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Abstract: The recent outbreak of the COVID-19 pandemic has spread from China to the rest of the world in part
because the virus has a high infection rate. The lack of a vaccine and ineffective antiviral treatments also contribute
to the growing number of those who die from COVID-19. Though vaccines are on the verge of being delivered,
drug treatments are still much needed because of the challenge of distributing the vaccine and the month long
immunity development period where people remain vulnerable makes drug treatments essential. Drug repurposing
reuses previously approved drugs to be used for another disease. Case in point are  Remdesiver and Chloroquine,
drugs previously used to treat ebola and malaria, which are now being repurposed to treat COVID-19. In this study,
we used a computational approach to identify potential drugs to be repurposed in COVID-19 treatment based on
patient genomic data and a public gene drug database. We retrieved datasets containing COVID-19 patient
RNA-seq and proteomics data and used it to determine differentially expressed genes in each dataset and their
interrupted functional pathways. Through the Drug Gene Interaction database, we found the specific drugs that
target each differentially expressed gene and used the evidence scores from the database to create our final network
of drug gene interactions. Our network contains a total of 22 unique drugs, 10 of which have been tested in a clinical
setting, while the remaining drugs need to be validated in clinical studies in the future.
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Introduction

There have been many pandemics during the 21st century, including SARS (2002), MERS (2012), Ebola
(2013), the annual Influenza, and the most recent COVID-19 [1]. The COVID-19 pandemic, which
originated in China, has spread across the whole world. COVID-19 is caused by the novel virus
SARS-nCoV2, which researchers are searching for vaccines and treatments for. As of December 20th, 2020,
both Pfizer and Moderna have had their vaccines approved by the FDA and both have shown high efficacy
[2]. Despite the high potential of vaccines, there are still many problems yet to be addressed. Firstly, during
the period of time when vaccines are being distributed and people are developing immunity, COVID-19
infections will not slow down. Medical workers and seniors are expected to receive the vaccine in
December and essential workers will receive it early next year. By April, the vaccine should be available to
the public. Second, the reported efficacy of the vaccine is around 90%, meaning that a significant percent of
people that receive the vaccine will not derive any immunity. In the context of the whole world, a small
percentage still indicates a vast amount of lives that are at stake.

Many viral infections have a series of responses by the host body, including apoptosis, stress
response, and innate immunity. The body’s response is dependent on a series of factors that include genetics,
epigenetics, and lifestyle. This results in individuals who have good body capacity for protective responses
to activate the antiviral defense mechanisms. These immune responses, however, severely decrease in the
elderly and those with underlying disease, increasing the viral load and leading to severe respiratory
problems and in some cases death. The nature of COVID-19’s short replication times and high viral yields,
makes the replication of positive-sense viral RNA prone to high error rates. This results in a virus that is
elastic and difficult to design treatment for. Despite the lack of specific medications for the virus, there have
been drugs used in clinics like the Regeneron antibody cocktail, which has shown that they work on
individuals with severe symptoms. The FDA reported that there is very little difference between placebo
groups and those that received the antibody cocktail in mild and moderate cases. However, in severe cases,
the FDA noted a significant difference where the antibody cocktail is more effective, thus emergently
approving the use of the Regeneron antibody cocktail in COVID-19 treatment [3]. Besides the antibody
cocktail, there have also been drugs used in clinics such as Remdesivir, Chloroquine, Tocilizuman,
Hydroxychloroguine, Umifenovir, Lopinavir, Oseltamivir, and Favipiravir to fight off COVID-19 infection.
There have also been adjunctive agents such as zinc, vitamin D, Azithromycin, Ascorbic acid, Nitric oxide,
Corticosteroids, 1L-6 antagonists to treat patients as well [4].

Researchers have also started to focus their attention on drug repurposing because of its time and
cost efficiency. On average, developing a brand new drug takes between 10 and 17 years. The cost to
research and develop each successful drug is around 2.6 billion. Drug repurposing circumvents the need for
research and development by reusing already established safe candidate compounds. As of now there have
been many drug repurposing candidates for the COVID-19 treatment. Remdesivir has been shown in trials
to display potent in vitro activity against COVID-19 infection [5]. Some other examples are chloroquine
(CQ) and hydroxychloroguine (HCQ), which have shown beneficial impact in COVID-19 treatment. CQ
was originally approved for the treatment against Malaria, and HCQ is a modified version of CQ with an
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additional Hydrogen atom [6]. When it comes to identifying drugs to be repurposed there are two main
methods: wet lab screening and dry lab in silico studies. Wet lab experiments like that of Riva et al
developed a high-throughput assay to enable large-scale screening of known drugs, which one hundred
molecules inhibit viral replications of SARS-nCoV-2, including 21 that have dose-response relationships.
From this, thirteen molecules were found to have effective concentrations commensurate with probable
achievable therapeutic dosages in patients [7]. The dry lab experiment of Stolfi et al demonstrates how
network based computational methods can be used to identify possible candidates for drug repurposing.
The team used the BioGRID database to retrieve 424,076 interactions and 500 COVID-19 genes. They then
used DIAMOND to identify 1,500 COVID-19 proximal targets and then separate these targets into 5
specific tissue groups. The genes were then read into DrugBank to check for the drug-gene interactions and
side effects in order to finalize the list of 18 proposed COVID-19 drug repurposing candidates [8].

