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Drug repurposing screening
validated by experimental assays
identifies two clinical drugs
targeting SARS-CoV-2 main
protease
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The COVID-19 pandemic prompted several drug repositioning initiatives with
the aim to rapidly deliver pharmacological candidates able to reduce SARS-
CoV-2 dissemination and mortality. A major issue shared by many of the in silico
studies addressing the discovery of compounds or drugs targeting SARS-CoV-
2 molecules is that they lacked experimental validation of the results. Here we
present a computer-aided drug-repositioning campaign against the
indispensable SARS-CoV-2 main protease (MPro or 3CLPro) that involved
the development of ligand-based ensemble models and the experimental
testing of a small subset of the identified hits. The search method explored
random subspaces of molecular descriptors to obtain linear classifiers. The best
models were then combined by selective ensemble learning to improve their
predictive power. Both the individual models and the ensembles were validated
by retrospective screening, and later used to screen the DrugBank, Drug
Repurposing Hub and Sweetlead libraries for potential inhibitors of MPro.
From the 4 in silico hits assayed, atpenin and tinostamustine inhibited MPro
(ICso 1 uM and 4 uM, respectively) but not the papain-like protease of SARS-
CoV-2 (drugs tested at 25 uM). Preliminary kinetic characterization suggests
that tinostamustine and atpenin inhibit MPro by an irreversible and acompetitive
mechanisms, respectively. Both drugs failed to inhibit the proliferation of SARS-
CoV-2 in VERO cells. The virtual screening method reported here may be a
powerful tool to further extent the identification of novel MPro inhibitors.
Furthermore, the confirmed MPro hits may be subjected to optimization or
retrospective search strategies to improve their molecular target and anti-viral
potency.
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1 Introduction

The outbreak of COVID-19 (coronavirus disease of 2019)
posed a threat to global health, with so far more than
580 million confirmed cases and over 6.5 million deaths,
resulting in unparalleled human and economic losses in
modern times (except for the 1918 influenza pandemic)
(Chen et 2021; 2022). The
development of effective vaccines has improved the disease

al., Wang et al, rapid
prognosis, resulting in a substantial drop in mortality
(compared to estimations if no vaccines were available;
Watson et al., 2022).

Complementarily, the scientific community has resorted
to drug repurposing (i.e., the identification of new therapeutic
uses for known drugs) to find therapeutics in an expedite
manner (Ashburn and Thor 2004). This led to the approval of
several repurposed drug treatments (such as remdesivir,
favipiravir, and dexamethasone) in less than 2 years, with
other repurposing candidates still in the pipeline (Bellera
et al., 2021; Chakraborty et al., 2021; Venkadapathi et al,,
2021; Rodrigues et al., 2022).

Effective treatments are, however, still needed, especially
for people unvaccinated or that may not fully respond to
vaccination (e.g., immunocompromised patients), and to
cover viral mutations that may potentially elicit vaccine
escape (Niknam et al., 2022). SARS-CoV-2 (Severe Acute
Respiratory Syndrome Coronavirus 2) main protease (MPro)
has received major attention as a potential pharmacological
target, not only due to its role in viral replication, but also
because no human proteases are known to share its substrate
specificity (Ullrich and Nitsche 2020; Breidenbach et al.,
2021). In fact, the first target-based drugs specifically
developed and approved for COVID-19 treatment, namely
ensitrelvir (Mukae et al., 2022) and nirmatrelvir (Lamb
2022), are MPro inhibitors. Ensitrelvir is a non-peptidic
and multi-heterocyclic molecule that inhibits MPro non-
covalently, whereas nirmatrelvir is a peptidomimetic and
competitive inhibitor of MPro. Nirmatrelvir requires the co-
administration of ritonavir, a potent inhibitor of the major
human drug-metabolizing enzyme CYP3A4 (Lamb 2022).

Here, we report a target-focused computer-aided drug
repurposing campaign to detect new inhibitors of MPro, and
the experimental validation of a small subset of the identified
in silico hits. Noteworthy, whereas several similar efforts
have been described in literature, in many (if not most) cases
no experimental confirmation of the in silico hits has been
reported (Eleftheriou et al., 2020; Llanos et al., 2021; Pinzi
et al., 2021; Silva et al., 2021; Omer et al., 2022).
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2 Methods
2.1 Model development and validation

2.1.1 Dataset compilation and curation

A dataset of compounds with reported ICs, (half maximal
inhibitory concentration) against MPro or reported residual
enzyme activity at 10, 20 or 50uM concentrations was
compiled from different sources. These include 18 original
articles found in the specialized literature (Akshita et al., 20205
Jin et al., 2020; Ma et al., 2020; Sacco et al., 2020; Shitrit et al., 2020;
Suetal,, 2020; Vuong et al., 2020; Wenhao et al., 2020; Zhang et al.,
2020; Bai et al., 2021; Chun-Hui et al., 2021; Franco et al., 2021;
Hattori et al,, 2021; Hongbo et al., 2021; Isgro et al.,, 2021; Liu et al.,
2021; Mody et al,, 2021; Rothan and Teoh 2021), the publicly
available COVID Moonshot database (Moonshot 2021), and in-
house acquired data from our group. The literature search and data
compilation from the COVID Moonshot database were performed
in February 2021. Compounds with ICs, < 10 uM or with
percentage of enzyme inhibition >50% at 10 uM were labelled
as ACTIVE compounds. Compounds with ICs, > 20 pM,
percentage of inhibition <80% at 20uM or 50puM, or
percentage of enzyme inhibition <50% at 10 pM were labelled
as INACTIVE compounds. The dataset compounds, represented
in SMILES format, were standardized through an in-house script
using the Molecule Validation and Standardization (MolVS)
package (MolVS 2021), by applying the following actions: the
largest organic fragment of the molecule is chosen by fragment_
parent method (e.g., in the case of organic salts), the most common
isotopes are assigned to the atoms by isotope_parent method, the
method,
stereochemistry information is removed by stereo_parent
method of MolVS
molecular descriptors will be included in the models, as

