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Conventional drug screening methods search for a limited number of small molecules that directly interact with the target protein. This process can be slow, cumbersome and has driven the need for developing new drug screening approaches to counter rapidly emerging diseases such as COVID-19. We propose a pipeline for drug repurposing combining in silico drug candidate identification followed by in vitro characterization of these candidates. We first identified a gene target of interest, the entry receptor for the SARS-CoV-2 virus, angiotensin converting enzyme 2 (ACE2). Next, we employed a gene expression profile database, L1000-based Connectivity Map to query gene expression patterns in lung epithelial cells, which act as the primary site of SARS-CoV-2 infection. Using gene expression profiles from 5 different lung epithelial cell lines, we computationally identified 17 small molecules that were predicted to decrease ACE2 expression. We further performed a streamlined validation in the normal human epithelial cell line BEAS-2B to demonstrate that these compounds can indeed decrease ACE2 surface expression and to profile cell health and viability upon drug treatment. This proposed pipeline combining in silico drug compound identification and in vitro expression and viability characterization in relevant cell types can aid in the repurposing of FDA-approved drugs to combat rapidly emerging diseases.
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INTRODUCTION

Coronavirus disease 2019 (COVID-19), which is caused by the infection of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), broke out in December 2019. The World Health Organization designated COVID-19 as a global pandemic in March of 2020. Since then, multiple variants have emerged, spread globally, and continue to hit the health, life, and economy of people worldwide even with the advent of various vaccines designed to provide immunity against the virus. Intensive research efforts have revealed that morbidity, severity, and mortality from COVID-19 are strongly associated with various cardiovascular comorbidities (1). Since COVID-19 infection of lung epithelium could directly signal toward an increased risk for cardiovascular diseases (2), reducing productive infection of these cells becomes an important strategy to not only counter acute infection but prevent progression to cardiovascular diseases. Acute infections of viruses such as influenza virus (3), HIV (4), and SARS-CoV-2 (5) have been shown to have a direct impact on cardiovascular health and act as the initial insult that increases the incidence of cardiovascular disease in these patients. However, due to the massive number of patients globally infected by the virus, increase in cardiovascular disease prevalence due to infection with SARS-CoV-2 virus could severely burden the cardiovascular healthcare system in the future. Therefore, repurposing FDA approved drugs to contain SARS-CoV-2 infection can be an effective strategy to limit the risk of developing cardiovascular diseases in these patients.

The first step of SARS-CoV-2 invasion into human host cells is implemented by the SARS-CoV-2 spike protein binding to a host cell receptor, angiotensin-converting enzyme 2 (ACE2) (6). Inhibiting the spike protein and ACE2 interaction is, therefore, one of the promising drug targets for combating COVID-19 (7). Most current studies aim to inhibit the interaction by drugs that binds to the spike protein or ACE2 protein (7, 8).

In case drug targets are known, target-based drug discovery, in which a specific drug target that associates a target disease is identified and then hit compounds that interact with the target are searched for, is a proven strategy to generate new drugs (9). Conventional drug screening methods used in this strategy such as high-throughput screening (HTS), however, search for a limited number of small molecules that directly interact with the target protein. Moreover, this process can be slow, cumbersome and has driven the need for developing new drug screening approaches to counter rapidly emerging diseases like COVID-19.

The Connectivity Map (CMap) is a database of gene expression profiles induced by exposing a variety of cell types to various perturbagens including small molecules and has been expanded to have over one million gene expression profiles using over 20,000 small molecules through the introduction of L1000 assay technology (10, 11). L1000-based CMap has been widely used for rapid drug repurposing and the core idea is to identify small molecules that induce a gene expression profile canceling or mimicking the differential gene expression caused by diseases (12, 13). This approach is a kind of phenotypic screening, which is a counter approach to the target-based drug discovery and identifies small molecules that provide nice phenotypes (e.g., gene expression) to cells or animals first and then investigates the mechanism. Phenotypic screening has attracted attention recently because it was shown to be the most successful approach for first-in-class drugs (9, 14). As described above, although the conventional L1000-based CMap approach is an attractive way to find drugs that the conventional methods could overlook, it hardly has been applied to target-based drug discovery because this approach requires decreased and/or increased gene set, not a single target gene.

