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SUMMARY

Drug repurposing has become a versatile strategy in rapidly identifying drug candidates to treat disease. Us-
ing the early COVID-19 pandemic as an example, we perform a systems-scale in silico screen to identify com-
pounds that induce a gene regulatory signature reverse of those found in the disease state. We design a dis-
ease module integrating protein interactions to suggest rational combinations of drug candidates to
counteract functional changes during disease. We present this strategy as RepurNet, a high-throughput in
silico framework to rapidly prioritize compounds in early drug discovery. We determine network similarities
between distinct diseases that could share common morbidities to illustrate the extension and application of
this approach to other diseases, such as cancer. Together, we present a generalizable integrative systems
biology and network medicine approach to unveil signaling perturbation and specificity in disease, providing
optimized repurposed drug candidates, with broad implications for precision medicine in various disease
contexts.

INTRODUCTION newly emerging SARS-CoV-2 variants is much lower than the
level of protection offered by these vaccines against the original

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-  strain.> Merck and Pfizer have developed Molnupiravir and

2) caused the COVID pandemic. The release of the Pfizer-
BioNTech, Moderna, Janssen, Oxford/AstraZeneca, and
Novovax SARS-CoV-2 vaccines has enabled the control and
prevention of COVID worldwide.'? However, current vaccines
do not appear to induce durable cellular or humoral responses,
and the level of protection offered by current vaccines against

Gheck for
Updates

Paxlovid, respectively, which are targeted antivirals to treat
mild to moderate COVID.** While antivirals such as Remdesivir
can treat severe, hospitalized cases of COVID, early adminis-
tration is critical.®” Therefore, identifying drug candidates to
treat COVID and other infectious diseases is still of global
importance.®

iScience 29, 115896, June 19, 2026 © 2026 The Author(s). Published by Elsevier Inc. 1
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Figure 1. An overview of the RepurNet framework for drug repurposing

Firstly, transcriptomic data are analyzed to identify disease-associated gene expression signatures. Then, a library of compound-associated changes in gene
expression is compiled. These two datasets were then modeled in silico to identify candidate drugs that could putatively suppress disease-associated gene
expression signatures. Secondly, candidate drugs are validated by a network-based approach. Briefly, a protein-protein interaction (PPI) interactome that
connects disease proteins with their target proteins is compiled, and candidate drugs are then analyzed for which nodes they target in the interactome. Further in
silico screening can suggest rational drug combinations where candidate drugs simultaneously suppress disease-induced perturbations in independent nodes of

the interactome.

Drug repurposing has become a popular strategy in rapidly
identifying drug candidates to treat COVID, as it bypasses the
time and resource commitments required to develop new
drugs.® Drugs considered for repurposing can either potentially
inhibit SARS-CoV-2 replication or counteract the effects of
COVID.? For example, Remdesivir, which was developed origi-
nally as an RNA polymerase inhibitor of broad spectrum to target
Ebola, was repurposed to treat COVID after promising results
from clinical trials, and it is one of the few drugs approved by
the United States Food and Drug Administration for treating
COVID."™™" The identification of drug candidates can either
follow biological approaches through experimentation or clinical
trials, or computational approaches through various large-scale
data analysis.'> While biological approaches are valuable in
providing experimental evidence,'” they are often time-
consuming, labor-intensive, and expensive. In contrast, compu-
tational approaches are advantageous in integrating large quan-
tities of data and simultaneously investigating the potential of
many drugs as therapeutic candidates for drug repurposing.'®
In the case of drug repurposing against SARS-CoV-2, several
studies have leveraged different strategies to identify hundreds
of putative therapeutic candidates. For example, Egieyeh et al.
(2021) conducted a structure-based strategy involving molecular
docking analysis and molecular dynamics simulation to screen
drugs for their potential to bind and inhibit the SARS-CoV-2 spike
protein, which mediates viral entry into host cells through binding
with the human angiotensin receptor 2 (hACE2).'* Saha et al.
(2022) applied a network-based approach by screening for

2 iScience 29, 115896, June 19, 2026

drugs that could target key interactions in an interaction network
of human and SARS-CoV-2 proteins, and they identified Fosta-
matinib as a potential candidate for drug repurposing.’®

We therefore developed a series of computational approaches
to identify and validate promising drug candidates to potentially
treat COVID. We first characterized transcriptomic perturbations
during COVID to generate disease-associated gene expression
signatures and identify perturbed gene regulatory networks.
Then, we conducted a systems-scale in silico screen to identify
drugs that induce a gene signature that is opposite to that found
in patients with COVID, as that would theoretically reverse the
gene signature caused by COVID (Figure 1). We validated this
approach by further examining clustering patterns among the
identified compounds, accounting for their complete transcrip-
tomic profiles beyond the disease signature. Additionally, we
employed a cheminformatics approach to assess possible addi-
tional interactions between identified compounds and both host
and viral proteins.

After validating the initial compounds, we developed and
incorporated a COVID disease module integrating prior knowl-
edge of protein-protein interactions between SARS-CoV-2 viral
proteins and human host proteins, and used the disease module
to suggest rational combinations of the identified drug candi-
dates to counteract the cellular phenotypic changes associated
with infection by SARS-CoV-2. In combination with the prior
in silico screen, we present this combined approach as
RepurNet, an extensible framework to identify early drug candi-
dates in new or understudied diseases.
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Figure 2. Gene regulatory network signatures and widespread rewiring associated with COVID disease severity
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(A) Volcano plots summarize the DEGs in the COVID ICU vs. nonCOVID ICU, COVID ICU vs. COVID nonlCU, and COVID vs. nonCOVID DEG profiles. The cutoffs
for differential expression are FDR-adjusted p-value <0.05 and [log,(fold-change)| > 1, which are represented by the dotted lines. The number of significantly
upregulated or downregulated genes in each DEG profile is annotated on the respective sides of their x axes.
(B) RRHO heatmaps visualize concordance or discordance between blood-derived DEG profiles and BALF-derived DEG profiles. The statistical significance of
concordantly or discordantly expressed genes is expressed and visualized in terms of -logo(p-value), where values above 1.3 (which correspond to p-values
<0.05) indicate significantly concordant or discordant expression patterns. Heatmaps are interpreted as demonstrated in Cahill et al. (2018), where discordant

(legend continued on next page)
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Lastly, we explored network similarities between COVID dis-
ease and lung cancers (TCGA-LUAD and TCGA-lung squamous
cell carcinoma (LUSC)). Together, our integrative systems
biology and network medicine approach represents a generaliz-
able model to unveil signaling perturbation and specificity in
COVID and other human diseases, providing a set of optimized
repurposed drug candidates, with major and broad clinical impli-
cations for precision medicine in various disease contexts.

RESULTS

Unique gene regulatory network signatures associated
with COVID severity derived from blood samples

We obtained patient samples of whole blood leukocyte mRNA
expression data from the Gene Expression Omnibus (GEO) data-
set GSE157103 that classified samples based on whether pa-
tients were diagnosed with COVID and whether patients were
admitted to an intensive care unit (ICU), which modeled disease
status and severity, respectively.'® Patients who tested positive
with COVID were not disease-free as all samples were obtained
from hospitalized patients, and specific comorbidities of each
patient were unavailable.’® We generated differentially ex-
pressed gene (DEG) profiles comparing samples from ICU pa-
tients with COVID against ICU patients without COVID (COVID
ICU vs. nonCOVID ICU); samples from ICU patients with
COVID against nonlCU patients with COVID (COVID ICU vs.
COVID nonICU); and samples from patients with COVID against
patients without COVID (COVID vs. nonCOVID) (Figure 2A;
Table S1). Perturbed genes with a [log,FC| > 1 and a false discov-
ery rate (FDR) adjusted p-value <0.05 were considered differen-
tially expressed. Notably, our COVID ICU vs. COVID nonlCU pro-
file revealed significant upregulation of ST00A12 (log,FC = 1.45,
FDR adjusted p-value = 3.47 x 10~7) and OSM (log,FC = 1.03,
FDR adjusted p-value = 6.94 x 107°) in COVID ICU patients
compared to COVID nonlCU patients, and both of these genes’
high expression was previously identified to be correlated with
clinical severity.'” After deconvoluting immune cell type propor-
tions from transcript per million (TPM) normalized gene expres-
sion data, which was also provided in the study GSE157103,
we observed significantly decreased proportions of myeloid
dendritic cells (p-value = 8.81 x 107%), NK cells (p-value =
2.01 x 107%), CD8" T cells (p-value = 1.30 x 10~ 7), and non-reg-
ulatory CD4* T cells (p-value = 4.63 x 1073) in whole blood of
COVID ICU patients compared to COVID nonlCU patients
(Figure S1). Moreover, from the genes included in the Kyoto
Encyclopedia of Genes and Genomes (KEGG)'® p53 signaling
pathway, we observed significant downregulation of IGFBP3
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(log,FC = —1.54, FDR adjusted p-value = 5.00 x 107%),
ADGRB1 (logoFC = —1.05, FDR adjusted p-value =
1.78 x 107%), and BCL2 (log,FC = —1.17, FDR adjusted p-value =
1.00 x 107%) from the COVID ICU vs. COVID nonlCU profile. We
also observed significant upregulation of CCNB1 (logo,FC = 1.87,
FDR adjusted p-value = 2.56 x 10~7), RRM2 (log,FC = 2.49, FDR
adjusted p-value = 2.78 x 1077), CCNB2 (log,FC = 2.13,
FDR adjusted p-value = 1.44 x 1075, GTSE? (log.,FC =
1.98, FDR adjusted p-value = 7.63 x 1077), CDK1 (log,FC
2.50, FDR adjusted p-value = 2.56 x 10~7), and CHEK1 (log,FC =
1.87, FDR adjusted p-value = 4.43 x 1078 and significant
downregulation of SIVA71 (logoFC = —1.20, FDR adjusted p-
value = 1.08 x 10~%) from both COVID ICU vs. nonCOVID ICU
and COVID vs. nonCOVID profiles (reported logoFCs and FDR
adjusted p-values are based on the COVID ICU vs. nonCOVID
ICU profile).