structure is neutralized by isotope_parent and

(as only conformation-independent
explained later). The in-house script for standardization is
provided as Supplementary Material (a Python file is available
upon request to the corresponding authors). Duplicated data and
compounds with inconsistent labels across different sources were
removed. Since only 0D-2D molecular descriptors would be used
for modeling purposes, when data associated to different optical
isomers were reported, only one of them was kept whenever both
isomers belonged to the same activity class, and the compounds
were disregarded if the isomers belonged to different activity classes.
A total of 134 active compounds and 281 inactive compounds
remained in the curated dataset. The heatmap shown in the
Supplementary Material (Supplementary Figure S1) exhibits the
molecular diversity of the dataset. The dataset compounds that
compose the training, test and validation sets are provided as
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Supplementary Material, in csv format (Training_set MPRO.csv,
Test_set_MPRO.csv and Validation_set_MPRO.csv, respectively).

2.1.2 Dataset splitting into training and test sets

The dataset was representatively divided into three different
sets: a training set, used to train quantitative structure-activity
relationship (QSAR) classifiers; a test set, used for the validation
of the individual QSAR models and to select which models (and
how) would be combined into a model ensemble; and a
validation set, used to assess the performance of model
ensembles. It has been observed that representative sampling
of datasets into training and validation sets tends to produce
models with better predictivity estimations, especially when
training and validation sets of different sizes are sampled
(Golbraikh et al., 2003; Leonard and Roy, 2006; Martin et al.,
2012), possibly because in this way the compositions of the
training and validation sets are as diverse as possible. For that
purpose, we resorted to iterative Random subspace Principal
Component Analysis clustering (iRaPCA; Prada Gori et al,
2022). Briefly, iRaPCA is based on an iterative procedure that
combines feature bagging on the pool of conformation-
independent Mordred descriptors (Moriwaki et al, 2018),
dimensionality ~reduction through Principal Component
(PCA) the
algorithm. One hundred randomly sampled subsets of
of
1,613 Mordred descriptors; feature normalization is performed

Analysis and clustering through K-means

200 descriptors each are generated from a pool
using the MinMaxScaler function of scikit-learn (Pedregosa et al.,
2011). Correlated descriptors (Pearson coefficient above 0.4) are
subsequently removed from each random descriptor subset. PCA
is then conducted for each subset to obtain the first two principal
components. Subsequently, the K-means algorithm is applied to
each subset, systematically varying the number of clusters (K)
from 2 to 25. The scikit-learn implementation of the algorithm
screens 10 different randomly selected initial centroid seeds per
cluster and chooses the one that minimizes the within-cluster
distance. The so formed clusters are evaluated by calculating the
Silhouette score (SIL) (Rouseeuw, 1987) for each K value and
each descriptor subset pair: the K value that provides the highest
SIL is selected. After a round of clustering is completed, the
molecules in a cluster/total clustered molecules ratio is calculated
for each cluster. Clusters that exceed a 0.4 ratio value are
subjected to a new clustering round with the same initial
parameters. Clusters that do not exceed the selected cutoff are
kept as they are. Compounds from the ACTIVE and INACTIVE

categories were clustered separately.

2.1.3 Molecular descriptor calculation,
modelling procedure and model validation

1,613 conformation-independent descriptors were computed
using the Mordred package (Moriwaki et al., 2018). Descriptors
with a variance below 0.05 across the training set were excluded
from the descriptor pool. A random subspace approach (Yu et al.,
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2012; El Habib Daho and Chikh 2015) was applied on the
remaining ones to obtain 1,000 subsets of 200 descriptors
each. It was observed that increasing the number of random
subsets up to 10,000 did not provide any benefit in terms of early
enrichment metrics such as the Boltzmann-Enhanced
Discrimination of ROC (BEDROC; ROC: Receiver Operating
Characteristic) and the Enrichment Factor in the top-ranked 1%
(EFg01). Moreover, a higher number of descriptors per random
subset was not allowed to reduce the probability of spurious
relationships (Topliss and Costello 1972). Highly correlated
descriptors (Pearson correlation above 0.85) were not allowed
within a given subset. A dummy dependent variable was
introduced, which took values of 1 for compounds within the
ACTIVE class and values of 0 for compounds belonging to the
INACTIVE class. 1,000 linear classifiers, one per subset, were
obtained using a Forward Stepwise procedure. A maximum of
16 descriptors per model was allowed to prevent over-
parametrization and overfitting (only 1 molecular descriptor
per 10 training examples was allowed into the model).