In this study, we used computational methods to create a list of proposed COVID-19 drug
repurposing candidates through patient and cell line genomic data. We used search engines like Google
Scholar and PubMed to identify studies with publicly available data on COVID-19 patient’s RNA-seq and
proteomics data. In each dataset, we determined the differentially expressed genes that are potential
COVID-19 drug targets. We then used said differentially expressed genes in the Drug Gene Interaction
database to find specific drugs that target each differentially expressed gene. The Drug Gene Interaction
database also provides a score for each drug gene interaction, and so when finalizing our list, we used a
filter on the score to increase the accuracy of the drugs that we proposed for drug repurposing. We proposed
a total of 22 drug repurposing candidates, 10 of which have already been used in clinical studies for the
treatment of COVID-19. The remaining are predictions that could help treat patients diagnosed with
COVID-19.

Methods
1. Workflow

We used keywords such as “COVID-19” or “SARS-nCoV-2” in addition to “protein expression, or “gene
expression” in Google Scholar to compile a list of 6 potential datasets. After checking the data availability,
only 4 contained publicly available data to create our final list of datasets. Gene expression data was taken
from four different studies regarding SARS-nCoV-2 infection. There were two datasets taken from cell
lines, one from patient RNA expression data, and one from patient proteomics expression data. The cell
lines consisted of the A549, NHBE, and Caco-2 cell lines. The patient expression data was taken from the
BALF and PBMC of patients. The patient proteomics data was taken from the patients’ blood. Each study
had provided gene or protein expression data, which was then filtered through a fold change cutoff and a
false discovery rate adjusted for each dataset to identify the differentially expressed genes in each dataset.
We then created a network and function analysis for each dataset and compared the overlaps of the
differentially expressed genes in each dataset. In the Drug Gene Interaction Database we found drugs that
correlate with each differentially expressed gene. The Drug Gene Interaction Database provides a score for
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each correlation between drug and gene based on the among of PMID’s referencing such connections. We
used the drugs that had scores greater than or equal to 5 to compile a final list of drugs that We recommend
for the repurposing to fight off SARS-nCoV-2 infection.

Data Curation:
Google Scholar
n = 6 (datasets)

|

Data Processings:
Datasets included(PMID)
32228226,32416070
32408336,32492406

J

Differentially Expressed Genes
Curation from above 4 datasets

Network Construction Differentially Expressed
and Functional Analysis Genes Overlap

Drug Gene Database
Search

Drug Repurposing for
Covid-19 Patients

Figure 1 Flow chart to detect host genes and change upon viral infection and drug repurposing for COVID-19
patients.

2. Data source

The first dataset that uses BALF and PBMC samples were obtained from 3 SARS-nCoV-2 patients and 3
healthy donors. The study used RNA-seq to detect transcriptome changes in both PBMC and BALF
samples in both COVID-19 patients and healthy donors. The study used the DESeq2 package to determine
their differentially expressed genes. We used the Supplementary File 1 provided sheets “BALF DEGs” and
“PBMC DEGs”. The second dataset uses the A549 and NHBE cell lines when infected with SARS-nCoV-2.
They then used RNA-seq to detect the transcriptome changes in cells. The study used DESeq?2 to determine
the differentially expressed genes in each sample. We used the “media-2” and “media-6” supplementary file.
The third dataset used the Caco-2 cell line and observed the viral infection over a 24 hour period and
quantified the translatome and proteome changes detected by LC-MS/MS. We used the Supplementary File
01. The fourth dataset uses proteomics data from 46 COVID-19 patients and 53 control individuals. They
split COVID-19 patients into non-severe (25 patients) and severe (28 patients). The study compared the
comparison between the different severities of COVID-19 with controls. We took the “mmc6”
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supplementary file and sheet “Prot severe vs healthy” and “Prot non-severe vs healthy”.
3. Identifying differentially expressed genes

To identify the differentially expressed genes in each dataset, we used a variety of filters on p-values, FDR
and fold change. The p-value is the probability of obtaining similar test results as the results actually
observed [9]. The FDR is the adjusted p-value, which represents the portion of false positives among all
features equally or more extreme than the observed one [10]. Fold change is a measure describing the
amount a quantity changes between two groups [11]. The fold change is calculated by the mean of the two
groups as a multiple of one another. Differentially expressed genes are determined through a combination
of FDR and fold change to reflect both the magnitude of the change and the statistical difference between
two groups [12] . In the BALF and PBMC datasets, we used a fold change cutoff greater than 2 and false
discovery rate (FDR) less than 0.01 to determine our differentially expressed genes. In the A549 and NHBE
cell line datasets, we used fold change cutoff of 1.5 and a FDR cutoff at 0.05. In the Caco-2 cell line
proteomics dataset, we used a fold change cutoff of 1.5 and a FDR cutoff at 0.05. In the patient proteomics
dataset, we used a fold change cutoff of 1.5 and a FDR cutoff at 0.05. The differentially expressed genes
from each dataset were then put into Venny, an online tool, to determine and present the overlap between
different datasets [13].