In this study, we propose a pipeline for drug repurposing that applies the L1000-based CMap to a single gene target, ACE2 which is the entry receptor for the SARS-CoV-2 virus. Using gene expression profiles from 5 different lung epithelial cell lines which act as the primary site of SARS-CoV-2 infection, we computationally identify small molecules that were predicted to decrease ACE2 expression. We further perform a streamlined validation in the normal human epithelial cell line BEAS-2B to identify the potential of these compounds to decrease ACE2 surface expression as well as profile cell health and viability upon drug treatment. This proposed pipeline combining in silico drug compound identification and in vitro expression and viability characterization in relevant cell types can aid in the repurposing of FDA-approved drugs to combat rapidly emerging diseases.



MATERIALS AND METHODS


L1000-Based CMap Dataset

Level 5 gene expression profiles of L1000-based CMap were downloaded from GSE92742 and GSE70138. This dataset has the gene expression profiles in a total of 591,697 conditions consisting of various combinations of perturbagens, cell types, doses, and time points. The profile values mean mRNA expression levels compared to control (the background of the plate). Each gene expression profile comprises 12,328 genes, 978 of which are measured directly (called landmark genes). Of the remaining genes, 9,196 are well-inferred genes the expression levels of which correlate to the actual measured levels with p-values ≤0.05, and the other 2,154 less-well inferred genes. ACE2 is in the well-inferred genes.



Cell Culture and Reagents

BEAS-2B normal human epithelial cell line was purchased from ATCC (Catalog number: CRL-9609) and cultured according to vendor instructions using BEGM kit from LONZA (Catalog number: CC-3170). Cells were cultured on 96-well black μ-plate from ibidi (Catalog Number: 89626) for imaging studies. Tanespimycin (abcam ab141433), Acetylcysteine (Cayman, 20261), Amifostine (Cayman 14398), Bortezomib (Ayman 10008822), FK-866 (Cayman 13287), Gemcitabine (Cayman 11690), Idarubicin (Cayman 14176), NVP-AUY922 (Cayman 10012698), NVP-BEZ235 (Cayman 10565), PIK-75 (Cayman 10009210), SN-38 (Cayman 15362), Tretinoin (Cayman 11017), YM-155 (Cayman 11490), Ingenol (Cayman 14031), Sulforaphane (LKT S8044), CD-437 (Sigma C5865), and Parbendazole (Sigma 1498706) were dissolved in DMSO. 1000x concentration working solution was used for downstream experimentation.



Immuno-Fluorescent Staining With High Content Imaging (HCI) for Quantifying ACE2 Expression

BEAS-2B cells were treated overnight with indicated drugs at indicated doses. Cells were then washed twice with PBS and fixed in 4% Paraformaldehyde for 15 min at room temperature. Cells were then stained with primary anti-human ACE2 antibody (Abcam ab239924) or isotype control for 1 h at 4°C with gentle shaking. Cells were then washed thrice with PBS and stained using AF555 labeled secondary antibody. Hoescht 33342 was used as nuclear counterstain.

Sixteen images were captured per well using 20x objective of an Image Express Pico (Molecular Devices) and analyzed using 2 color cell scoring system. Isotype control stained well was used to identify threshold for detecting ACE2 positivity in cells.