The probability of spurious correlations and the robustness
of the models were assessed through randomization and Leave-
Group-Out (LGO) cross-validation. In each LGO round, random
stratified subsets of 10% of the total training examples were
removed from the training set. 500 randomizations and 500 LGO
folds were considered. The results were reported as the average
accuracy across the 500 rounds and compared with the accuracy
of the model inferred from the original training set, and also to
the No-Model error rate (NOMER) (Gramatica 2013). The
predictive ability of each individual model was finally assessed
through external validation.

2.1.4 Retrospective screens

To estimate the enrichment performance of our models in a
realistic virtual screening setting, two retrospective virtual
screening experiments were performed. The first retrospective
screen was performed by seeding the test set among a high
number of decoys generated using the LIDEB’s Useful Decoys
(LUDe) tool (Fallico et al., 2022). LUDe is conceptually similar to
the Directory of Useful Decoys enhanced (Mysinger et al., 2012),
but additional filters have been implemented to assure the
topological dissimilarity between the decoys and the active
compounds that are used as queries. Different enrichment
metrics have been calculated to assess the enrichment
behavior of the models: the Area Under the Receiver
Operating Characteristic curve (AUC ROC), BEDROC, the
Area Under the Precision Recall curve (AUPR), and EF,,;
(Truchon and Bayly 2007; Saito and Rehmsmeier 2015). The
best-performing individual models in this first screening were
combined as described in the following subsection, and the
performance of the resulting ensembles was assessed using a
second retrospective screen, where the validation set was seeded
among a large number of decoys, also obtained via LUDe. The
distribution of the enrichment metrics was estimated using
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stratified random sampling without replacement (75% of the
libraries used in the retrospective screens were sampled,
100
assumptions were not met by two of the enrichment metrics

times). Because normality and/or equal variances
used, the performances of individual models and the best model
ensemble were statistically compared using the Yuen-Welch test

(Wilcox, 2012).

2.1.5 Ensemble learning

Given that combination of individual classifiers into
meta-classifiers frequently provides better predictivity (Min
2016; Hyun et al., 2020), we have selectively combined the
best individual classifiers, judging from the performance in
the first retrospective screen. Five different combination
schemes were tried: the average (AVE), minimum (MIN),
and product (PROD) score, the average ranking (RANK)
provided by the ensembled model, and the average vote
(VOT) as computed by Zhang and Muegge (2006). MIN
assigns, as the ensemble score, the lowest score across
ensembled models. AVE provides as the ensemble score
the mean of all the scores of the ensembled models. PROD
provides, as score, the product of each of the combined
models’ individual scores. RANK computes the average
ranking provided by the ensembled models in the screened
chemical library. Finally, the vote provided by each
ensembled model i to a compound j is computed as
vote;; = max [0, int (11 -rank;/0.02N)], where rank;
corresponds to the ranking assigned though model i to
compound j when the screened library is ordered in
descending order according to the model i score, and N is
the number of compounds in the entire screened library. This
procedure gives 10 votes to the first 2% of the ranked
compounds, 9 votes for the next 2%, and so on. At last, for
compounds in the 18%-20% rank bracket, 1 vote is given.
Compounds in the bottom 80% of the ranked list receive no
vote. The votes given for each compound by each individual
models are then averaged over all models in the ensemble.

2.2 Prospective virtual screening

The model ensemble that showed the best performance in the
second retrospective screen was used in the prospective screening
of three repurposing-oriented chemical libraries: DrugBank 5.1.6
(Wishart et al., 2018), the Drug Repurposing Hub (Corsello et al.,
2017), and SweetLead (Novick et al., 2013). The compounds in
each database were standardized as previously described for the
datasets. The optimal cutoff value for the ensemble score was
chosen by analyzing Positive Predictive Value (PPV) surfaces
(Bélgamo et al., 2020). As a final selection criterion, we assessed
whether the in silico hits belonged to the applicability domain of
the model, using the leverage approach (Yasri and Hartsough
2001), with 3d/n defined as critical value, d being the number of

Frontiers in Drug Discovery

04

10.3389/fddsv.2022.1082065

descriptors included in each model and n being the number of
training set compounds.

2.3 Expression and purification of SARS-
CoV-2 recombinant proteases

The expression and purification of the recombinant form of
SARS-CoV-2 MPro and the Papain-like protease (PLPro) were
conducted as essentially described in Zhang et al., 2020 and Shin
et al., 2020, respectively. For MPro, the fractions eluted from the
Mono Q column containing recombinant protein with high
purity were pooled and subjected to buffer exchange (20 mM
Tris, 150 mM NaCl, 1 mM EDTA, 1 mM DTT, pH 7.8) using a
PD-10 desalting column. For PLPro, the affinity chromatography
was performed using a Nickel (His-trap, GE-Healthcare) instead
of a cobalt-based (TALON) column.

2.4 Protease screening and/or kinetic
assays

2.4.1 MPro

MPro activity was determined by de-quenching of Edans
fluorescence (5-((2-Aminoethyl)amino)naphthalene-1-sulfonic
acid) upon proteolytic cleavage of a synthetic peptide (Dabcyl-
KTSAVLQ|SGFRKM-E(Edans)-NH2;
USA). The assay was performed in a 96-well black microplate

United  Biosystems-

(total assay volume 200 ul) and read using a Varioskan Lux
(Ex/Em = 340 nm/490 nm). Different
parameters were routinely controlled for validating the assay

microplate reader

(signal to background ratio >7, Z' factor > 0.75 and relative
fluorescence units >10). All samples were analyzed at least in
duplicate.

