and pathway will have to be studied to a
greater extent in a clinical environment before being used to diagnose RSV. As previously
mentioned, research data regarding RSV is highly inconsistent due to use of different data
collection and analysis methods. The analysis was based on 3 samples per group which limits
statistical power.

Future Directions:

The identified biomarkers should be validated using RNA-sequencing in larger and more diverse
sample sets that can include respiratory epithelial cells and diverse patient samples with different
age groups and infection severity. Clinical trials should be conducted to test the diagnostic
accuracy and speed of these biomarkers compared to current diagnostic methods in all types of
RSV infection severity
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