4. Functional analysis

Functional analysis is important because it determines the targets of intervention that can be changed.
Differentially expressed genes recognize individual genes as responsible for changes, whereas functional
analysis detects a group of genes or pathway as responsible for changes. There are many tools that can be
used to perform functional analysis. For example clusterProfiler, Ingenuity Pathway Analysis (IPA),
AmiGO, and DAVID. However in this study, we used clusterProfiler, which is a free R package that
implements methods to analyze and visualize functional profiles of gene clusters [14]. IPA is a commercial
software that is very expensive [15]. In Rstudio, we used the enrichGO function inside of the clusterProfiler
package, allowing us to read the differentially expressed genes for each dataset into clusterProfiler, which
returned pathway analyses in the form of tables and figures. FDR less than 0.05 is used to consider a
pathway as significant. The figures and bar plot present the top 20 enriched pathways for each dataset.

5. Drug gene association

The Drug Gene Interaction Database (DGldb) is a database developed at Washington University that
efficiently determines drug-gene interactions to help with clinical sequencing and personalized medicine
[16]. The database uses information on drug-gene interactions from sources such as DrugBank, PharmGKB,
Chembl, and Therapeutic Target Database. Genes were also categorized as potentially druggable based on
their membership in selected pathways, molecular functions, and gene families from the Gene Ontology,
the Human Protein Atlas, and numerous other studies. DGIdb contains over 40,000 genes and 10,000 drugs
involved in over 100,000 drug-gene interactions or belonging to one of 42 potential druggable gene
categories. DGIdb presents drug gene interactions and gene druggability information based off of papers,
other databases and web resources. The database is a web based application that for example, reads in a list
of genes, and will return with a list of drug interactions for each gene. Each suggested drug has a score
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calculated based on the amount of publications that support such an interaction. In this study, we inputted
the differentially expressed genes expressed in each dataset directly into DGIdb. Originally we were going
to download the source code for DGIdb and use R to filter through each dataset and create a list of
differentially expressed genes efficiently. However, the source code for the score calculation was unclear
and so to ensure the accuracy of the study, we manually inputted each dataset of differentially expressed
genes into the DGIdb website and copied the results into an excel spreadsheet. All the spreadsheets listed
the genes, drugs, interaction type, sources, pmids, and score. For the BALF dataset, the total drug-gene
interactions was 1138. The PBMC dataset had a total drug-gene interaction of 2284. The A549 cell line had
a total drug-gene interaction of 262. The NHBE cell line had a total drug-gene interaction of 739. The
Caco-2 cell line had a total drug-gene interaction of 246. The Proteomics non-severe vs healthy had a total
drug-gene interaction of 25 and the proteomics severe vs healthy had a total drug-gene interaction of 111.
The total drug-gene interaction after being filtered with a score greater than or equal to 5 across all datasets
was 66. By filtering the drug-gene interactions that had a score greater than or equal to 5, we were able to
create a final list of predicted drugs that can be used for repurposing to fight COVID-109.

6. Drug repurposing for COVID-19

Drug repurposing is a strategy for identifying new uses for approved or investigation drugs that are outside
the scope of the original medical indication [17]. It is slowly becoming a more and more popular option for
treating common and rare diseases as it uses de-risked compounds, with potential lower costs and shorter
development timelines [18,19]. In terms of the COVID-19 pandemic, speed is lifesaving. Developing new
drugs to treat COVID-19 takes too long, which is why drug repurposing is a viable option. The drug
repurposing process begins with the identification of a candidate drug for a given indication, followed by
mechanistic assessment of the drug effect in preclinical models and lastly the evaluation of efficacy in
clinical trials [20,21]. When identifying candidate drugs, a computational approach is used. The
computational approach uses data of gene expression. An example would be gene signature matching,
which allows for drug-disease comparisons. Researchers use the gene expression profile of biological
material such as cells or tissues before and after drug treatment. The differential gene expression signature
is then compared with disease associated expression profile data from a healthy sample. Since the gene
expression signature is upregulated and downregulated in the disease, the drug that regulates such genes
could be a potential candidate for drug repurposing.

