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ABSTRACT

Background

Glaucoma is the leading cause of irreversible blindness worldwide, affecting roughly 80 million
people. Anyone can be at risk of glaucoma, although it is more common among
African-American and Latino populations. Glaucoma is characterized as the deterioration of the
optic nerve, which commonly occurs as a result of excessive intraocular eye pressure (IOP).
Glaucoma can result in loss of vision and in some cases blindness. The problems in this disease
lie in the fact that it is not very well understood, despite its prevalence. There are multiple
complex molecular mechanisms at play in the behavior of this disease. The exact mechanisms
that lead to the deterioration of the optic nerve are not fully understood, and while elevated IOP
is certainly a factor, there could exist several other influences such as blood flow and
autoimmune responses.

Therefore, the goal of this research study is to uncover potential genes or genetic components
that are associated with the behavior of glaucoma, ultimately to provide genetic information and
biomarkers that can potentially assist in the understanding of this disease.

Methods

This study used several bioinformatics tools—namely, Gene Expression Omnibus (GEO),
GEO2R, and SR Plot. The GEO dataset used to collect data was GSE218153, a study that
specifically analyzed human trabecular meshwork cells cultured in a lab. As a control, the
researchers used a gene called normal TIPARP in the control group and increased TIPARP in the



experimental group using a special virus, lentivirus-GFP-TIPARP. In our study, we used GEO2R
to categorize and analyze the groups into a control group with elevated eye pressure and a group
with upregulated TIPARP with lowered eye pressure. Genes expressed differently (DEGs)
between these two groups were identified using GEO2R. Then SR Plot was used to conduct
enrichment analysis of the top 30 DEGs and was used for GO and KEGG pathway analysis.

Results

5248 genes were initially identified across the control and experimental groups (Figure 2B), but
after considering fold change and p value, 30 top DEGs were identified (Supplementary Results
2). Enriched gene ontology terms include “Response to lipopolysaccharide,” “Response to
molecules of bacterial origin,” “cellular response to lipopolysaccharide,” and “cellular response
to molecules of bacterial origin”. Enriched KEGG Pathways include “IL-17 signaling pathway,”
Viral protein interaction with cytokine and cytokine receptor,” cytokine-cytokine receptor
interaction,” and “Influenza A”. “Response to lipopolysaccharide,” “cellular response to
lipopolysaccharide,” “Viral protein interaction with cytokine and cytokine receptor,” and
“cytokine-cytokine receptor interaction” summarize the findings related to the DEGs along with
the top common genes CXCL11, CXCL10, RSAD2, and CSF2.

Conclusion

The gene function “response to lipopolysaccharide” and biological pathway “Viral protein
interaction with cytokine and cytokine receptor,” along with 4 top common genes: CXCL11,
CXCL10, RSAD2, CSF2 are all in some way related to inflammation, which reveals an
important insight into glaucoma. Glaucoma-related inflammation is now a potential field of
further study as it relates to many of the common genes, functions, and biological pathways.
Future study in this direction could accelerate the development of a cure for glaucoma.

INTRODUCTION

As the learning cause of irreversible blindness, glaucoma affects roughly 80 million people
worldwide (1, 2). In spite of its prevalence, this disease is problematic in that it is not very well
understood; there are multiple complex molecular mechanisms involved in its pathology (2).
This research study attempts to address this important issue by revealing findings surrounding
the genetic mechanisms of glaucoma. Specifically, this research study attempts to answer the
question, “what genes or genetic components are associated with the behavior of glaucoma?”; in
other words, “what genetic information and biomarkers can assist in the understanding of this
disease?” GEO (http://www.ncbi.nlm.nih.gov/geo) provides publicly available datasets,
containing the gene expression of several diseases (3). Using a GEO Dataset containing
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glaucoma, along with several bioinformatics tools, this study will provide sufficient insights into
the precise genes associated with glaucoma.

Glaucoma comprises a family of conditions that are marked by damage to the optic nerve as a
result of several risk factors, commonly as a result of high pressure in the eyes (1). However, as
the molecular pathways that lead to this deterioration of the optic nerve are rather unclear, the
experimental findings of this study are essential to providing a better understanding of this
complex disease (2). It is known that if left untreated, in some cases glaucoma can lead to
irreversible blindness due to excessive deterioration of the optic nerve (1). It is also known that
there are several types of glaucoma, including primary open-angle glaucoma, angle-closure
glaucoma, normal-tension glaucoma, secondary glaucoma, or congenital glaucoma (1).