For compound screening, the drugs (25 uM; Haloxon and
INT131 were purchased from SIGMA whereas the synthesis of
atpenin and tinostamustine was ordered to InvivoChem) were
incubated with MPro (90 nM) in reaction buffer (Tris 20 mM,
pH 7.8, 150 mM NaCl, 1 mM EDTA, 5% v/v DMSO) for
60 min at 25°C. Then, the peptidic substrate (5pM) was
added and fluorescence monitored for at least 30 min.
Blank (reaction buffer + substrate), full-activity (Mpro +
substrate) and inhibition (Mpro treated with 25 uM ebselen
or acetamide + substrate) controls were run in parallel. Due to
the intrinsic fluorescence of tinotamustine that overlaps that
of the substrate, protease inhibition was assessed from the
slope of the reaction and not from end-point measurements.
that inhibited Mpro
activity >50% were considered hits and their ICs, values

Drugs under such conditions
determined by measuring enzyme activity at different
compound concentrations (7-8 concentration points from
25 to 0.0034 uM prepared in serial dilutions) and under the

conditions described above. The data were fitted to the best
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linear or nonlinear equations using GraphPad Prism software
(version 6.0) to obtain the ICs.

To evaluate the effect of the hits on Mpro Ky; (Michaelis’
constant: substrate concentration at which the reaction rate is
half of its maximal value) and V,,,, (maximal rate of the
reaction), the initial velocity (60s) of the enzyme-catalyzed
reaction was determined at six different substrate
concentrations (from 3.5 to 350 uM) while the concentration
of atpenin (50 uM), tinostamustine (100 uM) and enzyme
(0.1 uM) was fixed. The assay was performed in the same
reaction buffer used for compound screening, in duplicate
samples, and in a 384-well black microplate (total assay
volume 100 pl). For kinetic measurements, a calibration curve
and inner-filter effect corrections were applied following the
procedures described in detail in (Zhang et al, 2020).
Fluorescence was measured using a Varioskan Lux microplate
340 nm/490 nm) and data analyzed with

Origin-Pro software.

reader (Ex/Em =

For determining if the inhibition of MPro by
tinotamustine is reversible or irreversible, 1 uM of the
protease was incubated (1 h at 25°C) in reaction buffer in
the absence (control sample) or presence of an excess of the
drug that produces a ~50% enzyme inhibition. Upon
assessing the remaining enzyme activity (assay conditions
described in the second paragraph, above), both samples
were subjected to three cycles of diafiltration (Amicon Ultra-
0.5, 10 kDa-cut-off filter) in reaction buffer. Protease
concentration was determined by the bicinchoninic acid
assay (standard plot prepared with bovine serum albumin:
1:2 serial dilutions from 100 to 6.25 pug/ml). MPro activity
was assessed as described above except that the reaction was
performed in a quartz cuvette and signal read with a Cary
Eclypse Fluorescence Spectrometer (Agilent). All samples
were tested in duplicate and MPro activity was normalized to
protein concentration and, when corresponding, the

fluorescence of tinotamustine subtracted.

2.4.2 PLPro

The assay conditions (buffer, pre-incubation, assay
volume, microplate, temperature, etc.) for determining
PLPro activity were almost identical to those described
above for compound screening against Mpro. PLPro
(0.1 uM) was pre-incubated for 60 min with compounds
(25 uM in 5% DMSO v/v) and then the reaction started by
adding the peptidic substrate (5uM; Z-RLRGG|-AMC,
Bachem, Switzerland). For normalization purposes, full and
null PLPro activity controls included protease samples treated
with vehicle (5% v/v DMSO, 100% activity) or lacking
substrate (0% activity), respectively. Product formation was
measured by the increase of fluorescence (excitation/emission,
340/440 nm) on a 96-well microplate reader (Varioskan). All
samples were tested in duplicate.
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2.5 SARS-CoV-2 cell infection assay

The anti-SARS-CoV-2 activity of the hits was determined
using a 384-wells microplate fluorescent-based cell infection
assay (Jeon et al., 2020). The experiments were performed in
compliance with the guidelines of the Korean National
Institutes of Health, using enhanced Biosafety Level 3
(BSL-3) containment procedures in laboratories approved
for use by the Korea Disease Control and Prevention
Agency (KDCA). Vero cells were sourced from American
Type Culture Collection (ATCC CCL-81) and grown in
Dulbecco’s Modified Eagle Medium (DMEM; Welgene)
supplemented with 10% v/v fetal bovine serum (FBS;
Gibco) and 1X Antibiotic-Antimycotic solution (Gibco) at
37°C and a 5% CO, atmosphere. Vero cells were seeded at
12,000 cells per well in DMEM, supplemented with 2% FBS
and 1X Antibiotic-Antimycotic solution in black 384-well,
uClear plates (Greiner Bio-One), 24 h prior to the experiment.
Then, the compounds or reference drugs (ten-point
concentrations) and SARS-CoV-2 (BCoV/KOR/KCDCO03/
2020; MOI = 0.0125) were added to the wells and
incubation extended for additional 24h. Chloroquine
diphosphate (Sigma), remdesivir (MedChemExpress) and
lopinavir (Selleckchem) were the reference drugs. After
24h incubation, the cells were fixed and analyzed by
anti-SARS-CoV-
2 nucleocapsid (N) protein antibody (Sino Biological Inc.)
and an Alexa Fluor 488 goat anti-rabbit IgG (H + L) secondary
antibody. Cell nucleus was stained with Hoechst 33,342
(Molecular Probes). The fluorescence microscopy images