Additionally, Xu et al. (2020) identified differences between the
peripheral immune response and the local immune response in
cases of severe COVID, and we sought to examine whether re-
sults from our blood-derived DEG profiles were consistent with
these observations when compared to gene expression in the in-
fected lung.° As such, we analyzed the differences between our
three blood-derived DEG profiles against bronchoalveolar
lavage fluid (BALF)-derived DEG profiles using rank-rank hyper-
geometric overlap (RRHO) analysis, a method developed by
Cahill et al. (2018) designed to compare significant similarities
or differences between two sets of expression data.'®?" First,
we obtained BALF immune cell mRNA expression data from
the GEO dataset GSE145926 COVID and generated DEG pro-
files comparing patients with severe COVID against healthy con-
trols (severe vs. healthy); patients with severe COVID against pa-
tients with mild COVID (severe vs. mild); and patients with COVID
against healthy controls (COVID vs. Healthy).”” The BALF-
derived DEG profiles are summarized in Table S2. Then, we per-
formed RRHO analysis to compare blood-derived and BALF-
derived DEG profiles in the pairwise fashion, as summarized in
Table 1, and our results are summarized in Figure 2B. The pair-
wise comparisons were designed for the BALF DEG profiles to
best parallel their respective whole blood DEG profiles, first in
terms of disease status and then in terms of severity. While
some comparisons are not ideal, such as comparing BALF sam-
ples from healthy patients to whole blood samples of nonCOVID
ICU patients, we could not make more accurate comparisons
due to data availability constraints. As such, we prioritized
whether patients were diagnosed with COVID in constructing
comparisons. Concordance and/or discordance of profile pairs
were identified by whether the max -logo(p-value) was located

genes are enriched in the upper left and lower right quadrants of each plot, and concordant genes are enriched in the upper right and lower left quadrants of each

plot."®

(C and D) Barplots summarize the top significantly enriched gene sets by FDR adjusted p-value. The top 5 most significant gene sets from the Hallmark, BioCarta,
KEGG, PID, Reactome, WikiPathways, and GOBP collections that enrich the COVID ICU profile compared to the nonCOVID ICU profile (C) and those that enrich
the COVID profile compared to the nonCOVID profile (D) are displayed. If fewer than 5 gene sets from any collection are enriched for a given profile, then all of

those gene sets are displayed.

(E) Heatmaps summarizing expression patterns of genes in the Acute vs. Chronic LCMV-Infected Primary CD8" T cell (down) and the Acute vs. Chronic LCMV-
Infected Secondary CD8* T cell (down) gene sets from ImmuneSigDB (study: GSE30962). Heatmaps are constructed using log,(TMM+1) mRNA expression data
from GSE157103. Clustering is performed using Pearson’s correlation distance and Ward’s D2 clustering. Only differentially expressed genes from the COVID
ICU vs. nonCOVID ICU DEG profile are shown. The gene sets have FDR adjusted p-values of 0.00567 and 0.00202, respectively. See also Figure S1 and

Tables S1, S2, S3, S4, and S5.
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Table 1. Levels of concordance and discordance between blood-
derived DEG profiles and BALF-derived DEG profiles and their
corresponding maximum -log10(p-value)

Level of
Blood DEG BALF DEG concordance max -log
Profile Profile or discordance (p-value)
COVID ICU Severe vs. Weak 2.89
vs. nonCOVID  Healthy Discordance
ICU
COVID ICU vs. Severe vs. Mild Weak Discordance 1.91
COVID noniCU
COVID vs. COVID vs. Healthy Weak Concordance 4.03
nonCOVID

in quadrants corresponding to either concordance or discor-
dance according to the stratified interpretation proposed by Ca-
hill et al. (2018)."° Lists of genes that RRHO analysis identified as
having maximal statistical overlaps either concordantly or
discordantly between each profile pair are provided in
Table S3. We also sought to validate the COVID ICU vs.
COVID nonlICU DEG profile against proteomic expression data,
and we examined whether the protein products of DEGs in the
COVID ICU vs. COVID nonICU profile were also differentially
dysregulated in sera of patients with severe COVID compared
to patients with mild COVID described by Shen et al. (2020).°
We observed that significantly higher expression of genes
ORM?1 (logoFC = 2.20, FDR adjusted p-value = 4.79 x 1079,
ORM2 (log,FC = 2.04, FDR adjusted p-value = 1.87 x 1079),
LRG1 (log,FC = 1.27, FDR adjusted p-value = 8.21 x 1078),
and HP (log,FC = 1.41, FDR adjusted p-value = 2.07 x 107%)
but lower expression of IGFBP3 (log.FC = —1.54, FDR adjusted
p-value = 5.00 x 1078) corresponded to parallel profiles of their
protein products. Taken together, our results revealed unique
gene regulatory network signatures associated with COVID
severity derived from blood samples in the patients.

Widespread rewiring of signaling pathways in distinct
COVID patient samples

We also sought to identify perturbed signaling pathways during
COVID. We conducted gene set enrichment analysis (GSEA)
on our three blood-derived DEG profiles using an FDR-adjusted
p-value <0.05 as a cutoff for statistical significance (Figures 2C
and 2D). We tested for enriched gene sets in the Hallmark,>*
BioCarta,”® KEGG, '® Pathway Interaction Database (PID),*° Re-
actome,”” WikiPathways,”® Gene Ontology Biological Pathways
(GOBP),2**° Gene Ontology Molecular Function (GOMF),?*°
oncogenic signature,”® and ImmuneSigDB®' collections avail-
able on MSigDB (v7.4).>°> The number of gene sets comprising
these collections is summarized in Table S4. Testing for enriched
gene sets within each gene set collection was done separately in
the GSEA software developed by UC San Diego and the Broad
Institute.?>*? 300 gene sets were positively enriched in COVID
ICU patients compared to nonCOVID ICU patients, and 124
gene sets were positively enriched in COVID patients compared
to nonCOVID patients. All our GSEA results are summarized in
Table S5. Many of the significantly enriched GOBP terms in pa-
tients with COVID were related to cell cycle processes. Addition-
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ally, the PLK1 pathway (PID) and cell cycle (WikiPathways) path-
ways were enriched in COVID ICU patients with FDR-adjusted
p-values of 8.91 x 102 and 7.77 x 10~*, respectively.?®**

Interestingly, the acute vs. chronic LCMV-infected primary
CD8"* T cell (down) and acute vs. chronic LCMV-infected sec-
ondary CD8" T cell (down) gene sets from the ImmuneSigDB
collection (study GSE30962) were enriched in the COVID ICU pa-
tients with FDR-adjusted p-values of 0.00567 and 0.00202,
respectively.>* These gene sets describe genes in primary and
secondary murine CD8" T cells during lymphocytic choriomenin-
gitis virus (LCMV) infection that are downregulated in an acute
infection model compared to a chronic infection model.>*
Thus, some of these downregulated genes were upregulated in
ICU patients with COVID compared to ICU patients without
COVID. We constructed heatmaps of the logo(TMM+1) trans-
formed mRNA expression data from GSE157103 to examine
expression patterns of DEGs from the COVID ICU vs. nonCOVID
ICU profile that were in these two gene sets (Figure 2E). Using
Pearson’s correlation distance and Ward’s D2 hierarchical clus-
tering, we identify distinct, separate clusters of COVID ICU and
nonCOVID ICU patients, which suggest that these genes are
characteristically dysregulated in ICU patients with COVID
compared to ICU patients without COVID. No significantly en-
riched gene sets were shared between the blood-derived pro-
files and the BALF-derived profiles, indicating a highly differenti-
ated response to SARS-CoV-2 infection in blood and in lung
tissue from a pathway perspective.