Cell Viability Measurement

BEAS-2B cells were plated in 96 well plates at 70% confluency and treated for 48 h with each drug at indicated doses. Cell mitochondrial activity was profiled using CyQuant MTT Cell Viability Assay (Thermo Fisher, Catalog Number V13154) following manufacturer instructions. The absorbance at 590 nm was quantified using Spectramax i3 (Molecular Devices). Cytotoxicity was quantified using CyQuant LDH Cytotoxicity Assay (Thermo Fisher Catalog Number C20301) following manufacturer instructions. Briefly, 50 μl of media supernatant from each well was used to quantify cell toxicity and was normalized to cells lysed with 10x cell lysis buffer as 100% cell death. Absorbance was measured at 490 nm and 680 nm with the 680 nm absorbance used to determine background plate absorbance. Mitochondrial Super Oxide production was quantified using MitoSOX™ Red Mitochondrial Superoxide Indicator (Thermo Fisher Catalog Number M36008) using manufacturer instructions. Hoescht 33342 was used as a nuclear counterstain. Sixteen images were captured per well using 20x objective of the Image Express Pico and analyzed using 2 color cell scoring system to determine average Mitochondrial Superoxide Intensity per cell.



FACS Staining

BEAS-2B cells were treated with indicated doses of drugs overnight and cells detached using accutase. Cells were resuspended in Stain Buffer with FBS (BD Biosciences) and stained with Fixed Viability Stain (FVS-780 BD Biosciences) followed by staining with ACE2-AF647 antibody (Biolegend). Cells stained with isotype AF647 antibody (BD Biosciences) were used to draw gates for ACE2 positivity. Cells were acquired on Cytek Aurora and data analyzed using Flowjo 10.8.



Statistical Methods

ACE2 expression and cell viability data were analyzed using a Python library, SciPy. FACS data was analyzed using Graphpad Prism 9.0. Student's t-test with Welch's correction was used to compare the effect of each treatment to control (vehicle) treated samples. Comparisons between the effects of each candidates were not performed.




RESULTS


Preprocessing for Drug Screening

The following filters were applied to the L1000-based CMap dataset to identify small molecules that are effective to COVID-19 therapy before searching for small molecules that decrease ACE2 expression (Figure 1).
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FIGURE 1. Drug screening process in L1000-based CMap.



Perturbagen Selection

A perturbagen is a reagent used to treat cells and measure the resulting biological response includes CRISPR/Cas9 constructs, short hairpin RNA (shRNA), open reading frames (ORFs), biological agents, small molecules, and so forth. The goal of this study was to identify small molecules suitable for rapid drug repurposing. Drug Repurposing Hub is a curated and annotated collection of FDA-approved drugs, clinical trial drugs, and pre-clinical tool compounds with a companion information resource, and the mechanisms of action of 6,232 drugs are explicitly stated in it (drug information version: 3/24/2020) (15). L1000-based CMap dataset contains 20,547 small molecules, and 2,760 small molecules out of them overlap with these 6,232 drugs. We therefore extracted the gene expression profiles in conditions treated with these 2,760 small molecules, resulting 160,003 profiles induced by exposing 82 cell types to 2,760 small molecules with up to 177.6 μM for 3, 6, 24, or 48 h.



Dose Selection

Each small molecule was measured at various dosages within the database. To compare these dosages and to increase ease of handling, doses from a similar range were converted to a single value as indicated in Supplementary Table 1. Among available dosages, 0.0001–100 μM, the most used dosage was 10 μM and the profiles using over 1 μM dosage dominate 68.5% of the total. These dosages over 1 μM were eliminated due to concerns about cytotoxicity and the need to identify drugs that would work at low doses and minimal side-effects to reduce gene expression of ACE2.



Time-Point Selection

Drugs for COVID-19 need to work within hours to reduce ACE2 expression since that would be the ideal window for drug intervention of a patient testing positive for SARS-CoV-2. The available time-points were 3, 6, and 24 h after the dose selection. We removed the timepoints over 24 h to identify fast-acting drug candidates. This step provided 5,411 profiles induced by exposing 67 cell types to 300 small molecules with 0.0003–0.3162 μM for 3 or 6 h.



Cell Type Selection

After the time-point selection, 67 cell types derived from 14 organs such as large intestine, lung, breast, etc. were available. Each cell type shows a different gene expression profile even though the same small molecule is applied. It is advisable to use the gene expression profiles in a specific cell type of interest. However, human lung epithelial cells such as BEAS-2B that are suitable for model host cells in COVID-19 study are not included in L1000-based CMap. We thus selected 5 cell types (A549, CORL23, H1299, NCIH596, and SKLU1) derived from lung in the dataset. Of note, all five cell types were from lung epithelial cell lines derived from various tumors. The gene expression profiles in conditions using these 5 cell types were extracted, resulting 588 profiles induced by exposing 5 cell types to 80 small molecules with 0.0003–0.3162 μM for 6 h.