For our project, we took the same approach. We used the list of differentially expressed gene, drug
interactions with evidence scores greater than or equal to 5. In order to create more accuracy, we required
overlap between two datasets: BALF and PBMC, A549 and NHBE cell line, proteomics non-severe vs
healthy, and severe vs healthy. A stricter overlap was placed across multiple datasets: BALF, PBMC, A549,
and NHBE; BALF, PBMC, and Caco-2 cell line; A549, NHBE, and Caco-2; and Caco-2 and proteomics
severe vs healthy. We then created a gene-drug network that matches each of the potential drugs for
repurposing to their specific gene targets. The drugs displayed in Figure 5 have different prioritizations. The
higher the evidence score given in DGI, which is shown in the figure by the size of the bubbles, the more
potential there is for a drug to be a viable option in treating COVID-19. In Figure 5, the drugs that we
recommend for COVID-19 treatment consist of tested and untested drugs that fight COVID-19. In order to
verify our predictions, we searched individually for literature that supports usage of the drug in COVID-19
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treatment. Many of the drugs that we have recommended in the figure match the current researcher’s drug
predictions; those that have no literature are the drugs that we predict to be viable options for COVID-19
treatment and should be tested in clinical trials.

7. Statistical analysis and data visualization

In this study, we used many applications to perform statistical analysis and data visualization. Namely,
Venny, ClusterProfiler, RStudio, Microsoft Excel, and Powerpoint [13,14]. We used Microsoft Excel to
filter the raw data of each dataset, into a list of differentially expressed genes. We then used Rstudio to
prepare the differentially expressed genes into the required format needed to use ClusterProfiler.
ClusterProfiler was used to perform pathway analysis on each dataset, and represented the data in bar plots
and pathways. We also used Venny to display the overlap between the differentially expressed genes and
their drug targets. Finally we used Microsoft Powerpoint to create a figure that displayed all differentially
expressed genes with a score greater than or equal to 5 and their drug targets.

Results

1. Detection of differentially expressed host genes in patients with COVID-19

The number of significant host genes generated in Table 1 comes from filtering through different criteria. In
the patient BALF and PBMC datasets, which had 5 (3 healthy control and 2 COVID-19 patients) and 6 (3
healthy control and 3 COVID-19 patients) samples respectively, we used the criteria of the fold change
cutoff greater than 2 and false discovery rate (FDR) less than 0.01 to identify the total amount of
differentially expressed host genes with 1004 and 1024 (679, 423 up and 325, 601 down-regulated
respectively) [22]. However, in the cell lines and both proteomics datasets, we used a fold change cutoff of
1.5 and a FDR cutoff at 0.05. The two lung cell lines, A549 and NHBE, are used to be affected by the
COVID-19 virus, and a change of 102 (88 up and 14 down-regulated genes) and 204 (145 up and 59
down-regulated genes) differentially expressed genes were observed [23]. In another study, the Caco-2 cell
line was used in a time series infection (2, 6, 10, and 24 hours) [24]. The 24-hour data was used because the
proteome underwent extensive modulation in comparison to minor host proteome changes, resulting in 94
(29 up and 65 down-regulated genes) differentially expressed genes. The final proteomics dataset was
created by comparing two different sets of patients with severe and non-severe infections of SARS-nCoV-2
[25]. The severe vs healthy had 41 DEG (28 up and 13 down-regulated), whereas the non-severe vs healthy
had 11 DEG (4 up and 7 down-regulated). All the gene names of each dataset are included in
Supplementary File 1.

The genes upregulated in COVID-19 infections include those that are involved in cytokine storms,
which impacts the patients’ severity [26,27]. Cytokines such as CCL2, CCL4, CCL8, CXCL1, CXCL2,
CXCL6, CXCL8, CXCL10, and CXCL17 are up-regulated within COVID-19 patients. Another example is
interferon-inducible genes such as IL-6, IL-10, IL8. The IL-6 gene has been shown in a meta-analysis
comprising nine studies that showed patients with COVID-19 had three times higher IL-6 levels compared
to those without, indicating high levels of IL-6 are associated with mortality risk [28]. These differentially
expressed genes only contribute to increasing the mortality rate of patients with COVID-19. The increase in
cytokines presents the risk of a cytokine storm, where rapid proliferation and hyperactivate of T cells,
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macrophage, overproduction of inflammatory cytokines, and chemical mediators released by immune or
non-immune cells [26]. This potentially leads to multiple organ failure due to the immune system’s over
detection of organs.

Table 1 Significant Host Genes in Covid-19 Infection. Number of up and down-regulated significant host genes for

each dataset

Dataset PMID Up-regulated Down-regulated Total

Patient BALF 32228226 679 325 1004

Patient PBMC 32228226 423 601 1024

Cell line A549 32416070 88 14 102

Cell line NHBE 32416070 145 59 204
Proteomics Cell line Caco-2(24 hour) 32408336 29 65 94
Proteomics severe vs healthy 32492406 28 13 41
Proteomics non-severe vs healthy 32492406 4 7 11

The significant host genes vary from each dataset for a variety of reasons. The patient data had the
most significant host genes because the immune system adapts in order to fight off infections. The T cells
and B cells activate various genes to help fight off the infection, which would explain the high amount of
significant host genes. Since cell lines are a simple system and have no immune system, gene expression
will not fluctuate as much, explaining why there are fewer significant host genes. The select number of
significant host genes in the proteomics dataset is explained simply because fewer proteins can be detected
in comparison to RNA.