Discovery of repurposed compounds to combat COVID
infection

After identifying DEG profiles, we began the first part of the
RepurNet analysis to identify candidate compounds. We used
the Connectivity Map’s 2021 LINCS_COVID_PUBLIC data
release to screen for compounds associated with effective
reversal of the observed gene signature.®® The dataset contains
log,FC values of gene expression changes after high-throughput
treatment with drug repurposing candidate compounds. This
release featured a wider range of compounds compared to pre-
vious LINCS data releases, with compounds from both the
Broad Institute and Scripps Research represented in the data-
set. Additionally, these assays were focused on cell lines from
tissues strongly affected by COVID infection, such as lung
(A375), hematologic (THP1, BICR6), and intestinal (OUMS23)
cell lines. To focus our search for compounds that could reverse
the severe COVID disease state, the top 60 upregulated and
downregulated genes by magnitude of log>,FC were selected
from the COVID ICU vs. nonCOVID ICU DEG profile. The total
pool of treatments was filtered down to 24-h treatments in the
A375 lung cells to standardize comparisons between com-
pounds and associated changes in gene expression. The filtered
treatments were downloaded and ranked for signature reversal
using a Pearson’s correlation metric (—1 < R < 1) comparing
the logoFC values from our DEG profiles against the log,FC
values for each treatment, with the assumption that a more nega-
tive Pearson’s R value corresponds to a stronger reversal of the
disease signature (see STAR Methods; Table S6). From an initial
pool, 448 compounds were identified as strong candidates for
reversal based on 2 selection criteria: First, if a compound had
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at least one replicate with a Pearson’s R value of strong signifi-
cance (p < 0.0001), it was included as a prioritized candidate.
Otherwise, if a compound was in at least 2 replicates with an R
value of moderate significance (p < 0.05), it was also included
as a prioritized candidate. Among the identified 448 compounds,
8 drug classes were strongly represented (more than 7 candi-
dates in the final compound list): mTOR/PI3K inhibitors, topo-
isomerase inhibitors, HDAC inhibitors, CDK inhibitors, glucocor-
ticoid receptor agonists, HSP inhibitors, MEK inhibitors, and
MDM inhibitors. Compounds in these eight classes were clus-
tered to assess patterns in their transcriptomic activities
(Figure 3A). 4 compound clusters were identified based on
similar induced changes in gene expression patterns
(Figures S2A-S2D). Similarly, 2 gene clusters were identified,
highlighting groups of genes that respond similarly to chemical
perturbation.

GO enrichment analysis of the gene clusters provided insight
into the functions associated with each cluster (Figures 3B and
3C). Gene cluster 1, featuring genes that were upregulated in
the COVID ICU signature, was most enriched in cell cycle activ-
ity. As such, many of the selected compounds showed primary
activity in cell-cycle arrest. Gene cluster 2, mostly featuring
genes that were downregulated in the COVID ICU signature,
showed a less defined enrichment profile. Interestingly, many
of the top activities were associated with transmembrane protein
activity. Compounds that upregulated these genes could there-
fore help restore some of the extracellular communication that is
suppressed during SARS-CoV-2 infection.

The compound clusters provided further insight into the activ-
ities of some of these compounds (Figure 3D). Compound clus-
ter 1, visualized in red, showed compounds that had mild sup-
pressive activity with regard to our transcriptomic signature.
Among other compounds, this cluster included most of the corti-
costeroid receptor agonists. This class included dexametha-
sone, one of the few NIH-recommended treatments for patients
hospitalized with COVID.***" This suggests that corticosteroids,
which were selected largely on their systemic anti-inflammatory
properties, could be supported or replaced by compounds that
could target the COVID signature with more focused antiviral ac-
tivity. We found such candidates in clusters 2 and 3, visualized in
tan and yellow, respectively. Compound cluster 2 was notable
for activating expression in gene cluster 2, indicating they might
help restore extracellular activities that are dysregulated during
infection. The cluster mostly featured CDK inhibitors with a few
topoisomerase inhibitors. Compound cluster 3, on the other
hand, showed the strongest suppressive activity of the 4 com-
pound clusters with regard to gene cluster 1. The cluster was en-
riched in topoisomerase inhibitors and MDM inhibitors, suggest-
ing a strong role for compounds that arrest the cell cycle.
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Distinct global transcriptomic profiles associated with
identified drug candidates

To visualize global transcriptomic profiles, we calculated the top
40 uniform manifold approximation and projection (UMAP) em-
beddings used to represent the original LINCS COVID-specific
dataset in a reduced dimension space (Figure 4A). After perform-
ing a K-means nearest neighbor clustering analysis using FAISS
to cluster all the compounds in the LINCS_COVID_PUBLIC data-
set, we tested for the enrichment of our 448 candidate com-
pounds in any of the clusters using the hypergeometric test
with the FDR controlled at 1%. We observed that our candidate
drugs were enriched (p < 0.0001) in cluster 0 (CO) and cluster 1
(C1) (Figure 4B).

The clustering is highly interpretable and has functionality to
generate the top “n” nearest neighbor matrices for every data
point. We leveraged this functionality to examine the twenty
nearest neighbors for every candidate drug treatment. A
treatment-associated nearest neighbor score was computed us-
ing the number of candidate drug treatment neighbors. This
score was significantly correlated with the coefficient values
indicative of reversal of the observed signature of DEGs between
COVID ICU patients vs. COVID nonICU patients. (Spearman cor-
relation coefficient = —0.57, p < 0.0001) (Figure 4C).

We further found that the concordance was robust to the num-
ber of nearest neighbors. Performing the analysis with 5, 10, and
50 nearest neighbors resulted in Spearman correlation coeffi-
cient values between the two metrics of —0.46, —0.5, and
—0.56, respectively. All three of these values correspond to
p-values <0.0001 (Figures S3A-S3C).

Interestingly, most compounds were rated consistently on
both scoring metrics (the Pearson’s correlation reversal score
and the treatment-associated nearest neighbor score).
Several of the high-scoring compounds had produced
intriguing results in preclinical investigations. For example,
panobinostat (Pearson’s R = —0.54, treatment-associated
nearest neighbor score = 7), an HDAC inhibitor currently
released for use in multiple myeloma, was found to reduce
SARS-CoV-2 replication in infected Vero cell lines as well as
reduce ACE2 transcription rates in KATOIIl and NUGC-4 cell
lines.*®%° Additionally, mitoxantrone (Pearson’s R = —0.53,
treatment-associated nearest neighbor score = 7), a topo-
isomerase inhibitor, was found to interfere with SARS-CoV-2
viral entry as well as replication. Mitoxantrone interferes with
the interaction between the SARS-CoV-2 spike protein and
heparin sulfate to limit entry, and it also intercalates in viral
RNA to interfere with nucleocapsid assembly.*®*" Together,
these compounds, and potentially several others identified
by our approach, may have efficacy in inhibiting the activity
of SARS-CoV-2 on a molecular level.

Figure 3. Network-guided identification of repurposed compounds for COVID

(A) The top 138 treatments based on Pearson’s score reversal values. Rows represent the 60 most upregulated and 60 most downregulated genes in the COVID
ICU vs. nonCOVID ICU DEG profile, while columns represent compounds from the 8 most highly represented drug classes in our 448-compound master list.
Rows and columns are clustered using Ward’s D2 algorithm, producing 2 gene clusters and 4 compound clusters. Heatmap contains LFC2 values associated

with 24 h treatment by the corresponding compound.
(B) GO term enrichment results for gene cluster 1.
(C) GO term enrichment results for gene cluster 2.