The 588 profiles came from 485 unique conditions. Finally, the gene expression levels were averaged over the same conditions, resulting the preprocessed dataset that has 485 profiles induced by exposing 5 cell types to 80 small molecules with 0.0003–0.3162 μM for 6 h.




Identification of Small Molecules That Decrease ACE2 Expression

We focused on the expression levels of ACE2 and extracted the combinations of the small molecules and their dosages that decrease ACE2 expression (i.e., show the negative ACE2 expression levels) in each cell type. As for A549, since 214 combinations were identified, the top 10 combinations with the lower ACE2 expression levels were selected. In the other 4 cell types, 4, 4, 6, and 5 combinations were identified in CORL23, H1299, NCIH596, and SKLU1, respectively. Out of these 29, 19 combinations were unique. We removed 0.0032 μM veliparib which was commercially unavailable and 0.01 μM idarubicin, while keeping the larger dose, 0.1 μM idarubicin. As a result, 17 small molecules and their optimal dosages in 6 h were obtained as the drug repurposing candidates. The ACE2 expression levels in each cell type treated with these 17 small molecules with their optimal dosages are shown in Table 1.


Table 1. The identified 17 small molecules, their optimal doses, mechanisms of action, and ACE2 expression levels in each cell type.

[image: Table 1]

NVP-AUY922 and tanespimycin are heat shock protein (HSP) inhibitors. NVP-BEZ235 and PIK-75 are PI3K inhibitors. CD-437 and tretinoin are retinoid receptor agonists. SN-38 and idarubicin are topoisomerase inhibitors. The other 9 small molecules have different mechanisms of action. The candidates cover a wide variety of mechanisms of action. On the other hand, most small molecules have been developed for cancer drugs except for acetylcysteine, ingenol, and sulforaphane.

For 9 among 17 small molecules, ACE2 expression levels were available in all 5 cell types (Table 1). The ACE2 expression levels were quite different in each cell even though the same small molecules are applied with the same doses, suggesting the other 8 small molecules whose ACE2 levels were available only in A549 also have different ACE2 expression levels depending on the cell types. On the other hand, these small molecules show negative ACE2 expression levels in at least 1 cell type, suggesting that these small molecules have a potential to decrease ACE2 expression in human lung epithelial cells.

For 13 among 17 small molecules, ACE2 expression levels at 6 dose points in A549 were available in the preprocessed dataset. The dose-response of ACE2 expression levels in each small molecule are shown in Figure 2. The top 6 small molecules with lower ACE2 levels in A549 in Table 1 (acetylcysteine, CD-437, NVP-BEZ235, amifostine, ingenol, and NVP-AUY922) decreased ACE2 expression almost dose-dependently within the ranges up to their optimal doses. These small molecules are expected to decrease ACE2 expression in A549, human adenocarcinoma alveolar basal epithelial cells.


[image: Figure 2]
FIGURE 2. Dose-response of ACE2 expression levels in each small molecule in A549. Gray vertical bars mean the optimal dosages in each small molecule indicated in Table 1. ACE2 expression levels in CORL23, H1299, NCIH596, and SKLU1 are also shown in Bortezomib, Idarubicin, Tanespimycin, SN-38, and Gemcitabine.




In-vitro Pipeline for Evaluation of Predicted Drug Repurposing Candidates That Reduce ACE2 Expression in Human Lung Epithelial Cells
 
Evaluation of Cytotoxicity Profile of Drug Repurposing Candidates in Normal Human Immortalized Bronchial Epithelial Cells

The first in vitro step in our drug repurposing validation pipeline was to evaluate the effect of the various predicted small molecules in impacting cellular health and viability. As listed in Table 1, these compounds have a wide range of mechanisms of action. Stringent characterization of the effect of a treating relevant cell type with these compounds was therefore performed.