In regards to bioinformatics study, it is also known that risk factors of glaucoma include elevated
eye pressure, older age ( >40), race/ethnicity, other medical conditions (diabetes, hypertension,
CVD), and eye injuries (2). Thus, genetics associated with these trends are pathways to explore
in the understanding of this disease. It is further known that an effective treatment plan and an
early detection of glaucoma can help mitigate vision loss, which suggests the importance of
bioinformatics efforts in the study of this disease (1). However, the exact mechanisms that lead
to the deterioration of the optic nerve are not fully understood (2). Although elevated eye
pressure is a factor which contributes to damage to the optic nerve (1) there could be several
other risk factors including blood flow and autoimmune responses that may also play a role in
damaging the optic nerve.

The goal of this research regarding gene expression is to uncover notable upregulated or
downregulated genes associated with the glaucoma pathology, that is, the typical behavior of the
condition of glaucoma. Given the association between elevated Intraocular pressure (IOP) and
glaucoma, the hypothesis is that, there certainly will exist differences in the expression of genes
between controls and patients, with some genes being upregulated and downregulated in
glaucoma patients, especially those related to IOP. In order to accomplish this goal, the
bioinformatics tools of Gene Expression Omnibus (GEO), GEO2R, and SR Plot were used. GEO
(http://www.ncbi.nlm.nih.gov/geo) is a publicly available database within the National Center for
Biotechnology Information (3). Specifically, GEO provides publicly available datasets,
containing the gene expression of several diseases (3). GEO2R
(http://www.ncbi.nlm.nih.gov/geo/geo2r/) is a program designed to compare gene expression
between different groups, yielding fold-change and P-values (4). SR Plot is a program which
assists finding gene functions and biological mechanisms (5). SR Plot also assists in visualizing
this data and exploring this data through different graphs (5).

The importance of this research lies in the fact that as a disease, glaucoma is highly prevalent
among the population, serving as the leading cause of irreversible blindness world-wide (1).

http://www.ncbi.nlm.nih.gov/geo
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Furthermore, as it concerns disease whose genetic mechanisms are relatively less-understood,
my research is thus critical to finding a treatment for this both prevalent and enigmatic disease. A
better understanding of the genetic mechanisms behind glaucoma can ultimately make a large
impact, as it could reveal underlying biological mechanisms and facilitate the development of
new treatments.

METHODS

To conduct this bioinformatics study, different methods were used and are summarized in the
flowchart below (Figure 1). This study utilized several bioinformatics tools, including the Gene
Expression Omnibus (GEO), GEO2R, and SR Plot.

Figure 1: Flowchart of steps taken to conduct this bioinformatics study. Summary of the
various steps and bioinformatics tools used in this tidy including the Gene Expression Omnibus
(GEO), GEO2R, and SR Plot.

Determining the Dataset for Data Collection

The study dataset used for data collection was identified by consulting GEO, a publicly available
database containing several pathologies’ gene expression, to obtain the glaucoma dataset (3).
After searching through the GEO database, the dataset of study “TIPARP is involved in the
regulation of intraocular pressure” was selected as an adequate pool of data to analyze, with the
accession number GSE218153. This study, which explores the effect of the TIPARP gene, was
conducted by analyzing human trabecular meshwork cells cultured in a lab, with normal TIPARP
in the control group and increased TIPARP in the experimental group using a special virus,
lentivirus-GFP-TIPARP (6). The study then explored the difference between the control group



and the upregulated TIPARP group, implementing gene expression analysis using RNA
sequencing (6).

Identifying the most Differentially-Expressed Genes using GEO2R Bioinformatics Tool

Differentially expressed genes are genes that are prevalent to different extents among distinct
groups (7).
To identify the most Differentially-Expressed Genes among individuals with elevated and normal
eye pressure, the dataset GSE218153 was analyzed using GEO2R, an online bioinformatics tool
for the purpose of evaluating different sample groups (4). Before analyzing the groups through
this method, the data was first deliberately sorted into two groups, a control group and
TIPARP-upregulated group. Then, data was analyzed using the GEO2R user interface, an AI and
ML pre-programmed interface that uses the R programming language. This GEO2R analysis
generated several results of differentially expressed genes (DEGs).