(D) Pie charts illustrate compound representation in each of the 4 clusters. See also Figure S2 and Table S6.
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Cheminformatic insights for the binding of repurposed
compounds to key viral and host factors
To complement our findings that these screened compounds
could potentially reverse transcriptomic perturbations during
COVID, we conducted cheminformatic docking analysis using
the molecular operating environment (MOE) suite on the top 40
candidate compounds by magnitude of their Pearson’s correla-
tion reversal scores to examine the potential docking of these
top candidate compounds to the binding interface between the
SARS-CoV-2 spike protein and hACE2. We hypothesize that
such compounds could have dual activity in perturbing SARS-
CoV-2 replication and, as such, could be prioritized for further
validation as drug candidates. As seen in Figure 5A, the top 40
compounds clustered with MOE docking scores ranging from
—9 kcal/mol to —5.5 kcal/mol. Given that there is a range of dock-
ing strengths associated with these compounds, these data
allow for the prioritization of compounds when considering repur-
posing in the SARS-CoV-2 biological system, such that both a
compound’s potential to reverse transcriptomic perturbations
and physically interrupt the spike/hACE2 binding interface may
be taken into account. Further validation of our cheminformatic
approach was to compare the list of compounds identified from
the bioinformatic modeling and their docked scores to that of a
decoy set of compounds. This decoy set was obtained from the
directory of useful decoys (DUD), which is used to optimize dock-
ing and structure-based drug design workflows.*> Comparing
the ranking of the identified compounds to that of the DUD decoy
set, we found that our identified compounds were ranked and
identified as active as compared to the DUD decoy molecules.*®
We next investigated whether any of the 448 candidates might
directly interfere with infection by SARS-CoV-2 by perturbing
host-viral protein interactions. To assess this possibility, we per-
formed a cheminformatic analysis focused on the molecules’
interaction capabilities with viable sites on host and viral pro-
teins. Interestingly, 5 of the compounds showed direct ability
to embed at the interaction site between hACE2 and the
SARS-CoV-2 spike protein with low values for their respective
free energies of binding (AGpinging). TO exemplify this, we
modeled the docking of Tyrphostin AG (AGpinging = —13.34 +
3.64 kcal/mol), Rapamycin (AGpinging = —33.04 + 5.69 kcal/
mol), doxorubicin (AGginging = —17.53 + 4.22 kcal/mol), and Co-
pansilib (AGpinging = —15.55 + 3.05 kcal/mol) to the spike/hACE2
binding interface (Figures 5B-5E). The low values of AGpinging for
respective compounds to bind to the cavity between the SARS-
CoV-2 spike protein and hACE2 suggest that these poses are
favorable. Stabilizing hydrogen bonding sites were observed in
each model. In certain docking models, =n-n interactions,
n-cation interactions, salt bridges, and hydrophobic interactions
were also observed to stabilize docking. Such compounds could
therefore be prioritized higher for preclinical investigation due to
potential dual activities.
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Additionally, docking analyses focused on endogenous hu-
man proteins also provided some mechanistic insights into the
identified compounds. First, doxorubicin was found to interact
with SLC39A4 (Figure S4A), a zinc carrier protein. Zinc has
been found to be protective in patients with COVID, so preclinical
investigations may want to focus on whether the zinc restriction
by this compound is driving the observed effects.** Additionally,
copansilib, a PI3K inhibitor, was also found to interact with MELK
(Figure S4B), a key kinase in the cell cycle, suggesting redundant
stress in the cell cycle pathway. This may enable further func-
tional analysis of cytotoxicity in future preclinical studies. Overall,
the docking analysis provides important complementary insights
into our compounds’ utility, highlighting potential added anti-
SARS-CoV-2 benefits in some compounds as well as underscor-
ing some possible toxicity risk and need for careful dosage in
others.

Network-driven identification of candidate drug
combinations
After validating the initial compound screen, we conducted the
second part of the RepurNet analysis by building a COVID dis-
ease module to assess for possible drug combinations. Using
a network degree-aware, diffusion-based strategy, we first built
a COVID disease module connecting all 27 viral proteins using
proteins in the human interactome.*® The diffusion strategy
used the 27 viral proteins as the inputs and used their projected
interaction targets to assess their entry points into the human in-
teractome. Subsequent simulated diffusion yielded a ranked list
of genes based on log likelihood of deregulation at that node,
and proteins were added to the list in rank order until all 27 viral
proteins were connected in a large component of the disease
module. This module represented a network-strategized subset
of the interactome by which SARS-CoV-2 infection could perturb
normal biological processes. The subnetwork was comprised of
a large connected component featuring the 27 viral proteins, 349
human proteins, and 576 total edges (Figure 6A; Table S7).
Enrichment analysis of the human proteins indicated the module
was enriched in genes associated with protein processing in the
ER and with endocytosis (Figure S5). These results are sup-
ported by prior findings indicating a role for ER stress in SARS-
CoV-2 infection and coronavirus infections in general.*5*®
While our identified compounds showed some impact on the
relevant transcriptional profile, possible downstream mecha-
nisms by which these compounds impact the transcriptome
could further be elucidated by diffusing their impacts through
the interactome, generating a target module containing the
affected proteins. Therefore, we repeated the diffusion algo-
rithm described above with the strict human interactome,
removing the viral proteins from the network and setting the
drug targets as the seed genes. Of the 448 compounds, 364
had drug target information, and of these, 117 were currently

(B) Enrichment analysis is performed to determine cluster membership of the candidate drugs. The hypergeometric test is performed to test for the enrichment of
candidate drug treatments in individual clusters. The p-values are converted to the negative of the natural log, and the FDR is controlled at 1% (The dashed

horizontal line).

(C) Treatment-associated nearest neighbor score has a negative correlation with the coefficient correlation calculated to quantify the perturbation caused by the
candidate drug treatment (CDT) on the differentially expressed genes between COVID (ICU) v/s COVID (non-ICU) patients. The top 20 nearest neighbors are
considered for calculating the score. Spearman’s correlation coefficient is calculated for the two metrics. See also Figure S3.
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(A) Docking results for our top 40 identified compounds by Pearson’s coefficient reversal score. As illustrated, our most highly prioritized compounds show
variable tendency to interfere with the interaction site between the SARS-CoV-2 Spike protein and the host ACE2 receptor.
(B) Visualization of tyrphostin AG’s ability to interfere with the SARS-CoV-2 spike protein and hACE2 interaction. The docking is stabilized with a calculated free

energy of binding of —13.34 + 3.64 kcal mol~".
(C) Visualization of rapamycin’s ability to interfere with the SARS-CoV-2 spike
energy of binding of —33.04 + 5.69 kcal mol~".

protein and hACE2 interaction. The docking is stabilized with a calculated free

(D) Visualization of doxorubicin’s ability to interfere with the SARS-CoV-2 spike protein and hACE2 interaction. The docking is stabilized with a calculated free

energy of binding of —15.55 + 3.05 kcal mol ™.
(E) Visualization of copansilib’s ability to interfere with the SARS-CoV-2 spike
energy of binding of —17.53 + 4.22 kcal mol ™. (B-E) Stabilizing interactions for

FDA-approved. We prioritized these 117 compounds to assess
the safety of current co-treatments. Instead of attempting to
build a target module for each of these compounds, we subset
the diffusion results to the log likelihood values of the 349 hu-
man proteins in the disease module. In the search for candidate
drug pairs, we sought to prioritize pairs that show good sepa-
ration within the disease module. This property had been asso-
ciated with a lower adverse effect profile, supporting safety for
the proposed combinations.*® To assess separation between a
pair of compounds, we calculated an L1 norm value between

10 iScience 29, 115896, June 19, 2026

protein and hACE2 interaction. The docking is stabilized with a calculated free
each docking model are indicated to the right of each model. See also Figure S4.

their log likelihood score vectors, with higher L1 norm values
representing greater separation.

Clustering of L1 normalization values revealed two distinct
groups of compounds in the examined set of candidates
(Figure 6B; Table S8). The smaller cluster, occupying the left
side of the heatmap, consisted of compounds that showed mod-
erate to strong separation from the bulk of the evaluated com-
pounds. By contrast, the larger cluster of compounds showed
good separation from compounds in the smaller cluster but
poor separation within the larger cluster. Interestingly, the larger
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cluster contained many of the compounds identified in the top 8
drug classes in the drug reversal analysis, such as dexametha-
sone, mitoxantrone, and pirarubicin. By contrast, the smaller
cluster contained compounds with strong R1 values that
possessed other potential roles in treating COVID. We examined
several intriguing compound combinations based on the L1
norm value in greater detail. In particular, we examined combina-
tions of the 31 compounds in the small cluster with two sub-
groups of the larger cluster. One subgroup featured steroid med-
ications such as dexamethasone and desonide (Figure 6C). The
other subgroup featured topoisomerase inhibitors such as eto-
poside, mitoxantrone, and doxorubicin (Figure 6D). For the ste-
roid group, the combinations of dexamethasone-sevoflurane
and dexamethasone-homoharringtonine were selected for visu-
alization in the disease module. In the pictured networks, node
size and color intensity represent the differences in log likelihood
of perturbation by each treatment. Blue nodes were more likely
to be perturbed by the effects of dexamethasone, whereas red
nodes were more likely to be affected by sevoflurane or homo-
harringtonine. In both combinations, dexamethasone was
shown to target a similar core portion of the disease module.
By contrast, homoharringtonine and sevoflurane targeted
distinct parts of the module that were both outside of the area
affected by dexamethasone. Similarly, two combinations
involving mitoxantrone were visualized (mitoxantrone-ticagrelor
and mitoxantrone-ouabain) in the disease module. The combina-
tion of mitoxantrone and ticagrelor had the highest L1 norm of
the four combinations visualized, and this was reflected in the
numerous red and blue nodes seen in the disease module that
indicated strong separation of how the network was targeted.
By contrast, the combination of mitoxantrone and ouabain
showed less separability, indicated by the disappearance of
several prominent blue nodes throughout the module. Alto-
gether, the visualizations support that a higher L1 norm reflects
stronger separation between drug pairs.