The five lung epithelial cell lines utilized in the L1000 were tumor-derived lung epithelial cell lines. Evaluating the effectiveness of these predicted drug repurposing candidates in reducing ACE2 expression in COVID-19 infected patients, however, required analysis in a non-tumor lung epithelial cell setting. BEAS-2B is a normal human immortalized bronchial epithelial cell line, which has been extensively used to study cellular and molecular mechanisms involved in lung. This study therefore used BEAS-2B as a host cell model that could be infected by SARS-CoV-2.

For cell toxicity studies, the BEAS-2B cells were treated with indicated amounts of each drug repurposing candidate, and cell health was evaluated using multiple orthogonal measures. MTT assay measured the amount viable cells in each well by quantifying the amount of MTT converted to formazan crystals. The average absorbance in cells receiving vehicle were used to normalize the effect of each drug repurposing candidate. Therefore, a ratio <1.0 indicates treatments which exerted a negative effect on cell viability when compared to control cells. In this analysis, all compounds other than CD-437, Idarubicin and Ingenol had a ratio <1.0 (Figure 3A). Comparison of cell viability using Student's t-test (p < 0.05) showed that 10 out of 17 drug repurposing candidates had a statistically significant lower viability as indicated by MTT assay.


[image: Figure 3]
FIGURE 3. Cell toxicity assay in BEAS-2B treated with each of 17 small molecules and the control. (A) Cell viability measured by MTT assay (n = 4 in samples and n = 12 in control), (B) Mitochondrial Super Oxide production measured by MitoSOX assay (n = 4 in samples and n = 16 in control), and (C) Cytotoxicity measured by LDH assay (n = 4). Error bars mean 95% confidence interval. *p < 0.05, **p < 0.01.


To further characterize whether mitochondrial stress was present upon treatment with these drug re-purposing candidates, we evaluated mitochondrial specific superoxide species production using MitoSOX. We used an HCI strategy to quantify the intensity of mitochondrial superoxide species and compared the average intensity of mitochondrial superoxide per cell in each treatment. A ratio >1.0, therefore, indicated higher levels of mitochondrial reactive oxygen species production upon treatment with the respective drug-repurposing candidates as described in Figure 3B. NVP-BEZ235, Tanespimycin and Tretinoin were the three compounds with ratio <1.0. All other compounds had elevated mitochondrial superoxide species when compared to control treatment. Comparison of MitoSOX intensity using Student's t-test (p < 0.05) showed that 12 out of 17 drug repurposing candidates had a statistically significant increase in mitochondrial stress as indicated by MitoSOX staining.

Finally, we used a third method to characterize the effect of these drug repurposing candidates in cell cytotoxicity using Lactate Dehydrogenase (LDH) assay. This assay measures the amount of LDH released out into the supernatant from dead cells with leaky plasma membrane. All readouts were normalized to wells where 100% of cells were lysed using a cell lysis buffer. Compared to this number, the average percentage of dead cells in each well was calculated. Again, percent cell death was normalized to control wells receiving vehicle treatment (Figure 3C). Therefore, a ratio >1.0 indicates elevated levels of cytotoxicity. All drug repurposing candidates showcased a ratio >1.0 indicated increased cell death upon treatment. Comparison of cell death using Student's t-test (p < 0.05) showed that 10 out of 17 drug repurposing candidates had a statistically significant increased cell death as indicated by LDH cytotoxicity assay.



Consensus Ranking of Cytotoxicity in Normal Human Lung Epithelial Cell Lines

To compile the three formats used to evaluate cytotoxicity in BEAS-2B cells treated with our drug repurposing candidates, we built a consensus ranking table comprising of MTT, MitoSOX and LDH cytotoxicity assays. Table 2 depicts the consensus ranking based on these three assays and ranks small molecules based on low cytotoxicity across all three formats. In this consensus ranking analysis, the following seven candidates, Ingenol, Sulforaphane, Tanespimycin, Idarubicin, CD-437, PIK-75, and Gemcitabine showed a consistently low cytotoxic profile at indicated doses in BEAS-2B lung epithelial cells. This identification of small molecules with favorable safety profile in target cell type is required for our drug repurposing pipeline in order to find suitable candidates for treatment where low cytotoxic side effects are crucial for applicability of identified small molecules.


