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human cells.
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ABSTRACT

The most rapid path to discovering treatment options for the novel coronavirus SARS-CoV-2 is to find
existing medications that are active against the virus. We have focused on identifying repurposing
candidates for the transmembrane serine protease family member II (TMPRSS2), which is critical for
entry of coronaviruses into cells. Using known 3D structures of close homologs, we created seven
homology models. We also identified a set of serine protease inhibitor drugs, generated several
conformations of each, and docked them into our models. We used three known chemical (non-drug)

inhibitors and one validated inhibitor of TMPRSS2 in MERS as benchmark compounds and found six
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compounds with predicted high binding affinity in the range of the known inhibitors. We also showed
that a previously published weak inhibitor, Camostat, had a significantly lower binding score than our six
compounds. All six compounds are anticoagulants with significant and potentially dangerous clinical
effects and side effects. Nonetheless, if these compounds significantly inhibit SARS-CoV-2 infection,

they could represent a potentially useful clinical tool.
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INTRODUCTION

A novel coronavirus, severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), emerged
in December 2019 and has since spread to 166 countries and territories around the world [1]. With over
190,000 cases and 7,800 deaths as of March 18, 2020, the discovery of effective treatments for the virus is
an urgent public health need [2]. One promising drug target for SARS-CoV-2 is the transmembrane serine
protease family member II (TMPRSS2). TMPRSS2 is a host protein that sits on the cell membrane and
mediates the entry of pathogenic human coronaviruses into cells by cleaving and activating the viral Spike
(S) protein [3-6]. TMPRSS?2 is co-expressed in lung tissue with angiotensin converting enzyme 2 (ACE2)
which acts as the cell surface receptor for SARS and SARS-CoV-2 [7,8]. Knockout of TMPRSS2
reduces the spread of severe acute respiratory syndrome (SARS-CoV) and Middle East respiratory
syndrome (MERS-CoV) in the airway of a mouse model [9]. Kawase et al. showed that inhibition of
TMPRSS2 by serine protease inhibitor Camostat blocks the entry of SARS-CoV in human Calu-3 airway
epithelial cells at 10 micromolar concentrations [10]. A 2016 screen of 1,017 drugs found that the serine
protease inhibitor Nafamostat inhibited TMPRSS2 and prevented S-protein mediated membrane fusion of

MERS-CoV [11]. Recently, Hoffman et al. showed that SARS-CoV-2 also binds the ACE2 receptor, and



that Camostat blocks the entry of SARS-CoV-2 into human lung cells [12]. There are several other small
molecule inhibitors that have been reported to inhibit TMPRSS2 with low nanomolar affinity[13], but
these are chemicals that have not been tested for safety in humans. Medications are urgently needed to
treat SARS-CoV-2, and one of the most rapid pathways would be to find existing medications that inhibit
TMPRSS2.

Computationally modeling protein structures and protein-ligand interactions can be an effective
method for predicting the binding of small molecule drugs to protein targets. Previously, we have used
protein structure modeling approaches to assess the functional utility of CASP predictions [14], identify
novel off-target activities of kinase inhibitors [15], estimate the maximum therapeutic recommended dose
of small molecule drugs [16], and show that selective estrogen modulators (SERMS) can interact with
taxane binding sites and influence microtubule dynamics [17]. In this work, we use protein structure
modeling to create seven plausible models of TMPRSS2, and computationally screen several approved
small molecule serine protease inhibitors for activity against TMPRSS2. The advantage of screening for
approved drugs is that they have guaranteed safety profile and can be readily deployed for clinical use.
We identify a number of promising anticoagulant drugs currently on the market that have predicted
binding energies close to the known chemical inhibitors, and thus might be suitable for experimental

follow up.

METHODS
Ligand Library Preparation

We searched Pharos [18] for active ligands of TMPRSS2. We used the sequence of the
TMPRSS2 homologs (e-value < 10**10, described in next section) to identify a set of serine protease
inhibitor drugs that might also bind TMPRSS2. We did this by assessing likely pocket similarity through

sequence alignment, reasoning that drugs that bind the most similar pockets are most likely to bind



TMPRSS2. We then searched DrugBank [19] for these related serine protease targets and selected
inhibitors that are currently marketed or discontinued in human trials. The list of these possible inhibitors
is shown in Table 1. We obtained isomeric and canonical Simplified Molecular-Input Line-entry System
(SMILES) strings for these molecules from DrugBank and PubChem [20] and generated conformers,
tautomers, and ionization states at pH 7.0 £ 2.0 for each compound using LigPrep [21]. We generated all
enantiomers in cases where chiral centers were present, but stereochemistry was unspecified. The
resulting set of ligand conformations is our “ligand library.” Input parameter files for ligand preparation

are included in the Supplemental Material.

Homology Ensemble Preparation

We downloaded the amino acid sequence for the TMPRSS2 catalytic domain from UniprotKB
[Uniprot Accession O15393]. We used the following workflow using the Schrodinger Advanced
Homology Modeling Interface: (1) we searched the Protein Data Bank (PDB) for template structures
based on sequence similarity (using BLASTp); (2) we identified globally conserved residues in the
sequence (HMMER/Pfam [22]) ; (3) we selected high scoring (used BLASTp e-value) templates from
three closely related proteins (Human Plasma Kallikrein, Factor Xla, Hepsin); (3) we predicted and
aligned secondary structure motifs using the single template alignment (STA) setting; and (4) we refined
the resulting homology structures by optimizing hydrogen bond assignments and minimizing side chain
energies, using the protocol of Ramachandran et al. [23]. Input parameter files for each step in our

homology modeling workflow are included in the Supplemental Material.