2. Functional annotation and pathway analysis of differentially expressed host
genes in patients with COVID-19

Pathway analysis was carried out for each of the lists of differentially expressed genes in Table 1. The top
20 enriched pathways are shown in Figure 2. The BALF sample of COVID-19 patients indicates that the top
enriched pathways include SRP-dependent cotranslational protein targeting to membrane (P = 2.7E-35) and
viral transcription (P = 2.2E-23). The PBMC sample obtained by COVID-19 patients show that the top
enriched pathways are complement activation, classical pathway (P = 5.7E-61), humoral immune response
mediated by circulating immunoglobulin (P = 2.3E-57), regulation of acute inflammatory response (P =
1.1E-47). The A549 cell line demonstrates that some of the top enriched pathways are response to virus (P =
2.3E-31), type | interferon signaling pathway (P = 8.8E-28), and regulation of viral genome replication (P =
1.1E-18). The NHBE cell line indicates that the top enriched pathways are a response to virus (P = 3.3E-13),
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humoral immune response (P = 9.2E-12), response to interferon-gamma (P = 3.2E-11), and regulation of
inflammatory response (P = 9.3E-10). The Caco-2 cell line indicates that the top enriched pathways are
protein-containing complex remodeling (P = 3.1E-9), protein-lipid complex remodeling (P = 3.1E-9), and
plasma lipoprotein particle remodeling (P = 3.1E-9). The patient proteomics severe vs healthy data
indicates that the top enriched pathways are platelet degranulation (P = 1.7E-17), acute inflammatory
response (P = 2.8E-16), acute-phase response (P = 4.4E-14), protein activation cascade (P = 6.6E-10),
negative regulation of hemostasis (P = 7.6E-10), and blood coagulation (P = 9.0E-10).
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Figure 2 Significantly enriched biological functions (by ClusterProfiler) associated with differentially expressed
genes in COVID-19 patients and cell lines infected with SARS-nCoV-2. A shows the pathway analysis of the BALF
patient dataset. B shows the pathway analysis of the PBMC patient dataset. C shows the pathway analysis of the A549
lung cell line. D shows the pathway analysis of the NHBE lung cell line. E shows the pathway analysis of the Caco-2
colon cell line. F shows the pathway analysis of the proteomics severe patient vs healthy control dataset.

Compared with cell lines, patient data offer different data points because patients have immune
systems and a circulating system. This would explain why the patient pathway analysis shows T cell and B
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cell mediated responses, blood coagulation, and platelet degranulation. However, both vitro and vivo
systems can be infected by the virus and have immediate responses to the infection. Pathways in the
proteomics severe vs healthy data, such as platelet degranulation and acute inflammatory response, involve
the genes SERPINA3, ORM1, LGALS3BP, SERPING1, ITIH3, VWF, FGA, TAGLN2, FLNA, THBS1,
HRG, APOH, SAA1, SAA2, HP, LBP, C9, SERPINA3, ORM1, APCS, SERPING1, C2, SAA4, CPN2, and
CFHR5. The serum amyloid A genes serve as serum biomarkers for inflammatory response for patients
infectected with the COVID-19 virus [29]. Additionally, the SERPINA3 gene seems to play a major factor
in slowing down clot formations and inhibiting proteases released by inflammatory cells [30]. All the
detailed genes with adjusted p values less than 0.01 involved in the pathway analysis are included in
Supplementary File 2.

3. Overlap of differentially expressed genes across various studies

The comparison between various datasets is necessary because most datasets come from the same patients
or have similar locations. The BALF and PBMC patient data come from the same patients, but are gathered
from different areas of the body. The BALF data specimen comes from the bronchus, while the PBMC
comes from the blood. The A549 and NHBE cell lines come from different people. The A549 is a
carcinoma cell line in the lung, and the NBHE is a normal cell line in the lung. Some of the data we have is
RNA-seq and some are from proteomics. By comparing the two types of data, we can determine whether
the results will be consistent throughout the body.

A BALF PBMC A549 NHBE
C D
NON-SEVERE VS HEALTHY SEVERE VS HEALTHY PATIENT PROTEOMICS ~ CACO-2 (24HR)

89
(674%)

Figure 3 Overlap of the differentially expressed genes across various datasets. A shows the overlaps between the
BALF and PBMC datasets, B shows the overlaps between the A549 cell line and the NHBE cell line, C shows the
overlaps between the non-severe vs healthy and severe vs healthy proteomics data, and D shows the overlaps between
the patient proteomics data as a whole and Caco-2 (24hr) datasets. The proteomics data is combined because there is a
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20% overlap between the two proteomics dataset, indicating a high correlation in differentially expressed genes.