Table 2. Consensus ranking comprising of MTT, MitoSOX, and LDH cytotoxicity assay.
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Evaluation of ACE2 Surface Expression in Human Lung Epithelial Cells With Predicted Candidates for Drug Repurposing

The next step in our drug repurposing pipeline was to determine the effect of these predicted drug repurposing candidates to reduce surface expression of ACE2. For this study, ACE2 surface expression serves as the most important determinant since we were evaluating the capacity of these small molecules to reduce the prevalence of surface receptors to which the SARS-CoV-2 spike protein can bind to and subsequently infect target cells. We thus used immuno-fluorescent staining to quantify surface expression of human ACE2 expression using HCI followed by a cell scoring system using red staining intensity for ACE2 and cell calling using Hoescht 33342 nuclear counterstain. A representative image for ACE2 staining in BEAS-2B is shown in Figure 4A. Thresholds for determining ACE2 expression were established using cells stained with isotype primary antibody followed by secondary antibody staining. Cell calling was performed using nuclear counter stain and establishing appropriate cell diameter to detect all cells within 4 different fields of view. Using these parameters, we observed cells that were high for ACE2 expression and others that expressed ACE2 at low levels (Figure 4B). Of note, even when looking with the normal immortalized cell line, we observed heterogeneity in ACE2 expression across cells. Using this categorization strategy, we will use the nomenclature of ACE2 high- or low-expressed cells to determine the effect of our various treatments in modifying ACE2 expression in a lung epithelial cell population. The number ratios of high-expressed cells in the total cell number were calculated as ACE2 positive ratios in each small molecule treatment and were normalized with the ACE2 positive ratio of the control (no treatment).


[image: Figure 4]
FIGURE 4. (A) Representative image showing ACE2 staining in BEAS-2B. ACE2-high expressed (ACE2 positive) cells are detected and then ACE2 positive ratio is calculated. (B) Representative cell scoring masks indicating ACE2 expressing cells (Green) and ACE2 negative cells (Red). (C) ACE2 positive ratios in each drug treatment compared to the control (n = 8 in samples and n = 23 in control). Error bars mean 95% confidence interval. *p < 0.05, **p < 0.01.


The ACE2 positive ratios after our candidate treatments are shown in Figure 4C. Using Student's t-test (p < 0.05) to compare to control treated BEAS-2B cells, 13 out of 17 treatments showed a statistically significant reduction in surface ACE2 expression. In this regard, the top 3 small molecules with the higher decreasing level of ACE2 positive ratio are CD-437, SN-38, and NVP-AUY922.



Integration of ACE2 Expression and Cell Viability Data to Identify Top Drug Repurposing Candidates

This pipeline follows the L1000 powered identification of small molecule candidates for drug repurposing by evaluating the effect of these compounds in affecting both cell health and surface ACE2 expression. Therefore, correlation analysis was performed in order to narrow down the candidates and identify small molecules that could be used to reduce ACE2 expression without inducing high levels of cell death specifically in our target cell type BEAS-2B (Figure 5). Three correlation matrices were constructed to compare the effect of each candidate in affecting cell health as well as the potency with which they reduced ACE2 expression. Using this matrix, Ingenol, CD-437, Tanespimycin, PIK-75, and Gemcitabine were five compounds that consistently showed low cytotoxicity and effective downregulation of surface ACE2 expression. This data suggests that these five candidates identified using our novel drug repurposing pipeline can be evaluated for large scale studies in preventing SARS-CoV-2 infection by targeting ACE2 expression levels.