immunofluorescence using an

were taken with an Operetta CLS (PerkinElmer) and
analyzed using Columbus™ (PerkinElmer) to quantify the
number of cells and infection ratios. Antiviral activity is
normalized to positive (mock no virus with 0.5% v/v
DMSO) and negative (virus with 0.5% v/v DMSO) controls
in each assay plate. IC5, values were calculated from data fit to
sigmoidal equations using XLfit (Version 5.5) or GraphPad
Prism (Version 8) Software. The quality of each assay was
controlled by Z'-factor and the coefficient of variation in
percent (%CV).

3 Results

3.1 Ensemble learning led to improved
behaviour in retrospective screens

Table 1 shows the composition of the training, test, and
validation sets, and how the test and validation sets, respectively,
were enriched with putative inactive compounds to provide the
chemical libraries used in retrospective screening 1 (to validate
the enrichment performance of individual models and to train
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TABLE 1 Active and inactive compound composition of the training, test and validation sets. The test and validation sets were expanded with decoys to
provide chemical libraries to be used in retrospective screens 1 and 2, respectively. Ya (yield of active compounds) refers to the proportion of active
compounds in the corresponding set.

Dataset Active True inactive Putative inactive or decoys

Training 80 80 — 0.5
‘ Test ‘ 27 101 ‘ 1,446 0.0174 ‘
‘ Validation ‘ 27 100 ‘ 1,430 0.0176 ‘

TABLE 2 Internal validation of the 5 best individual models in the first retrospective screen. For the cross-validation and randomization tests, the mean
accuracy across the 500 rounds is informed; the standard deviation of the mean is presented in parentheses. The models have been ordered according to their
performance in the first retrospective screening.

Acc (training set) Mean Acc (cross-validation) Mean Acc (randomization)
MODEL 25 0.825 0.714 (0.102) 0.501 (0.106)
MODEL 361 0.813 0.701 (0.109) 0.496 (0.095)
MODEL 77 0.819 0.705 (0.115) 0.498 (0.099)
MODEL 273 0.831 0.730 (0.104) 0.500 (0.094)
MODEL 442 0.894 0.673 (0.115) 0.500 (0.085)

T
08
0.6
PPV
04
0% - MIN 02
084 - AVE
~PROD
~ RANK
082 e [\
o 0 ) ) 80 100

Number of individual models included in the ensemble

FIGURE 1

Data plots from retrospective and prospective in silico screening against MPro. (A) AUC ROC obtained in the retrospective screening as a
function of the number of combined models for each operator. (B) Two different views of the PPV surface of the MIN-22 ensemble. Se/Sp refers to
the Sensitivity/Specificity ratio.

the model ensembles) and retrospective screening 2 (to validate best individual models and the meaning of their molecular
the enrichment performance of the ensembles). descriptors have been included as Supplementary Material.
1,000 individual models (i.e., 1,000 individual classifiers) Due to the suboptimal results of the individual classifiers
were generated from the training set by applying a in the cross-validation, we resorted to ensemble learning,
combination of feature bagging and Forward Stepwise on a expecting to improve robustness. The performance of the
pool of 1,613 Mordred descriptors. The individual classifiers individual models and the model ensembles has been
were validated internally and externally, initially employing a comparatively assessed in two retrospective screening
score cutoff value of 0.5 to discriminate between active and campaigns, where known MPro inhibitors were seeded
inactive compounds. Internal validation results for the five among (known and putative) non-inhibitors. The best

best individual classifiers, according to their AUC ROC in the individual model displayed an AUC ROC of 0.934 + 0.007,
first retrospective screening, are summarized in Table 2. The five aBEDROC 0f0.274 + 0.057, an AUPR 0f 0.221 + 0.038, and an
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TABLE 3 Performance of the best individual model and the best model ensemble in retrospective screening experiments. The standard deviation of the
enrichment metrics (obtained through bootstrapping) is presented in parentheses.

Retrospective screen AUC ROC BEDROC (« = 100)
MODEL 25 1 0.934 (0.007) 0.274 (0.057) 0.221 (0.038) 0.29 (0.07)
2 0.837 (0.025) 0.115 (0.027) ‘ 0.101 (0.017) ‘ 0.04 (0.04)
MIN-22 1 0.982* (0.04) 0.739* (0.039) ‘ 0.663* (0.044) ‘ 42.45% (4.38)
2 0.900% (0.025) 0.614* (0.051) ‘ 0.489% (0.052) ‘ 38.42* (4.32)

*Statistically different from the best individual model on the same chemical library, p < 0.001.