The compounds highlighted in the smaller cluster are
intriguing for specific use cases in patients with COVID, and early
clinical findings support their therapeutic utility.°>~>* Ticagrelor
and ouabain, which registered effective separation with mitoxan-
trone and other topoisomerase inhibitors, had been associated
with improved mortality rates and in vitro antiviral activity,
respectively.’’>" Homoharringtonine, which showed the poten-
tial for combination with dexamethasone, had been documented
to interfere with SARS-CoV-2 replication and TMPRSS2 expres-
sion in vitro; the combination could therefore confer specific anti-
viral activity coupled with dexamethasone’s general anti-inflam-
matory activity.**°® Finally, sevoflurane has been explored as an
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anesthetic for ventilated patients with ARDS symptoms, so its
compatibility with dexamethasone might support a combination
in ventilated patients.®

Shared molecular similarities and clinical implications
between COVID and cancer

Previously, we noted that many positively enriched pathways in
patients with COVID were related to cell cycle processes, sug-
gesting significant upregulation in cell cycle activity in patients
with COVID compared to other patients. Moreover, clinical evi-
dence has suggested that patients with cancer infected with
COVID display more severe symptoms and have a higher mortal-
ity rate compared to patients with COVID without a cancer diag-
nosis.>>**® As such, we were curious as to whether patients with
cancer could be predisposed to severe COVID due to already
having a gene expression background characterized by upregu-
lated cell cycle activity. Firstly, we investigated the genetic sim-
ilarities between COVID and cancer by comparing our COVID vs.
nonCOVID DEG profile and enriched gene sets in patients with
COVID to those of lung adenocarcinoma (LUAD) and LUSC.
We performed differential gene expression analysis on HTSeq
gene expression count matrices provided by TCGA for each can-
cer type to obtain their corresponding DEG profiles (Table S9).
We observed significant concordance (particularly in concor-
dantly upregulated genes) between the COVID vs. nonCOVID
DEG profile and the LUAD (max -logso(p-value) = 60.2) and
LUSC DEG profiles (max -logo(p-value) = 60.2) after conducting
RRHO analysis (Figure 7A). Given that patients with cancer have
a higher susceptibility to COVID and experience more severe
disease, these strong concordances in gene expression suggest
possible molecular mechanisms for cancer patients’ increased
risk to COVID.>"°® We further explored whether DEGs in the
COVID vs. nonCOVID profile were also found to be highly rele-
vant in LUAD or LUSC by cross-referencing those DEGs with
genes found in the Broad Institute’s MutSigCV, which docu-
ments genes mutated more often than by chance in various can-
cer types.®® We noted that MET, which was highly mutated in
LUAD, was also differentially overexpressed in COVID.

We also tested for enrichment of the previously mentioned
gene set collections in TCGA-LUAD and TCGA-LUSC and sub-
sequently examined which of their significantly enriched gene
sets (FDR-adjusted p-value <0.05) were also enriched in
COVID (Table S10). We observed that 15 pathways from the Hall-
mark, KEGG, PID, and WikiPathways collections were positively
enriched in both COVID and either TCGA-LUAD or TCGA-LUSC
(Figure 7B). Notably, each of these functional pathways corre-
sponded to cell cycle or DNA repair pathways, suggesting that

Figure 6. Network medicine and disease module approach for identification of candidate drug combinations
(A) The connected COVID disease module. Red nodes represent SARS-CoV-2 viral proteins while blue nodes represent host proteins. Nodes are sized by degree

in the subnetwork.

(B) The L1 normalization heatmap. Red squares indicate compounds with increased separation in the network while blue squares indicate compounds with more

similar activities.

(C) Subset of heatmap focusing on favorable partners for corticosteroid treatments. Network profiles for dexamethasone combinations with homoharringtonine

and sevoflurane are visualized.

(D) Another subset of the heatmap focuses on favorable partners for topoisomerase treatments. Network profiles for mitoxantrone combinations with ticagrelor
and ouabain are visualized. Of the highlighted networks, the ticagrelor-mitoxantrone combination was calculated to have the highest separation by L1
normalization. This is reflected in the increased quantity of large red or blue nodes in this network compared to the ouabain-mitoxantrone and dexamethasone
combinations networks and suggests that a combination of ticagrelor and mitoxantrone may be better tolerated. See also Figure S5 and Tables S7 and S8.
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SARS-CoV-2 induced similar changes to the cell cycle that were
observed in tumor cells of LUAD or LUSC. To further investigate
this idea, we used a network-based approach to examine DEGs
from the COVID vs. nonCOVID DEG profile that were found in 54
GOBP terms (all of which also corresponded to cell cycle or DNA
repair functions) enriched in COVID and either TCGA-LUAD or
TCGA-LUSC. We subset the BioPlex 3.0 Interaction Network
(293T cells) of the human interactome for DEGs in the COVID
vs. nonCOVID profile that were also included in any of those
54 GOBP terms, and we identified two highly connected subnet-
works (Figure 7C).°° These two subnetworks could therefore
highlight relevant genes that reveal how SARS-CoV-2 hijacks
hosts’ cellular machinery to replicate.’

To explore similarities with other cancers, we also expanded
our analysis to include all 33 TCGA cancers, 21 of which had 3
or more normal tissue samples for differential gene expression
analysis (DEG profiles in Table S9). After conducting RRHO anal-
ysis to compare concordance, the 21 TCGA cancers’ DEG pro-
files to our COVID vs. nonCOVID DEG profile, we found that 19
TCGA cancers’ DEG profiles showed strong concordance with
our COVID vs. nonCOVID DEG profile (71.11 > max -log10(p-
value) > 8.43 in concordant upregulated quadrants) (Figure S6).
After using GSEA to examine whether these 19 TCGA cancers
had any shared enriched pathways with COVID, we found that
123 unique gene sets were shared between any of the 19 TCGA
cancers and COVID (Table S10). These data suggest that cancer
treatments are a potential pool of drug targets for repurposing, as
they may target similar genes and pathways commonto COVID in
the periphery and to cancer, and such drugs may be of interest for
further investigation into whether they are beneficial for treating
patients with cancer diagnosed with COVID.

We then obtained a pan-cancer network of putative oncogenic
protein-protein interactions (onco-PPIs) from Cheng et al. (2020)
to examine onco-PPIs that might be associated with gene dysre-
gulation in COVID.®? This putative onco-PPI network described
interaction interfaces that were significantly enriched for muta-
tions in cancer, so we selected this network for analysis to inves-
tigate overlaps specifically between mutated genes in cancer
and dysregulated genes in COVID. After selecting for all DEGs
in the COVID vs. nonCOVID DEG profile, we identified five sub-
networks whose genes might be important for lung health and
could be potential targets for drug development aimed at treat-
ing lung-related diseases (Figure S7).

DISCUSSION

By analyzing whole blood leukocyte mRNA expression data from
either ICU or nonlCU patients, either with or without a COVID
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diagnosis, we developed three gene regulatory signatures that
characterize DEGs in patients with COVID, each from a different
perspective. These DEG profiles enabled further analysis in
examining significant changes in immune cell proportions and
dysregulated gene sets relevant to COVID. We selected the
COVID ICU vs. nonCOVID ICU DEG profile for further analysis,
from which we identified potential drug clusters that could prob-
ably help treat severe COVID. These drug clusters may also
serve as a potential guideline for screening drugs that could
help with developing COVID therapies.