[image: Figure 5]
FIGURE 5. Correlation between ACE2 positive ratio vs. cell toxicity. Correlation between ACE2 positive ratio and (A) cell viability measured by MTT assay, (B) MitoSOX Assay, and (C) LDH assay. The locations of the top 7 small molecules with reduced cytotoxicity in Table 2 are labeled.




Validation of Identified Top Candidates Combining Viability and ACE2 Expression

The top five candidates with low toxicity and potent decrease in ACE2 expression were further validated using an orthogonal platform, Fluorescence Assisted Cell Sorting. This platform allows for the quantification of surface ACE2 expression in viable, living cells. Furthermore, quantitative analysis can be performed in an unbiased fashion in a large number of cells. BEAS-2B cells were treated with indicated doses of drugs and then percent positive cells for surface ACE2 were determined using control cells treated with isotype antibody (Supplementary Figure 1). All five candidates produced statistically significant reductions in both the overall amount of surface ACE2 receptors and the mean fluorescent intensity of ACE2 staining in viable BEAS-2B cells (Figure 6A). Furthermore, the fraction of cells determined to be positive for ACE2 expression (Figures 6B,C) also showed statistically significant reductions with all five compounds identified using our pipeline. Taken together, our data suggest that intervention with these five small molecule compounds can decrease the number of viable cells susceptible to SARS-CoV-2 infection by altering surface ACE2 expression.


[image: Figure 6]
FIGURE 6. ACE2 expression measure by FACS in BEAS-2B treated with the 5 repurposing candidates. (A) mean ACE2 expression (n = 5). (B) ACE2 positive ratio. Error bar means standard deviation (n = 5). *p < 0.05, **p < 0.01, ****p < 0.0001. (C) Representative scatter plot showing percent positive ACE2 surface expression in BEAS-2B cells.






DISCUSSION

We identified 17 candidate small molecules that possibly decrease ACE2 expression by processing the L1000-based CMap dataset with focusing on the drug repurposing for COVID-19 (Table 1 and Figure 1). These candidates decreased ACE2 mRNA levels within 6 h in the lung epithelial cell lines in the preprocessed dataset (Table 1 and Figure 2). This suggests that the decrease in ACE2 mRNA levels likely led to reduced ACE2 surface expression in the target cells BEAS-2B derived from the same organ. Indeed, most candidates decreased ACE2 expression on the surface of BEAS-2B (Figure 4). These results indicate that our L1000-powered drug screening effectively identifies small molecules that modulate a single drug target. Further investigation, however, is required to address the mechanism of action for ACE2 suppression by these compounds as well as the effects on ACE2 expression in other cell types.

On the other hand, the identified small molecules were mostly drugs that have been developed for cancer treatment, therefore, their cytotoxic effects in BEAS-2B were evaluated using MTT, MitoSOX, and LDH assays. Over half candidates showed significant cytotoxicity or cell viability reduction in each assay (Figure 3). To identify small molecules that consistently show a low cytotoxic profile, we built a consensus ranking table (Table 2). The top 2 small molecules with the lowest toxicity were Ingenol and Sulforaphane. Ingenol is an FDA-approved drug for keratosis. Sulforaphane is a naturally occurring isothiocyanate found in cruciferous vegetables such as broccoli. These facts support the validity of this table.

Our goal was to obtain the drug repurposing candidates that could be used to reduce surface ACE2 expression without inducing high cell toxicity. Therefore, correlation analysis was performed to narrow down the candidates (Figure 5). In this correlation matrix, Ingenol, CD-437, Tanespimycin, PIK-75, and Gemcitabine consistently showed low cytotoxicity and effective downregulation of surface ACE2 expression. These were five compounds, out of the top 7 with low toxicity in Table 2, that show significant ACE2 reduction in Figure 4. Moreover, additional validation experiments demonstrated that all these five candidates decreased the surface ACE2 expression in living BEAS-2B (Figure 6). These results suggest that these five candidates can be evaluated for large scale studies in preventing SARS-CoV-2 infection by targeting ACE2 expression levels.