EFg.01 0f0.29 £ 0.07 in the first retrospective screen, indicating compoundsS (PAINS) (Baell and Holloway 2010; Magalhaes et al.,

that there was plenty room for improvement (note that, 2021). The structures of the 43 hits are shown in the

despite the good AUC ROC, the early enrichment metrics Supplementary Figure S2, together with the structures of the

clearly had suboptimal values). 80 active molecules of the Training set (Supplementary
The systematic combination of the 2 to 100 individual Figure S3).

models was performed, using five different operators to
combine the scores of the individual models (Figure 1A). The
model ensemble obtained by combining 22 models via the MIN 3.3 Expe rimental validation
operator (MIN-22) provided the best results across different

metrics, greatly improving the early and overall enrichment. 3.3.1 Atpenin and tinostamustine inhibit MPro
Its results in both retrospective screens are shown in Table 3; but do not affect the in vitro proliferation of
for comparative purposes, the results of the best individual model SARS-CoV-2

(MODEL 25) are also included. The following criteria were taken into account for selecting

the in silico predicted MPro hits to be assayed against the viral
proteases: i) promiscuous scaffold and PAINS were disregarded;
3.2 Prospective virtual screening ii) drugs with well-known molecular target(s) and physiological
effects; iii) good solubility and pharmacodynamics profile; iv)

By analyzing PPV surfaces (Figure 1B) built upon the first whether they have been tested against the target at the moment of
retrospective screening, an optimized score cutoff value of compound acquisition (already tested hits were disregarded); v)
0.546 was chosen for the MIN-22 ensemble to identify in commercial availability; vi) price. Four candidates meeting all
silico hits, corresponding to an estimated specificity of these desired features were purchased and tested (Figure 2).
0.998 and a minimum PPV value of 0.634 for a hypothetic Ya In order to allow the detection of slow-binding and low-
of 0.01. This indicates that, for that Ya, more than one every two affinity competitive inhibition of MPro, the drugs (25 uM) were
in silico hits would confirm the prediction when submitted to incubated for 1 h with the enzyme and, next, the reaction was
experimental confirmation. If a Ya of 0.1% is assumed, the same started by adding the substrate to a 4-fold sub-Ky; concentration,
score cutoff value would determine a minimum PPV of 0.147, respectively. Under these conditions, atpenin and tinostamustine
meaning more than 1 in 10 in silico hits would theoretically reduced MPro activity to less than 50% whereas the inhibitory
confirm the predicted activity. Note that the true Ya of a library is effect exerted by INT131 (22% inhibition) and haloxon (2%
ignored a priori. inhibition) was marginal and null, respectively (Table 4). The

The MIN-22 was applied in the virtual screening of three control drug ebselen, a well-known covalent inhibitor of MPro
different chemical libraries oriented to drug repurposing, (Menéndez et al., 2020), produced full inhibition of the protease.
DrugBank, the Drug Repurposing Hub and Sweetlead, and In order to verify the specificity of the in silico approach to
43 molecules were selected as potential inhibitors of MPro. identify MPro inhibitors in a selective manner, the four drugs
The identity of these hits is shown in Supplementary Table were assayed against the second cysteine (papain-like) protease
S1, as well as their estimated PPV, their original indication, of SARS-CoV-2, namely PL-Pro. Except for the promiscuous
and whether they have already been tested against MPro thiol-inactivating agent ebselen, a reported covalent inhibitor of
according to ChEMBL (Gaulton et al, 2017), PubChem PL-Pro (Weglarz-Tomczak et al, 2021), the drugs did not
Bioassay (Wang et al,, 2017) and PostEra Moonshot (about (INT131 and atpenin) or only marginally (17% and 21%
half the hits had been assayed against MPro between the time inhibition at 25uM for haloxon and tinotamustine,
we initiated this study but before the moment of in silico hit respectively) affected PL-Pro activity (Table 4). The drug
acquisition) and if they presented any Pan-Assay INterference concentration causing 50% inhibition of MPro was within the
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FQ

H

Haloxon

cohegyol

INT131

TABLE 4 Inhibition of recombinant SARS-CoV-2 proteases by MPro hit drugs identified in silico.

Compound % Activity MPro® % Activity PLPro? ICso MPro (uM), (hill coefficient) MPro
Vmax (M s™") Ky (M)
None 100 100 — 43+£.5x107 19+ 12
Haloxon 98.7 + 3.0 83.1 + 234 — — —
INT131 782 % 6.9 114.1 + 7.9 — — —
Atpenin 37.9 0.9 124.3 + 49 0.98 + 0.44 (1.11) 3.6+ 06 x 107 13+ 10
Tinostamustine 289 + 6.5 78.7 + 4.1 395+ 221 1.1 +£03 x 107 15 + 21
Ebselen® 0.0 + 2.6 41+75 0.049 + 0.007 (2.1) — —

“Reported values correspond to assays performed with compounds added at a final concentration of 25 uM.

“Inhibition control drug.

“The large errors in the kinetic determinations are due to an increase in background FRET signal at high substrate concentrations.

same order of magnitude for atpenin (ICs5, = 1uM) and
tinostamustine (ICso = 4 uM), and >20-fold lower for ebselen
(ICso = 50 nM; Table 4 and Figure 3A).

The concentration-response curves show that atpenin is a
partial inhibitor of MPro whereas the inhibition exerted by
tinostamustine shows a linear correlation with drug
concentration (Figure 3A), though within the concentration
range tested full enzyme inhibition is not achieved.