We recognize that the nonCOVID ICU patient group was not an
ideal reference point for our analysis, as these patients are not
healthy. As such, it is possible that our comparison could result
in the search for drugs that convert the COVID disease state to
another disease state. However, when we clustered samples in
the COVID ICU vs. nonCOVID ICU profile based on the expres-
sion of the respective DEGs, the COVID ICU samples clustered
separately from the nonCOVID ICU samples, suggesting that
the perturbed gene expression was indeed a consequence of
COVID (Figures S8A and S8B). Importantly, the nonCOVID ICU
samples actually clustered closer together than did the COVID
ICU samples. If these DEGs were associated with other disease
states, the nonCOVID ICU samples comprising heterogeneous
disease backgrounds would not cluster closely together, espe-
cially relative to the clustering of the COVID ICU samples. We
observed a similar consistency in clustering of samples based
on the gene expression of respective DEGs in the COVID vs.
nonCOVID profile (Figure S7B). As such, we are confident that
the DEGs derived from the COVID ICU vs. nonCOVID ICU profile
are perturbed as a result of a severe COVID diagnosis, and the
nonCOVID ICU patient group may therefore serve as a reference
point to search for drugs that can reverse the COVID disease
state.

Moreover, our gene regulatory network analysis results were
consistent with those found in the literature. For example, we
observed that myeloid dendritic cell and NK cell proportions
were significantly decreased in the whole blood of COVID ICU
patients compared to COVID nonlCU patients, which is consis-
tent with findings that conventional dendritic cells and NK cells
are significantly decreased in severe COVID cases compared
to healthy controls.®*® Additionally, our observation that
CD8* T cells are drastically depleted in ICU patients with
COVID is consistent with previous observations of lymphopenia
in severe COVID cases.®*%>® We also identified multiple dysre-
gulated p53 pathway genes in our COVID vs. nonCOVID and
COVID ICU vs. nonCOVID ICU profiles, which supports the hy-
pothesis that SARS-CoV-2 infection causes depletion of CD8*
T cells through apoptosis.®” Similar to our observations, other

Figure 7. Molecular characteristics and comparative analyses of COVID and cancer

(A) RRHO heatmaps summarize the concordance of TCGA-LUAD and TCGA-LUSC’s DEG profiles to the COVID vs. nonCOVID DEG profile. Concordance
between the TCGA-LUAD and COVID vs. nonCOVID DEG profiles has a max -log+q(p-value) = 60.2, and concordance between the TCGA-LUSC and COVID vs.
nonCOVID DEG profiles has a max -log4(p-value) = 71.1. Heatmaps are interpreted as demonstrated in Figure 2B.

(B) Dotplot summarizes the 15 enriched gene sets/pathways that are overlapped between the COVID vs. nonCOVID profile and either the TCGA-LUAD or TCGA-

LUSC profile.

(C) A subsetted network from the BioPlex 3.0 Interactions network that only includes genes that are differentially expressed in the COVID vs. nonCOVID DEG
profile and that are included in any of the 54 shared enriched GOBP terms. Genes are annotated by whether they are significantly upregulated or downregulated in
the COVID vs. nonCOVID DEG profile and by the number of GOBP terms they are part of. See also Figures S6-S8 and Tables S9 and S10.
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transcriptomic analyses of peripheral blood samples have iden-
tified positive enrichment of cell cycle pathways and negative
enrichment of cytokine-related pathways.®” In regards to cyto-
kine-related pathways, none of our profiles include significant
upregulation of genes associated with the cytokine storm char-
acterized in COVID (/L-6, IL-2, IL-7, IL-10, TNF-a, CSF2,
CXCL10, CCL2, or CCL3), and this observation is consistent
with the hypothesis that elevated plasma cytokines in COVID
originate from leukocytes in lung tissue rather than peripheral
leukocytes in blood, so the lack of differential expression of these
genes is not surprising.'”54%® Observed discordances between
the blood-derived COVID ICU vs. nonCOVID ICU profile and the
BALF-derived Severe vs. Healthy profile are also consistent with
the observation that the immune response to COVID differs be-
tween peripheral blood and BALF.?°

Interestingly, the positive enrichment of the Acute vs. Chronic
LCMV-infected Primary and Secondary CD8" T cell (down)
immunologic gene sets from GSE30962 suggests that the
gene profiles of both peripheral CD8* naive and memory
T cells during COVID resemble that of a chronic infection rather
than that of an acute infection.>* Investigating a chronic infection
model could help study CD8" T cell lymphopenia in COVID pa-
thology, as CD8" T cell exhaustion occurring during chronic an-
tigen stimulation can lead to decreased numbers of CD8"
T cells.®>*%° Taken together with our observations of significantly
decreased CD8" T cell proportions in COVID ICU patients
compared to nonCOVID ICU patients, the DEGs enriching these
gene sets could help understand T cell lymphopenia in COVID,
and manipulating the regulation of these genes (Figure 2E) could
help improve COVID patient outcome, as lymphopenia is corre-
lated with severe COVID cases.®*°°

Using the RepurNet framework, we prioritized several
intriguing drug candidates based on reversal of the gene expres-
sion signatures identified in SARS-CoV-2-infected samples.
Three classes of drug classes — HDAC inhibitors, CDK inhibitors,
and topoisomerase inhibitors - are enriched among the top-
scoring drug candidates. These three drug classes target mech-
anisms associated with cell cycle progression, further high-
lighting a central role for cell cycle machinery in producing the
COVID phenotype. Importantly, this phenotype is derived from
patient samples rather than in vitro infection with SARS-CoV-2,
and such patient samples produce cellular signals in response
to both viral infection and the systemic physiological response
to viral infection.”® As such, our identified compounds aim to sta-
bilize cell response to both viral infection and signs of physiolog-
ical stress in COVID, such as hypoxia and inflammatory cyto-
kines.”® Several additional candidates are also found to show
effective binding affinity to the interaction interface between
SARS-CoV-2 viral proteins and host proteins, indicating an alter-
native strategy to combat the COVID phenotype. It is worth
noting that the docking potential for drug candidates will differ
between variant strains of SARS-CoV-2, especially if relevant
surface residues of the spike protein are mutated in variant
strains. As our drug candidates’ gene reversal profiles were iden-
tified from clinical data derived from patients infected with ca-
nonical SARS-CoV-2, we used the canonical SARS-CoV-2 spike
protein bound to hACE2 for our docking analyses to explore the
potential for drug candidates to perturb spike protein binding to
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hACE2. However, structures of mutant spike protein subunits,
such as those from the Alpha and Beta variants of SARS-
CoV-2, binding to hACE2 have been uploaded to the Protein
DataBank, so future investigation of specific potential drug can-
didate(s) may be evaluated with different SARS-CoV-2 variants
using this strategy.”"

Integration of the SARS-CoV-2 disease interactome and the
human interactome has further enabled us to propose a con-
nected disease module connecting SARS-CoV-2 viral proteins
to the drug candidates identified based on observed gene
expression changes. This module was then used to conduct
the second analysis of the RepurNet framework and create a
preliminary prioritization of drug combinations based on previ-
ous work in network biology. A key limitation of this approach
is that the use of pure protein-protein interaction network mod-
ules in assessing a drug’s impact on an interactome misses
possible contributions from off-target interactions between the
drug and protein. However, numerous studies in network biology
have supported that network expansion from a set of seed genes
using a PPI network can help prioritize validated compounds and
targets. As such, the proposed drug combinations still represent
an appropriate prioritized set of drug combinations for further
study. Given the extensibility of the RepurNet framework, we
have made the scripts available online with representative input
and output files, and the scripts can be flexibly repurposed for
other disease states and networks.