The comparison in Figure 3 shows that there is a very low correlation between the BALF and
PBMC datasets that are from the same patients. The venn diagram indicates that only 53 (2.7%) out of the
1973 total genes are present between the two datasets (1004 total genes for BALF and has 1022 total genes
for PBMC). Additionally, there is also a low correlation between the A549 and NHBE cell lines. The venn
diagram indicates that only 8.5% out of the 282 total genes are present between the two datasets (102 total
genes for A549 cell line and 204 total genes for the NHBE cell line). The two proteomics datasets have a
high correlation, which on the nonsevere vs healthy dataset, 9 out of the 11 overlapped (81.8%), whereas
the proteomics severe vs healthy dataset had a total of 41 proteins. The two proteomics datasets displayed a
high correlation between the differentially expressed proteins in the dataset. This indicates that most of the
proteins are similar, indicating a stark similarity in the two proteomics datasets that allows us to combine
them with each other for further comparisons. The combined proteomics datasets and the Caco-2 (24hr) cell
line have an extremely low correlation (0.8%). Out of the 132 genes present, only 1 overlaps between the
two datasets. The proteomics data had 43 total proteins, while the Caco-2 (24hr) had 90 total genes.

Since both the BALF and PBMC datasets originate from the same patients, but are extracted from
different parts of the body, the low correlation makes sense. The BALF tissue comes from the bronchus,
which would only have genes local to the respiratory system. COVID-19 infections trigger local immune
responses that trigger macrophages and monocytes to respond to the infection, release cytokines and prime
adaptive T and B cell immune responses. This process resolves infections most of the time, however in the
case of failure, a dysfunctional immune response occurs, which can result in severe lung and even systemic
pathology [31]. The PBMC sample comes from the bloods and since the circulatory system travels
throughout the body, the genes present in the PBMC sample are global. The PBMC sample reflecting gene
expression changes throughout the body, while the BALF tissue is strictly limited to the lung, explaining the
low correlation between differentially expressed genes. Conversely, the A549 and NHBE cell lines are both
from the lung. However, the A549 cell line is a carcinoma cell line explanted from a 58-year old caucasian
male, whereas the NHBE cell line is a naturally occurring cell line in the lung and is explanted from a
79-year old caucasian female. Since the cell lines result from different humans, the genetic background
differs extremely. This could be a potential explanation for the biological differences in this experiment.
Additionally, the A549 cell line derives from a male, while the NHBE cell line derives from a female. This
difference in gender can also contribute to biological differences in the experiment. It is commonly known
that COVID-19 infections present a variety of symptoms throughout the severity of infection [32,33]. The
proteomics data suggests that the non-severe infections are similar to that of healthy people because only 11
differentially expressed proteins change from healthy. However, the severe vs healthy proteomics data
indicates that there is a change on the molecular level from the progression of the COVID-19 infection from
non-severe to severe. Additionally the severe COVID-19 infection has 41 differentially expressed proteins
that change from a healthy patient. When the patient proteomics data is compared with the Caco-2(24hr)
cell line a star difference is shown. This indicates that there is a distinct difference between patient data and
cell line data.
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4. Drug and gene association network construction

The Gene Drug Interaction Database is a database that detects the relationship between genes and drugs. In
our case, we filtered the differentially expressed genes and proteins from our datasets into the database. The
database then compiles and returns each gene with a list of drugs that target that specific gene and a score
indicating the amount of PubMed citations. By constantly increasing the score limit, the potential drugs
decrease. For example, as shown in Table 2 in the Patient BALF data, the number of drugs started with 779
when the filter was set at a score greater than or equal to 1, but when the filter increased to greater than or
equal to 5, the total number of drugs decreased to 117. In the PBMC, there were a total of 1,602 drugs that
had a score greater than or equal to 1, while when the score was greater than or equal to 5, the total number
of drugs decreased to 175. Based on the 3 cell lines, A549, NHBE, and Caco-2, we can predict that each
gene had at least two unique drugs targeting it. The A549 cell line had a total gene count of 102 and had an
initial drug count of 228, the NHBE cell line had a total gene count of 204 and had an initial drug count of
581, and the Caco-2 cell line had a total gene count of 94 and an initial drug count of 229. Then when the
score increased to greater than or equal to 5, the three cell lines decreased to 41, 60, 20 total drugs,
respectively. This trend applies to the patient proteomics data as well, which is shown by the severe vs
healthy dataset having only 4 drugs and the non-severe vs healthy dataset having only 2 drugs when the
score was set as greater than or equal to 5.

Table 2 Number of drugs targeting differentially expressed genes in each dataset at different evidence scores between

1 and 5.