In contrast to ebselen and tinostamustine, MPro inhibition
by atpenin achieved an apparent plateau at concentrations above
1 uM (Figure 3A). This effect cannot be ascribed to a limited
solubility of the compound (e.g., at concentrations higher than

5 uM) because the theoretical LogP (10-based logarithm of the
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octanol-water partition coefficient of a molecule) and Log$ (10-
based logarithm of the water solubility of a molecule) values for
atpenin (2.89 and -2.88, respectively) are lower than those
estimated for tinostamustine (3.92 and —2.97, respectively), a
compound not showing saturation of enzyme inhibition within a
three-orders of magnitude concentration range. Moreover,
atpenin entails only a minor reduction (16%) in MPro’s V.«
and apparent Ky for substrate (Table 4), suggesting that this drug
is an acompetitive inhibitor of MPro.

For tinotamustine, kinetic analysis revealed a 4-fold
reduction in MPro reaction velocity and not significant
alteration in the apparent substrate Ky (Table 4), which is
suggestive of a non-competitive (reversible) or an irreversible
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Drug testing against MPro and SARS-CoV-2. (A) Concentration-response plots for MPro inhibitors. The data were fitted to non-linear
(sigmoidal, for atpenin and ebselen) or linear (tinostamustine) equations. (B) Concentration-response plots for anti-viral and cytotoxic activity against
SARS-CoV-2 Vero-infected cells. Viral replication and cell viability were quantified by measuring levels of SARS-CoV-2 nucleocapsid protein and
host nuclear DNA by fluorescence microscopy. For further details see Section 2.4.1 and Section 2.5.

inhibition mechanism. In order to determine by which of both
mechanisms the drug is inhibiting MPro, the enzyme was treated
with a stoichiometry excess of tinotamustine that yields ~50%
enzyme inhibition, and then the compound was removed by
diafiltration. Before and after ultrafiltration the activity of
untreated and tinomastutine-treated MPro was 100% * 14%
and 43% + 9%, and 100% + 9% and 46% * 6%, respectively. Since
MPro activity could not be restored upon removal of the drug,
this result indicates that tinostamustine exerts an irreversible
inhibition of the viral protease.

The capacity to inhibit the proliferation of SARS-CoV-2
(Wuhan strain) was assayed for atpenin and tinostamustine in
a cell infection model. Ebselen was included as compound
control whereas chloroquine, lopinavir, and remdesivir were
included as clinical drug controls. All molecules were tested at
concentrations embracing three-orders of magnitude. As shown
in Figure 3B, at none of the concentrations tested, atpenin and
tinostamustine significantly affected the proliferation of SARS-
CoV-2. In contrast, ebselen (ICso = 9.7 uM) and the control
clinical drugs (plots not shown; IC5, = 10.4 pM for chloroquine,
IC50 = 14.2 uM for lopinavir, and ICsy = 9.9 uM for remdesivir)
displayed anti-viral activity in the low micro-molar range. In
contrast with atpenin and ebselen, tinostamustine resulted
markedly cytotoxic at concentrations above 10 uM (Figure 3B).

4 Discussion

As shown in Table 2, the overall percentage (accuracy, Acc)
of good classifications of the best performing individual models
was acceptable (around 80%) for the training set. In all cases, the
mean Acc of the randomized models was similar to the NOMER,
which is 0.5 for our balanced training set. These results clearly
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demonstrate the low probability of spurious relationships.
Regarding the cross-validation, the mean Acc across the folds
falls about 10% (compared to the Acc on the training set) for four
of the five best performing classifiers, suggesting some degree of
overfitting and suboptimal robustness. For one of the individual
models (model 442) this behavior is accentuated, as it displays the
highest Acc on the training examples (0.894) but the lowest mean
accuracy in the cross-validation (0.673). This justified resorting
to model combination and it was convincingly shown that the
selective combination of individual models into a meta-classifier
improved the predictive ability, especially in terms of early
enrichment in the retrospective screening experiments.

The in silico approach applied for the identification of
inhibitors of MPro proved successful in identifying molecules
with selective activity against the viral protease. Two drugs, a
cardio-protective agent (atpenin) and an anti-cancer agent
(tinostamustine) agent, out of a minor number (four) of
candidates tested displayed low uM inhibitory activity and
different inhibition mechanisms towards Mpro from SARS-
CoV-2. Some key points in the modelling procedure that
could explain the success of our virtual screening campaign are:

a) A careful curation of the database from which the linear
classifiers were inferred (following the well-known “garbage
in, garbage out” principle in computer science, which states
that flawed input data produces poor output);

The fact that we chose to infer model classifiers, based on a
binary classification of the training examples into “active” and
“inactive” categories, rather than regression models aimed at
fitting and predicting a quantitative measure of activity, e.g.,
K; or pICsy. Moreover, we employed a “safety” window to
label active and inactive compounds: for those data points
with reported ICs, values, compounds with ICsy < 10 uM
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were flagged as ACTIVE compounds, and compounds with

ICs > 20 uM were considered as INACTIVE. In our opinion,

these two decisions helped to mitigate noise related to

mislabeling and inter-laboratory variability in the observed
response (note that our dataset gathered data obtained in
different labs).