Our proposed pipeline consists of L1000-powered drug screening and the further narrowing of the drug repurposing candidates based on their cytotoxic effect. As described above, the L1000 screening can be applied to a single target, allowing us to apply this method to target-based drug discovery which is a gold standard strategy. The small molecules identified by this method are different from those by conventional screenings like HTS because our approach focuses on the target gene mRNA level instead of the target protein. In addition, conventional L1000-CMap approaches have no applicability to target-based drug discovery because it requires a gene set rather than a single gene. Furthermore, our pipeline can be adapted to a wide range of cell types including endothelial cells and monocytes. This is of interest since viruses including HIV and SARS-CoV-2 have been shown to specifically induce pulmonary endothelial cell activation (16, 17). Our cell types of interest in the present study were epithelial cells. We thus used the identified compounds in this cell type to perform a series of assays to evaluate cell health and stress. COVID-19, however, affects other cell types. Application of our pipeline to other cell types could include various additional functional assays depending on the cell type of interest, for example, angiogenesis assays in endothelial cells, or measuring pro-inflammatory chemokine secretion in monocytes. Thus, our pipeline provides a novel screening method that is different from both HTS and conventional L1000-CMap approaches, contributing to the repurposing of FDA approved drugs to combat rapidly emerging diseases as well as other diseases like vascular calcification that conventional approaches have yet found the therapeutic options.
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Drug name (uM) Mechanism of action Cell type
A549 CORL23 H1209 NCIH596 SKLU1
Acetylcysteine (0.01) Mucolytic agent -229
©D-437 (0.1) Retinoid receptor agonist —174
NVP-BEZ235 (0.0316) mTOR inhibitor, PI3K inhibitor —147
Amifostine (0.3162) Reducing agent —147
Ingenol (0.01) PKC activator —145
NVP-AUY922 (0.1) HSP inhibitor —1.41
Tretinoin (0.3162) Retinoid receptor agonist, ~1.40
retinoid receptor ligand
Sulforaphane (0.001) Anticancer agent, aryl —132
hydrocarbon receptor antagonist
Bortezomib (0.0316) NFKB pathway inhibitor, -054
proteasome inhibitor
Parbendazole (0.3162) Tubulin polymerization inhibitor -053 001 080 -0.80 ~0.09
Idarubicin (0.1) Topoisomerase inhibitor -0.47 0.70 —144 000 046
Tanespimycin (0.3162) HSP inhibitor -023 0.00 009 039 007
SN-38(0.3162) Topoisomerase inhibitor -0.19 -037 -055 -0.38 020
FK-866 (0.1) Niacinamide 006 -079 0.41 ~050 0.10
phosphoribosyliransferase
inhibitor
Gemcitabine (0.1) Ribonucleotide reductase 009 0.63 094 050 —128
inhibitor
YM-155 (0.3162) Sunvivin inhibitor 036 000 -082 —057 -047
PIK-75 (0.1) DNA protein kinase inhibitor, 232 0.45 ~1.04 054 -037

PI3K inhibitor

The small molecules are sorted based on the ACE2 expression levels in A549. The numbers in brackets beside drug names are their optimal dosages (uM). Gray area means no data

in the preprocessed dataset.
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Drug name Cyto toxicity ranking

mTT MitoSOX LDH Ave.
Control 4 4 1 30
Ingenol 1 7 6 a7
Sulforaphane 7 5 63
Tanespimycin 8 1 10 63
Idarubicin 3 15 5 77
CD-437 2 9 15 87
PIK-75 1" 1 87
Gemitabine 9 14 3 87
Acetyloysteine 5 6 16 9.0
Tretinoin 6 3 18 9.0
Bortezomib 10 10 8 93
NVP-BEZ235 15 2 13 10.0
SN-38 14 16 2 107
NVP-AUY922 16 12 9 12.3
Parbendazole 13 13 11 123
Amifostine 18 8 14 133
YM-155 12 17 12 137
FK-866 17 18 17 17.3

Each value means ranking of low toxicity (ie., high number means high toxicity). Drugs
are sorted based on the average ranking over 3 assays.
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