#Drug #Drug #Drug #Drug #Drug

Dataset Total Genes (score 1) (score 2) (score 3) (score 4) (score 5)
Patient BALF 1004 779 437 246 162 117
Patient PBMC 1024 1602 998 471 305 175

Cell line A549 102 228 163 81 50 41

Cell line NHBE 204 581 384 150 86 60
Proteomics Cell line Caco-2 24 hour 94 229 164 50 32 20
Proteomics severe vs healthy 41 108 47 14 6 4
Proteomics non-severe vs healthy 11 25 19 4 2 2

The results shown in Figure 4 are similar to those found in Figure 3. Figure 3 indicated the amount
of similar genes across multiple datasets, while Figure 4 shows the amount of similar drugs across multiple
datasets. It is not surprising that the overlap was very minimal at both the gene and drug level. Figure 4A
shows a 7% (19 similar drugs) drug overlap between the BALF and PBMC patient datasets(BALF has 117
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total drugs, PBMC has 175 total drugs). Figure 4B shows an even lower overlap as it only had 1%(1
similar drug) drug overlap between the A549 and NHBE cell line datasets(A549 has 41 total drugs, NHBE
has 60 total drugs). Figure 4C shows a total overlap of the non-severe vs healthy proteomics dataset in
comparison to the severe vs healthy proteomics dataset. Figure 4D shows a low similarity between the
Caco-2 cell line and proteomics severe vs healthy dataset indicating a 9.1% (2 similar drugs) drug
overlap(Caco-2 has 20 total drugs, Proteomics severe vs healthy has 4 total drugs).

A B

AS549 NHBE

C D
NON-SEVER VS HEALTHY  SEVERE VS HEALTHY CACO-2(24HR) SEVEREVS HEALTHY PROTEOMICS

Figure 4 Overlap between similar potential drugs when the score is set as greater than or equal to 5. Part A shows the
drug overlap between the BALF and PBMC datasets, B shows the overlap between the A549 cell line and NHBE cell
line, C shows the overlap between the proteomics non-severe vs healthy and severe vs healthy, and D shows the
overlap between the Caco-2 cell line and proteomics severe vs healthy.

As the score for each increases, the total number of gene drug correlations decrease. we found that
using a score of 5 was best suited to recommended enough drugs, while also being accurate. Even after
setting the filter at an evidence score of 5, there is still a very low correlation between the drugs. This
suggests that Covid-19 treatment might require personalized medicine or a cocktail of drugs. All the gene
drug association with an evidence score greater than 5 is provided in Supplementary File 3.

5. Drug repurposing for COVID-19 treatment

A gene drug network shown in Figure 5 was constructed based on genes in Figure 4 which found the
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overlapped drugs throughout different datasets. By finding the overlapped drugs from different datasets, it
adds to the reliability of the drug predictions. After finding the overlapped drugs, we then used the
previously found differentially expressed genes to find the differentially expressed genes that have a
correlation with the overlapped drugs. The results from Figure 5 indicate that the drugs can target multiple
genes.
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Figure 5 Correlation between the suggested drugs to be repurposed for Covid-19 treatment and their gene targets.
Drugs are split based on their scores in The Drug Gene Interaction Database. Multiple genes targets were found for
each drug, each having its own score. We took the highest score for each drug to classify them into different groups. A
blue circle indicates a high evidence score between 16 and 30. An orange circle indicates a medium evidence score
between 11 and 15. Ared circle indicates a low evidence score between 5 and 10. A green circle indicates a gene target
of the drugs that come from the list of differentially expressed genes.

I split the finalized drugs into three different categories: high, medium and low evidence score.
These scores were assigned based on the scores given in the DGIdb database such that a high evidence score
was between a score of 16 and 30, a medium evidence score was between a score of 11 and 15, and a low
evidence score was between 5 and 10. There are two high evidence score drugs, 6 medium evidence score
drugs, and 14 low evidence score drugs. We found that the drugs that had a higher evidence score tended to
be used more in the actual treatment of Covid-19 patients. One of the high evidence score drugs, Ponatinib,
is already in use to treat patients diagnosed with Covid-19 [34]. Five out of the 6 medium evidence score
drugs have had effectiveness in Covid-19 treatment. The drugs Cyclosporine, Glutathione, MKk-22086,
Tamoxifen, and Thalidomide have been tested, meaning that the evidence scores are an accurate prediction
for potential drugs that can be reused to treat Covid-19 patients [35-39]. Additionally, 4 out of the 14 low
evidence score drugs have also seen usage in Covid-19 treatment. The drugs in use were Bepridil, Dovitinib,
Chembl1161866, and Miglitol [40-43].
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This leads us to suggest that drugs such as Olaparib and Acarbose can be used in Covid-19
treatment. Olaparib is one of the high evidence drugs, whereas Acarbose is a medium evidence drug.
Olaparib targets both the BRCA-2 and PTEN genes. The BRCA-2 gene is known for being the tumor
suppressor protein that regulates downstream genes in response to numerous cellular stress, and is
frequently mutated in human cancer. SARS-nCoV-2 contains a spike protein that is divided into two
subunits: S1 and S2. S1 infects human cells by binding to the human angiotensin-converting enzyme 2,
while S2 mediates the membrane fusion process. After infecting the host receptor, a six-helix bundle fusion
core is formed through the interaction of the HR-1 and HRO2 domain. This brings viral and cellular
membranes into close proximity for fusion and infection, which will ultimately unravel possible
mechanisms of COVID-19 infection and its severity in humans who already are diagnosed with other
diseases. The BRCA-2 gene, in addition to others, was found to have a strong interaction with the S2
subunit. BRCA-2 was also found to interact with the hepatic repeat-2 region through the C- terminal
domain of the S2 subunit [44,45]. Emameh et al. conducted a study that applied single-cell transcriptomics
data of human bronchial epithelial cells (2B4 cell line) infected with SARS-nCoV-2 [46]. Their reactome
pathway analysis based on the differentially expressed genes revealed that the PTEN gene played a crucial
role in COVID-19 infections through the activation of dendritic cells, the production of hyperactive B-cells
and uncontrolled T-cells, and secretion of proinflammatory cytokines including interferons, TNF-alpha,
IL-10, IL-4, and granulocyte monocyte colony stimulating factor. This all cooperates with other
downregulated genes in the promotion of cytokine storms in COVID-19 patients [46]. Contrastly, Acarbose
is a drug that indirectly treats the COVID-19 virus High blood sugar (Diabetes) is a known risk factor to
COVID-19 [47]. Astudy in England found that patients diagnosed with both Diabetes and COVID-19 had
a higher mortality rate. The odds ratios for in-hospital COVID-19 related deaths were 3.51 in people with
type 1 diabetes and 2.03 in people with type 2 diabetes. Acarbose is a commonly used drug that lowers
blood sugar and it is suggested that patients with lower blood sugar respond better to treatments for
COVID-19, ultimately increasing the mortality rate.