Because our blood-derived DEG profiles and previous tran-
scriptomic analyses of SARS-CoV-2 infection have revealed
the upregulation of cell cycle pathways in blood leukocytes, we
hypothesize that COVID could have similar alterations in gene
expression as cancer, which is highly characterized by unre-
stricted cell division.?®®*"2 Qur focused study into the similar-
ities of altered gene expression between COVID and LUSC or
LUAD also reveals many dysregulated genes in COVID that
may provide insight into the observed increased susceptibility
of patients with cancer to SARS-CoV-2 infection.”*"* For
example, MET is both highly mutated in LUAD and differentially
overexpressed in COVID, and MET mutations cause aberrantly
increased signaling that can increase cell proliferation, protect
against apoptosis, and drive metastasis in cancer cells.”>"’
Our findings that COVID and various types of cancer share
similar DEG profiles and upregulated pathways indicate the po-
tential of using cancer disease models to understand COVID
pathogenesis. Previous studies have already identified similar
signaling pathways between sites of local SARS-CoV-2 infection
and tumor microenvironments of cancer.”® Previous experi-
mental exploration of HDAC, CDK, and topoisomerase inhibi-
tors, which are normally used to treat cancer, as rational thera-
peutic agents for COVID, especially highlights the potential of
similar disease mechanisms between COVID in the periphery
and cancer.”®%°

Limitations of the study

Though our strategy confidently predicts rational drug combina-
tions of interest in drug repurposing, there are a few limitations to
these predictions. Firstly, we did not experimentally validate
these predictions. Ultimately, applications of our strategy in
drug discovery would require experimental validation of
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predicted drugs of interest. Secondly, our strategy intrinsically
restricts the search space of drugs to those with documented
gene expression profiles in one or more cell lines. However,
this is a minor limitation given the sheer scope of this kind of
data available on the Connectivity Map (https://clue.io/data) as
their cumulative datasets include over 80,000 perturbagens
associated with over 1 million gene profiles spanning various
cell lines. Thus, our strategy remains highly generalizable despite
some intrinsic limitations.
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METHOD DETAILS

Regulatory network gene expression signature analysis

An estimated counts mRNA expression matrix was obtained from the GEO dataset GSE157103, which included 126 samples of pri-
mary leukocytes from whole blood, each from a different hospitalized patient.'® Of these 126 samples, 50 were from ICU patients who
had COVID, 50 from non-ICU patients who had COVID, 17 samples from ICU patients who did not have COVID, and 9 samples from
non-ICU patients who did not have COVID. Three comparisons were constructed based on the phenotypes of patient samples:
COVID ICU vs. nonCOVID ICU, COVID ICU vs. COVID nonlCU, and COVID vs. nonCOVID. Expression data was prepared using
the “edgeR” package in R.2"%® Genes that were not expressed at more than 5 counts per million across at least the sample size
of the smallest group within each comparison were excluded from differential gene expression analysis, and expression counts
were normalized with trimmed means of M-values (TMM) normalization.®® Batch effect correction was conducted using the “sva”
package in R.? Differential gene expression analysis using a limma-voom pipeline in R on these three comparisons produced their
respective DEG profiles.®>"°° Genes were only considered differentially expressed if they had a false discovery rate (FDR) adjusted
p-value < 0.05 and a |log,(fold-change)| > 1. Volcano plots were constructed using the “EnhancedVolcano” package in R.%":%?

Immune cell type deconvolution

TPM normalized mRNA expression data from the GEO dataset GSE157103 was deconvoluted for immune cell signals using the
“quantiseq” method in the “immunedeconv” package to test for differences in immune cell type proportions across each of our dif-
ferential gene expression analysis comparisons.?*°* Wilcoxon rank-sum tests and Bonferroni p-value correction for multiple com-
parisons were used to determine significant differences in immune cell type proportions using a Bonferonni corrected p-value < 0.05
as a cutoff for statistical significance. Jitter plots were constructed using the “ggplot2” package in R.*>%*

Gene set enrichment analysis (GSEA)

GSEA software developed by Subramanian et al. was used to test for significantly enriched gene sets from each of our DEG pro-
files.?>*?> TMM normalized expression data from every differential gene expression analysis were used to test for enrichment in
the Hallmark, BioCarta, KEGG, PID, Reactome, WikiPathways, gene ontology, oncogenic signature, and ImmuneSigDB collections
available on MSigDB (v7.4).>*-3"°° The “Signal2Noise” metric was used to rank genes, and the “phenotype” option was used as the
permutation type in calculating statistical significance if there were more than 7 samples in all groups tested. Otherwise, the “gen-
e_set” option was used as the permutation type in calculating statistical significance. Gene sets with an FDR adjusted p-value < 0.05
were considered statistically significant. Barplots were constructed using the “ggplot2” package in R.2* The “gplots” package in R
was used to construct heatmaps.®° For heatmaps, mRNA expression matrices from GSE157103 were log,(TMM+1) transformed. For
clustering, distance was calculated using Pearson’s correlation distance, and hierarchical clustering was performed using the
“ward.D2” method.’®°” Hypergeometric overlap analysis was conducted using the 376 human genes included in the COVID disease
module to test for gene set enrichment in the KEGG database.

Comparison of blood-derived DEG profiles to BALF-Derived DEG profiles

Single-cell MRNA expression data was obtained from the GEO dataset GSE145926, which included samples from BALF of 6 patients
with severe COVID, 3 patients with mild COVID, and 3 healthy controls.?? Before running differential gene expression analysis, single-
cell expression data was collapsed to produce an expression matrix equivalent to that from a bulk RNA-seq analysis. DEG profiles
were obtained from comparisons based on the severity of COVID in patient samples: Severe vs. Healthy, Severe vs. Mild, and COVID
vs. Healthy, which were used to validate the COVID ICU vs. nonCOVID ICU, COVID ICU vs. COVID nonlCU, and COVID vs. nonCOVID
DEG profiles, respectively. Differential gene expression analysis was conducted in the same fashion previously described. Using the
Rank-Rank Hypergeometric Overlap (RRHO) analysis from the “RRHO2” package in R, concordance and/or discordance of DEG
profiles were tested between the COVID ICU vs. nonCOVID ICU and the Severe vs. Healthy profiles; the COVID ICU vs. COVID non-
ICU and the Severe vs. Mild profiles; and the COVID vs. nonCOVID and the COVID vs. Healthy profiles.'®?' GSEA was also run on
BALF-derived DEG profiles (as previously described) to identify any shared enriched gene sets between BALF-derived DEG profiles
and blood-derived DEG profiles.

Gene regulatory network comparison of COVID to TCGA cancer profiles

HTSeq gene expression counts matrices were obtained for each of the 33 TCGA cancers using the “TCGAbiolinks” package
in R.5598:99 Analysis was focused on TCGA-LUAD and TCGA-LUSC, but differential gene expression analysis was applied to all
21 TCGA cancers with 3 or more normal tissue samples. For each of these 21 TCGA cancers, solid primary tumor samples were
compared to solid tissue normal samples to generate DEG profiles. Differential gene expression analysis was conducted on each
of the 21 TCGA cancers in the same fashion previously described. Each of the 21 TCGA cancers’ DEG profiles were then compared
to the previously generated COVID vs. nonCOVID DEG profile using RRHO analysis from the “RRHO2” package in R.'%*" The 19
TCGA cancers that had concordant DEG profiles with a max -log4o(p-value) > 3 were analyzed further with GSEA using the previously
described GSEA parameters. The dotplot was constructed using the “ggplot2” package in R.5
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Drug reversal calculations with the LINCS1000 platform

The LINCS1000 platform measures expression for a core 978 gene panel using the Luminex FlexMap 3D Scanner.* The core panel
was then used to extrapolate gene expression estimates for the core panel as well as 11,350 genes with closely correlated expres-
sion. These data were then processed to account for variability among replicates before normalizing the values across all treatments
in the database (Level 5 data, ModZ values). The final processed data was interpretable as a z-score indicating the strength of up-
regulation or downregulation in a gene after a certain treatment, where the treatment was defined by the cell line, compound, dosage,
time duration, and batch.

We used the 2020 expanded LINCS release on the Broad Institute’s Connectivity Map to search for profiles of interest and conduct
the first part of the RepurNet analysis. After downloading profiles with a 24 hr screen duration and subset to the top 60 upregulated
and downregulated genes, we calculated the Pearson’s correlation coefficient (R) between log2(fold-change) expression values
observed in COVID infection against the ModZ values for the corresponding genes in each profile. For further analysis to assess if
the number of genes significantly affected the composition of the compound reversal rankings, the full 60 gene subset was compared
to possible subsets of the top 10, 20, 30, 40, and 50 genes (Table S11). The pipeline was repeated for these different numbers and
assessed for similarity in final rank order of all available compounds using Kendall’s Tau. Our analysis result showed the pipeline to be
generally robust to the number of genes selected in terms of which compounds are identified as recapitulating and reversing the dis-
ease signature.

The Pearson’s correlation coefficient was selected due to a greater sensitivity to outliers, which would prove beneficial in selecting
for compounds that can cause a significant reversal in a subset of genes even without significant impact on the rest of the genes. An
R > 0 indicates a positive correlation while an R < 0 indicates a negative correlation. Consequently, we filtered for the 3000 treatments
with the lowest R values as a starting point before examining the 200 treatments with the lowest R values in greater detail. Clustering
analyses were conducted using Ward’s linkage. Heatmaps were built with the Python seaborn package.