The DEGs or differentially expressed genes were then statistically narrowed down to the top 30
DEGs using the P-value and log2FC. All genes with a P-value greater than 0.05 were eliminated,
leaving genes with sufficient authenticity. Finally, the top 30 DEGs were determined by sorting
the log2FC to those with the highest magnitudes specifically, the 15 most positive and the 15
most negative. These 30 genes were either the most comparatively upregulated in the control or
the experimental group. After identifying the 30 most expressed DEGs on both ends of the
spectrum, namely, comparative upregulation in the control vs comparative upregulation in the
experimental groups these genes were isolated on a separate Google Sheet, along with their
corresponding log2FC values.

Determining Functions and Biological Pathways of top DEGs using SR Plot

Next, the SR Plot bioinformatics tool was used to determine the functions of these specific genes
and the biological pathways that they contribute to (5). After navigating to
bioinformatics.com.cn/en, the term “enrichment,” was searched. Finally, after clicking on “GO
Pathway Enrichment Analysis,” the list of 30 genes and their FC values, was copied and pasted
into the bioinformatics tool. This data was then downloaded, which included the functions of the
30 DEGs in the Gene Ontology and the biological pathways of the 30 DEGs in the KEGG
enrichment analysis.

RESULTS

Differentially Expressed Genes and GEO2R Analysis

http://bioinformatics.com.cn/en


GEO2R analysis of the dataset GSE218153 initially resulted in 5,248 genes across the control
and experimental groups (Figure 2B). However, after considering the statistics of fold change
and p-value, the list was refined to the top 30 differentially expressed genes (DEGs) (Top DEGs).

The red dots in the volcano plot diagram indicate genes that are upregulated in the higher IOP,
control group. On the contrary, the blue dots in the volcano plot indicate the genes that are
downregulated in the higher IOP, control group. Finally, the black dots indicate genes that are not
statistically significant enough—in other words, the genes with too high of a p-value. The venn
diagram shows that out of a total of 16277 genes, 5248 genes were differentially expressed
across the control and experimental group. These GEO2R results were generated using R
programming which is already abstracted and pre-programmed using AI and ML algorithms (

).R Script Used to Generate GEO2R Results

Figure 2. Differentially expressed genes from GEO2R analysis. Volcano Plot (A) shows
DEGs across control and TIPARP upregulated groups. Venn Diagram (B) shows the DEGs in the
control versus the TIPARP upregulated groups.

30 Top DEGs total were identified; 15 upregulated and 15 downregulated in control
Top DEGs

GO Enrichment Analysis with SR Plot

Gene ontology analysis using SR Plot revealed several enriched terms, including "Response to
lipopolysaccharide," "Response to molecule of bacterial origin," "Cellular response to
lipopolysaccharide," and "Cellular response to molecule of bacterial origin." These terms suggest
a significant involvement of these genes in immune response mechanisms.

https://docs.google.com/document/d/1ns3sUH6Ocm6QxRupqaw5B9T7nUVbUlswWPl56gtaODQ/edit
https://docs.google.com/spreadsheets/d/1kpkRHKOn5Zff5QFqYZld_PLlmg8xMkJbMB-Cny0NZeA/edit?gid=1439773951#gid=1439773951
https://docs.google.com/spreadsheets/d/1kpkRHKOn5Zff5QFqYZld_PLlmg8xMkJbMB-Cny0NZeA/edit?gid=0#gid=0


Figure 3. GO Results of three ontologies. The orange bars designate biological processes, the
green bars designate cellular components, and the purple bars designate molecular functions.



Figure 4. GO Enrichment Analysis - Biological Processes Cnet Plot. The circles on the
outside of the web represent genes, and the more enriched genes are CXCL10, CXCL11, CSF2,
CMPK2, LCN2, LGALS9, TNF, SAA2, SAA1, and RSAD2. These genes link to the biological
processes response to lipopolysaccharide, response to molecule of bacterial origin, cellular
response to lipopolysaccharide, cellular response to biotic stimulus, acute-phase response,
regulation of myoblast differentiation, response to virus, positive resolution of interleukin-1
productions, and lymphocyte chemotaxis. Genes with a higher Log2 fold change are more red
while genes with a lower Log 2 fold change are more blue.



Figure 5. GO Enrichment Analysis - Biological Processes Emap Plot. The circles connecting
the lines represent biological processes, and the circles with a lower p-value are redder and more
significant. The more significant processes are response to lipopolysaccharide, response to
molecule of bacterial origin, cellular response to lipopolysaccharide, cellular response to biotic
stimulus, and acute-phase response. The circles with a higher p-value are more blue and less
significant.