Besides the drugs validated or predicted above, there are also 14 drugs with lower evidence scores.
Among which, 4 have already been predicted to be used in Covid-19 treatment. For example, Bepridil was
used in treatments for hypertension and chronic stable angina [48]. However, Bepridil comes in high
dosages and can raise endosomal pH for slowing down SARS-nCoV-2 entry into human cell hosts and
inhibiting M™™ in infected cells [41]. Despite not yet being in use for COVID-19 treatment, drugs such as
sulfasalazine and mesalamine still have potential. Both drugs have a gene target, PPARG, which has been
shown to have a reducing effect on cytokine storms in COVID-19, and in some cases, limits pulmonary
inflammation [49,50]. Therefore, the 8 remaining drugs — zonisamide, ipatasertib, pyruvate,
N-acetylglucosamine, temazepam,L-proline, tretinoin, and nintedanib — could have great potential in
COVID-19 treatment.

Discussion

The COVID-19 pandemic has had an effect on everyone in the world. The virus is highly contagious, and
in severe cases it can cause death. So far, 76.55 million have been infected and 1.69 million have died
globally. In the United States alone, 18.04 million have been infected and 322,936 have died [51]. These
statistics will only increase as the trend for new cases continues to surge in the United States [52]. Many
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await for a COVID-19 vaccine, but the need for treatment of COVID-19 infection still remains. The overall
timetable for a vaccine’s distribution, effectiveness, and time period to build up immunity allows for many
more people to contract the virus. A faster development of drug treatments for the COVID-19 virus will
undoubtedly save many lives. Therefore, there is much need for direct COVID-19 treatment.

New drug development takes lots of time and money. Researches have to first discover and develop
the drug, go through long clinical trials, and then receive FDA approval in order for a newly developed drug
to reach the marketplace. This process takes over 10 years to complete. Drug repurposing, however, is the
fastest approach to finding a treatment for COVID-19 by repurposing pre-existing drugs. Repurposing
drugs offers many benefits because it saves time and money on top of previously approved drugs that
already exist in safe dosages [6]. In this study, we used a computational method based on patient gene
expression data. We then used a database in parallel with patient expression data to find the relationship
between the differentially expressed gene targets and already existing drugs to determine the potential
candidates of COVID-19 drug repurposing. By doing so, potential drug repurposing candidates are
identified much faster. The gene drug relationships are also curated and accurate, as the database ranks each
interaction based on the amount of literature supporting it. Thus, by extension, the predictions made in this
study are also reliable. However, the results from computational methods are only predictions. Wet lab
experiments take longer, but compared to the computational prediction, has a higher likelihood of accuracy.

Besides from the computational approach taken in this study, there are many other methods of
determining potential candidates for drug repurposing. Approaches such as binding assay, phenotypic
screening, pathway based or network mapping, drug centric, target based, and signature based are all used
to help researchers find repurposing drugs [6]. The pathway based or network mapping approach involves
constructing networks based on the gene expression patterns, disease pathology and protein interactions. A
signature based approach compares the signatures of a drug with that of another drug, disease or clinical
phenotype [6]. In this study, we only used individual genes to determine candidates for drug repurposing,
but by using a network or pathway based approach it would allow for drugs to target the hub genes, which
can have a higher potential for treating the disease, because hub genes are likely to be the cause for the
disease.
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