Clustering on UMAP embeddings and nearest-neighbor based scoring

We used the COVID specific LINCS release on the Broad institute’s connectivity map (https://clue.io/data/COVID#LINCS_COVID_
PUBLIC) to select the lung-cancer specific cell line A549. The matrix consisting of the gene expression and drug-treatments with 24h
exposure was used to calculate the top 40 UMAP embeddings of the gene expression values for every drug treatment with number of
neighbors set to 15 and the minimum distance of 0.1 in the UMAP function of the umap-learn package (https://umap-learn.
readthedocs.io/en/latest/) in Python. To perform k-means nearest neighbor clustering, we used the FAISS package in Python
(https://github.com/facebookresearch/faiss), which was used for efficient similarity search and clustering of dense vectors. The num-
ber of centroids for the clustering was set to 10 and number of iterations were set to 20. The resulting cluster memberships were
visualized in the principal component space and FAISS’s index search function was used to generate neighborhood matrices
comprising of the nearest fifty neighbors for every drug treatment in the aforementioned dataset. To find the clusters enriched
with candidate drug treatment, we used the hypergeometric test using the phyper function in R with the False Discovery Rate
(FDR) controlled at 1%. Neighborhood information was used to compute a treatment-associated nearest neighbor score, where
one was added to the score if a CDT was in the top twenty neighbors of the treatment or nothing was added. Spearman correlation
coefficient was calculated between the coefficient values indicating effective reversal of observed gene signature by perturbagens of
differentially expressed genes between COVID ICU vs. COVID nonICU patients and the above-mentioned neighborhood-based
scoring method. The Spearman correlation coefficient was selected over the Pearson correlation coefficient to better assess for a
monotonic negative association without an emphasis on linearity. The scoring process was repeated for 5, 10, and 50 nearest neigh-
bors to test for the robustness of the scoring method.

Cheminformatic structural docking analysis

Molecular modeling was done to interrogate the binding of the compounds to the SARS-CoV-2 spike protein interface with ACE2
receptor. First, the complex structure of the SARS-CoV-2 spike protein was obtained from the Protein Data Bank (PDB: 6M0J).'%°
Glycans (DGIcpNAcb1-OH) were added to the structure using the Glycoprotein Builder tool from Glycam (http://glycam.org).
Then, N-glycosidic bonds between glycans and asparagine residues and disulfide bonds were built using tLeap, which is imple-
mented in AmberTools23.'°" Doxorubicin (DRC), Copansilib (CPS), Rapamycin (RPC), and Tyrphostin AG (TAG) structures were ob-
tained from Drugbank, '°% and geometry optimization of these structures were performed with ORCA®” using Density Functional The-
ory (DFT) at the B3LYP level of theory with def2-SV(P) basis set, additional relativistic correction (def2/J), and a D3 dispersion
correction. Ligands’ charges were calculated and incorporated through UCSF Chimera using M1-BCC charges.'?® The receptor-
ligand complex was then prepared in tLeap. The systems were solvated in a cubic TIPSPBOX water box with a 10 A box size,
and counterions (25 Na*) were added to neutralize net charge. Topology and coordinate files were then generated for molecular dy-
namics simulations.

The molecular modeling suite MOE 2020.09 was used for the docking studies. The complex was prepared for docking by proton-
ating the system at pH 7.4. A SiteFinder algorithm was used to identify a possible binding pocket between the two proteins, and sub-
sequently used for the docking protocol. An induced-fit docking was done, and the top pose of each compound in complex with the
protein pocket used for further analysis.
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The parameters for modeling the molecular docking are as follows. Initially, with the protein and ligands fixed with a restraint force
constant of 50.0 kcal mol™2, the systems were minimized for 500 cycles of steepest descent followed by 500 cycles of conjugate
gradient. Then, with the protein’s and ligands’ heavy atoms fixed with a restraint force of 10.0 kcal mol™ ,&'2, the systems were mini-
mized again for 50,000 cycles of steepest descent followed by 50,000 cycles of conjugate gradient. Next, with the protein’s and li-
gands’ heavy atoms fixed with a restraint force of 50.0 kcal mol™ A2 the systems were heated from 0 K to 300 K for 1 nanosecond in
two steps. For the first step, the temperature of the systems was raised from 0 K to 300 K in 200 picoseconds, and on the second
step, the temperature of the systems was held constant at 300 K for the remaining time (800 picoseconds). With the protein’s and
ligands’ heavy atoms fixed with a restraint force of 1.0 kcal mol™ A2 the systems were further equilibrated using NVT ensemble (con-
stant volume and temperature) for 1 nanosecond at 300 K then using NPT (constant pressure and temperature) ensemble for 1 nano-
second at 300 K and 1.0 bar using Monte Carlo barostat. Finally, two independent NPT productions were performed without any
constraints for 100 nanoseconds each. Frames were saved every 1 picosecond for simulation analysis using CPPTRAJ'%* (Process
TRAJectory in C++) and VMD'%® (Visual Molecular Dynamics). The relative free energy of binding of the ligands to the protein were
estimated using the Generalized Born (GB) model on the last 20 nanoseconds of both productions. The last 20 nanoseconds of the
productions were clustered using a hierarchical agglomerative algorithm with a minimum distance between each cluster of 3 A. Pro-
tein-ligand interaction profiles for both ligands were obtained using the centroid of the most populated cluster as a representative
binding pose through PLIP (Protein-Ligand Interaction Profiler).'%®

COVID disease module construction

The COVID disease module was built by combining and constraining two large protein-protein interaction networks. The first
network, a human interactome file, was retrieved from Morselli-Gysi et al. due to their comprehensive combination of protein-protein
interactions with additional regulatory relationships.'®” The second network featured the host-viral protein interactions identified for
the SARS-CoV-2 viral proteins.'®® After connecting the viral proteins to the human interactome, the viral proteins were treated as
seed genes in a random walk with restart model to predict the risk of perturbation in all the genes across the interactome using
an a = 0.7."% The gene scores were then adjusted using the eigenvector centrality method to account for variations in node degree
across the interactome.*® The genes were prioritized according to the adjusted scores and added one at a time until all SARS-CoV-2
viral proteins were successfully connected in a subgraph of the human interactome. This smallest subgraph, featuring 376 human
genes, was treated as the COVID disease module.

Network-guided rational design of drug combinations
To execute the second part of the RepurNet analysis, we aimed to use the COVID-19 as ana emblematic disease module and as-
sessed for feasible drug combinations from the individual compounds identified in the in silico screen. From prior studies, effective
combinations were found to have close drug-disease proximity and stronger drug-drug separation, indicating the two drugs should
practically target complementary portions of the module.’® To estimate this, we first simulated diffusion of each compound through
the human interactome using the DADA eigenvector centrality approach.*® For each possible pair of compounds, we then subtracted
the diffusion profiles to produce a difference vector. An L1 normalization score was calculated for each vector by adding up the ab-
solute value of all differences and dividing by 100. A larger L1 score could therefore be interpreted as a higher difference in the diffu-
sion profiles, indicating the pair of compounds target different parts of the disease module.

For network visualizations, the nodes were colored based on the calculated difference in diffusion scores at each node. Given a
difference profile for diffusion (Compound 1) — diffusion (Compound 2), large positive differences indicate a node is targeted strongly
by Compound 1 whereas large negative differences support targeting by Compound 2.

Gene regulatory network analysis of similarities between cancers and COVID

The BioPlex 3.0 Interactions Network (293T cells) of the human interactome was obtained to examine interactions of interest that are
relevant to both COVID and the TCGA cancers LUAD and LUSC.®° The genes comprising the 54 enriched GOBP terms shared be-
tween COVID and either TCGA-LUAD or TCGA-LUSC were subsetted from the BioPlex 3.0 Interactions Network. The subsetted
network was visualized using Cytoscape (v3.8.2)." ' Genes were annotated by whether they were significantly upregulated or down-
regulated in the COVID vs. nonCOVID DEG profile and by the number of GOBP terms in which they are categorized.

A pan-cancer network of putative oncogenic protein-protein interactions (onco-PPls) was obtained from Cheng et al. (2020) to
investigate mutated genes relevant to cancer that are dysregulated in COVID.®? The onco-PPI network was subsetted for all differ-
entially expressed genes in the COVID vs. nonCOVID DEG profile and visualized using Cytoscape (v3.8.2)."'° Genes were annotated
by whether they were significantly upregulated or downregulated in the COVID vs. nonCOVID DEG profile and by the number of TCGA
cancers’ individual onco-PPI networks in which they were identified by Cheng et al. (2020).°°

QUANTIFICATION AND STATISTICAL ANALYSIS
All statistical details for each analysis can be found in the method details section and in all figure legends. Generally, statistical anal-

ysis was conducted in R or Python. P-value adjustment for multiple hypothesis testing was implemented as needed and as described
above.
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