KEGG Pathway Enrichment Analysis with SR Plot

In addition to gene ontology, pathway enrichment analysis using the KEGG database identified
several relevant pathways. These include the "IL-17 signaling pathway," "Viral protein
interaction with cytokine and cytokine receptor," "Cytokine-cytokine receptor interaction," and
"Influenza A" pathways. These pathways highlight the potential roles of the DEGs in
inflammatory responses and interactions with viral proteins.

Enriched Pathways: IL-17 signaling pathway, Viral protein interaction with cytokine and
cytokine receptor, cytokine-cytokine receptor interaction, Influenza A



Figure 6. Kegg Pathway Analysis - Cnet Plot. The circles on the outside of the web represent
genes, and genes with a higher Log2 fold change are redder and more significant. The most
significant genes are CXCL10 and CXCL11 which are associated with the pathways of viral
protein interaction with cytokine and cytokine receptor, cytokine-cytokine receptor interaction,
toll-like receptor signaling pathway, coronavirus disease - COVID-19, Hepatitis C, TNF
signaling pathway, Influenza A, and IL-17 signaling pathway. Genes with a lower Log 2 fold
change are more blue and less significant.



Figure 7. Kegg Pathway Analysis - Enrichment Score Dotplot. The circles on the graph
represent biological pathways, and the circles with a lower p-value are more red and further to
the right (more significant) while those with a higher p-value are more blue and further to the
left.

Figure 8. Kegg Pathway Analysis - Emap Plot. The circles connecting the lines represent
biological pathways, and the circles with a lower p-value are redder and more significant. The
most significant pathways are cytokine-cytokine receptor interaction, IL-17 signaling pathway,
toll-like receptor signaling pathway, natural killer cell mediated cytotoxicity, Hepatitis C,
Influenza A, Viral protein interaction with cytokine and cytokine receptor, and TNF signaling
pathway. The circles with a higher p-value are more blue and less significant.

Key findings related to the top genes, functions and biological pathways that are potentially
linked to Glaucoma disease are summarized in Table 1. The key gene functions were related
"Response to lipopolysaccharide," "Cellular response to lipopolysaccharide," "Viral protein
interaction with cytokine and cytokine receptor," and "Cytokine-cytokine receptor interaction."
Among the top common genes identified were CXCL11, CXCL10, RSAD2, and CSF2, which
are known to play critical roles in immune response and inflammation. These results provide a
deeper understanding of the molecular mechanisms at play and identify potential targets for
further research and therapeutic intervention.



Table 1. Summary Table. Table shows the most significant gene functions and biological
pathways, along with most significant common top genes.

Gene Functions Biological Pathways Common Top Genes

Response to
lipopolysaccharide

IL-17 signaling pathway CXCL11

Response to molecule of
bacterial origin

Viral protein interaction with
cytokine and cytokine
receptor

CXCL10

cellular response to
lipopolysaccharide

cytokine-cytokine receptor
interaction

RSAD2

cellular response to molecule
of bacterial origin

Influenza A CSF2

Supplementary Materials

Supplementary Materials 1. R Script used to generate DEG results using GEO2R
Bioinformatics tool: R Script Used to Generate GEO2R Results

Supplementary Materials 2. Statistically significant top 30 DEGs:
Top DEGs

DISCUSSION

These results provide insight into the overall goal of this research study which asked, “which
genes or genetic components are associated with the behavior of glaucoma and how can they
assist in the understanding of this disease?” The gene enrichment analysis revealed enriched
gene functions, biological processes, and top common genes that could play significant roles in
the behavior of the glaucoma disease.

The results in Figure 2 reveal both the most significant and most differentially expressed genes in
a volcano plot. Figures 3-5 reveal many of the gene functions of the top 30 most differentially
expressed genes, and these findings are relevant to the overall research question, as they could
serve as potential biomarkers to assist in the understanding and treatment development of
glaucoma. Among the gene functions, the biological processes (BP) category was the most
enriched, suggesting its importance to the study. Additionally, figures 6-8 suggest several
biological pathways surrounding the top 30 most differentially expressed genes, these findings

https://docs.google.com/document/d/1ns3sUH6Ocm6QxRupqaw5B9T7nUVbUlswWPl56gtaODQ/edit
https://docs.google.com/spreadsheets/d/1kpkRHKOn5Zff5QFqYZld_PLlmg8xMkJbMB-Cny0NZeA/edit?gid=1439773951#gid=1439773951


again contributing to the research question by providing potential biomarkers of glaucoma and
thus avenues to study. Figure 9 finally displays the most statistically significant gene functions,
biological pathways, and top common genes. The top common genes were CXCL11, CXCL10,
RSAD2, and CSF2.