¢) The use of ensemble learning, which is known to improve the
reliability of the predictions. Remarkably, the chosen model
ensemble for the prospective virtual screen was based on the
MIN operator, which is quite a conservative way of
combining the ensembled models: if only one model
provides a low score to a given compound, the compound
will be labeled as inactive. In other words, an ensemble based
on this operator will only provide a high score for a
compound if all the combined models provide a high
score, ie., if they agree in the prediction made;

d) Finally, we believe that a critical point of our protocol is the
use of two retrospective screening experiments to assess the
enrichment behavior of the individual models and the model
ensembles. For such purpose, we used not only to enrichment
metrics that reflect the average enrichment (AUC ROC) but
also early enrichment metrics (BEDROC, EF0.01), the latter
being the most critical when performing a virtual screening
campaign (Truchon and Bayly 2007).

Atpenin is an antifungal antibiotic isolated from
Penicillium sp., with high affinity for the ubiquinone-
binding site of succinate dehydrogenase (Miyadera et al,
2003). Due to the potent inhibition exerted by atpenin on
the mitochondrial complex II, this drug has been used as
cardioprotective  agent for counteracting ischemia-
reperfusion injury (Wojtovich and Brookes. 2009; Drose
et al, 2011). Preliminary kinetic characterization suggests
that MPro inhibition by atpenin is acompetitive. SARS
coronavirus MPro has been shown to undergo important
conformational changes during and pre-catalysis, the last
including substrate-induced protein dimerization (Chang.
2009; Wu et al,, 2013; Zhang et al., 2020). Thus, a possible
mechanism by which atpenin affects MPro activity may
involve a perturbation of the monomer/dimer equilibrium
(e.g. increase in dimer Kp) and/or in the cooperativity
between the dimer subunits.

Tinostamustine is a fusion molecule that combines the strong
DNA damaging effect of bedamustine (Cheson and Leoni, 2011)
with the pan-histone deacetylase inhibitor moiety of vorinostat,
providing a first-in-class alkylating deacetylase inhibitor
(Festuccia et al., 2018). Our experimental data is consistent
with an irreversible inhibition of the viral protease by
tinotamustine. Solvent accessible and un-protonated cysteine
residues (i.e., thiolate) of MPro qualify as nucleophilic targets
for alkylation by tinostamustine. From the five cysteines in
thiolate state present in MPro (Cys22, 38, 44, 128, and 145),
three of them are located close to the protein surface: Cys22,
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Cys128, and Cys145 (Kneller et al., 2020). Since kinetic assays
with tinostamustine suggested a non-competitive inhibition of
MPro (impairment in V. and not in substrate Ky), the
catalytic Cysl145 is a top candidate for, probably, irreversible
modification by this drug. Nonetheless, further assays are needed
to elucidate if tinostamustine acts as a covalent or tight-binding
(non-covalent) inhibitor of MPro.

The lack of antiviral activity observed for atpenin and
tinostamustine could be explained by the impossibility, under
our assay conditions, of reaching effective concentrations at
intracellular level able to affect viral replication and not cell
viability within 24 h. This requirement is fulfilled by ebselen, a
control compound that inhibited by 50% the replication of SARS-
CoV-2 at a concentration 200-folds higher than its ICs, against
MPro (0.049 uM; Table 4). Assuming a similar behavior for
atpenin (IC50 for MPro = 098 uM) and tinostamustine
(IC50 for MPro = 4 uM), the antiviral EC5, would be 196 and
800 uM, respectively. These values are far higher than the
maximal concentration tested (50 pM).

An additional factor that may contribute to the observed
low in cellulo activity of the compounds might relate to the
conditions of our infection assay, which is very demanding in
terms of favoring the detection of highly active molecules. For
instance, i) it relies on Vero cells, a cell line where SARS-
CoV-2 (Wuhan strain) has been shown to display maximal
replication kinetics compared to human colon (CaCo-2) or
lung (Calu-3) cells (Mautner et al., 2022), ii) viral infection
and compound treatment is initiated simultaneously, and iii)
viral replication is determined after 24 h incubation. In line
with this statement, and supporting our current finding that
atpenin is targeting an essential viral protein, a recent study
in pre-print (Renz et al., 2022) reported an ECs of 0.45 and
0.68 uM for atpenin A5 against two SARS-CoV-2 strains
infecting Calu-3 cells treated for 24 h prior to infection
with the compound and then incubated for additional 48 h
before assessing viral load (total assay time = 72 h).

With respect to tinotamustine, a novel repurposing
strategy for COVID-19 emerged recently. The accumulation
of highly acetylated histones induced by this drug (and
compounds with a similar mode of action) results in
induction of chromatin remodeling and modulation of gene
expression, which has been shown to reset the deregulated
immune reaction observed in severe COVID-19, particularly
by the
(Ripamonti et

lowering uncontrolled inflammatory
2022).  Thus, the

polypharmacological effect of tinotamustine in COVID-19,

response
al., potential
i.e., amelioration of host’s cytokine storm and inhibition of
viral MPro, merits further investigation.

In conclusion, our results pave the way towards a
retrospective examination of analogues (Selby et al, 2010;
Krautwald et al, 2016; Wang H et al, 2017) and building-
blocks (Mehrling and Chen 2016) of
tinotamustine. On the other hand, the high predictive rate of

atpenin and
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the in silico method applied to identify SARS-CoV-2 MPro hits,
prompt to extent the experimental screenings towards the

remaining in silico candidates.
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