One of the most significant gene functions was the “response to lipopolysaccharide”. According
to existing scientific literature in this field, lipopolysaccharide (LPS) can potentially result in an
acute inflammatory response, releasing a large quantity of inflammatory cytokines in many
different types of cells (8). This inflammatory response may relate to inflammation in the eye,
which could damage the trabecular meshwork and result in increased IOP, affecting glaucoma
(6). The gene functions of “response to molecule of bacterial origin” and “viral protein
interaction with cytokine and cytokine receptor” also may contribute to inflammation in the eye
in a similar fashion, according to existing scientific literature (6). Furthermore, among the most
significant common genes—CXCL11, CXCL10, RSAD2, and CSF2—while there has yet to be
extensive study concerning these genes’ relation to glaucoma, all of these are related to
inflammatory or neuroinflammatory processes (9, 10, 11, 12). CXCL11 is upregulated in
cancer-associated fibroblasts, which result from inflammation (9). CXCL10 has been associated
with myeloproliferative neoplasms in mouse models, which is excessive growth of blood cells
(10). RSAD2 is upregulated among systemic lupus erythematosus (SLE) patients, which
involves inflammatory processes (11). CSF2 is associated with the immune inflammation that is
associated with Moyamoya Disease (12).

As shown in the results, many of the upregulated genes among those with higher IOP are
associated with inflammation and inflammatory processes. The notion of inflammation in the
human body as it relates to glaucoma is significant in the real world as it offers a genuine field
for further study. A better understanding of the glaucoma-related inflammation could expedite
the development of a glaucoma medicine or vaccine. More specifically, the genes CXCL11,
CXCL10, RSAD2, and CSF2 can serve as potential biomarkers for glaucoma, not only serving
as avenues of future study but also helping to detect glaucoma earlier in patients, which increases
the chance of successful treatment (1, 12).

One limitation in this study is the limited sample size, as this research study only considered a
single GEO bioinformatics dataset from microarray experiments. This limited pool of data could
influence the findings of this research study, so the genes identified in this study may need to be
studied further before finalizing the results. The identified genes, gene functions, and biological
pathways will thus certainly need to be further studied in either the laboratory or clinical
environment in the future, before the development of treatment for glaucoma.

Based on the findings of this study, several genes, gene functions, and biological processes can
be associated with the behavior of glaucoma, and understanding this information as it relates to



genomics can certainly be studied further to improve treatment steps for patients of a disease
such as glaucoma (13). Specifically, the genes CXCL11, CXCL10, RSAD2, and CSF2 and their
relation to inflammatory processes surrounding glaucoma are avenues for future study. If tested
in the laboratory by scientists or through clinical trials, these biomarkers could provide insights
into the intricate behavior of glaucoma. However, one possible opportunity for future study
would be further analyzing the neurological aspects of glaucoma, in addition to the
inflammation-related aspects. Especially considering the role of the optic nerve in glaucoma and
its proximity to the brain (14), the connection between glaucoma and neurological diseases is
another field to be studied. Understanding if other processes are at work alongside glaucoma,
such as a correlation with Alzheimer’s and Parkinson’s, serves as a potential area of
bioinformatics study and could advance the development of more effective treatment plans for
glaucoma.

Conclusion

In conclusion, 5248 total DEGs were identified across two groups. After narrowing these DEGs
down to 30, the most significant gene functions notably included “response to
lipopolysaccharide” which is related to the significant biological pathway “Viral protein
interaction with cytokine and cytokine receptor” (8). Additionally, 4 top common genes were
identified and upregulated among patients with higher IOP: CXCL11, CXCL10, RSAD2, CSF2.
All of these genes are in some way related to inflammation, which supports the hypothesis of
potential upregulated genes. Furthermore, these findings answer the research goal of improving
understanding of this disease, by suggesting a possible opportunity for further research on
glaucoma-related inflammation.
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