Docking
We used the SiteMap tool [24], which scans protein structures for putative binding sites, to

identify the active binding site regions in our homology model structures. To check the accuracy of the



specified regions, we manually inspected the proximity of the predicted binding site to the serine protease
catalytic triad (Ser-Asp-His). If no predicted binding sites were located near the catalytic triad of a
homology model structure, we did not use that structure for docking. We docked the conformers in our
ligand library with the active site of each homology model using Glide [25]. To ensure that compounds
were docked in the correct site, we compared homology structures docked with active ligands to their
original template structures by visual inspection and using PocketFEATURE. PocketFEATURE is a
program that compares two 3D pockets in proteins and assesses their overall similarity with a score [26].
We used a PocketFEATURE cutoff of -4.0 (Supplementary Figure 2) as an indication that the pocket had
not been greatly disrupted during modeling and docking. Input parameter files for each step in our

docking workflow are included in the Supplemental Material.

RESULTS

Our ligand library consisted of 19 small molecules, each adopting an average of 1.89 steric
conformations for a total library size of 36. We created seven homology models using our protocol to
ensure that results were robust to anomalies that might arise from sources of variability such as
differences between serine protease family members with similarly high e-values, or bound ligands that
influence protein conformation and binding site geometry. The resulting seven models represent an
ensemble of structures with an average root mean squared deviation (RMSD) of 1.27 Angstroms and a
maximum RMSD (between model 105E and model 4NAS8) of 1.675 Angstroms. Figure 1 summarizes
the way in which these homology models differ, the location of their active site, and their energy. Table 2
shows their pairwise RMS distances.

Figure 2 shows a heatmap of the docking scores normalized by rank, with the most stable being
dark (lowest energy) and the least stable light (high energy, unfavorable). The known non-drug inhibitors

(45899577, 56677007, 56663319) all had at least one conformer that bound all the models with very low



energy, serving as positive controls. Camostat, which was reported by Hoffman et al. to bind the protein
in the 100 micromolar range [12], has a median binding energy. Nafamostat, which was reported by
Yamamoto et al. to inhibit TMPRSS2 at 10-fold lower concentration than Camostat, ranked third.

Several other human trial compounds and marketed drugs have a favorable low binding energy in many
or all of the homology models. These include at least one conformer of Argatroban, Otamixaban,
Letaxaban, Darexaban, and Edoxaban. Figure 3 shows a box-plot of the docking scores of these drug
conformers to all seven homology models more quantitatively. Table 3 shows a summary of the predicted
high-binding drugs, their lowest and average docking scores, their status as marketed or experimental,
their marketed indication, and their most common side effects. Figure 4 shows key electrostatic
interactions between the docked chemical structure of the best scoring ligand (Otamixaban) and residues

in the binding pocket of a TMPRSS2 homology model.

DISCUSSION

SARS-CoV-2 is a highly infective and often lethal virus. Medical treatments are urgently
required while longer term approaches such as new targeted therapies and vaccines are being developed.
Currently marketed drugs that may incidentally reduce the infectivity of the virus are the fastest path to
potential treatments. In this report, we used computational methods to discover drug repurposing
candidates for TMPRSS2, a target identified in previously published work for its role in infection by
coronaviruses. We generated seven homology models and used a standard docking protocol to evaluate
the binding of three known non-drug inhibitors of TMPRSS2 and other several serine protease inhibitors.

The known inhibitors provide a positive control in our work. These include the three chemicals
reported as known inhibitors, but importantly also include Nafamostat, which has been shown to inhibit
the MERS coronavirus through a TMPRSS2-mediated inhibition [11]. Nafamostat ranks third among our

novel hits, and so makes the first two hits particularly interesting for followup. For these four positive



controls, the uniformly low docking scores give confidence that our protocol is generating homology
models and docking results that are consistent with previous work. In addition, Camostat’s relatively
lower binding affinity is consistent with its placement in the middle of our list of candidate inhibitors.
The lowest energy predictions may therefore be reasonable candidates for taking forward into in vitro
validation experiments—and appropriate subsequent studies if these are positive.

All of the predicted low-energy binding molecules have anticoagulant activity. They also have a
wide range of adverse events reported, including abnormal liver function tests, rash, anemia, and of
course bleeding-related adverse effects. Therefore, even if they prove to be effective inhibitors of
TMPRSS2 and useful for combating SARS-CoV-2 infections, they would need to be used carefully by
physicians in order to trade off the risk of the viral infection with the risk of these drugs. Patients should
clearly not use these prescription medications except under the supervision of a physician. Additionally,
our observations are only a first small step in determining whether these drugs have activity against the
virus and their potential clinical utility.

The search for a TMPRSS2 inhibitor need not find an extremely avid binder to be a useful
medication in a clinical setting. Many diseases ultimately respond to several medications with different
mechanisms of action, taken in combination. This strategy has two benefits. First, it makes it more
difficult for the pathogen to evade treatment with a single mutation—multiple mutations would likely be
required to develop resistance to multiple drugs. Second, by interfering with the pathogen at multiple
points in its underlying pathways, the treatments can be more effective at eliminating the pathogen. The
introduction of combined therapy in HIV was pivotal in changing the success rates of medication, and
many other diseases have benefited from a polypharmacy approach. Thus, our results may provide a path

for one part of a developing arsenal of medications that weaken or eliminate the virus.



We are seeking experimental confirmation of these findings through in vitro assays that can quantify the

relative impact of both the known inhibitors and our predictions.
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TABLES

Drugbank ID Name Target

DB00278 Argatroban Prothrombin
DB04898 Ximelagatran Prothrombin
DB06228 Rivaroxaban Coagulation factor X
DB06605 Apixaban Coagulation factor X
DB06635 Otamixaban Coagulation factor X
DB06695 Dabigatran Prothrombin
DB09075 Edoxaban Coagulation factor X
DB12598 Nafamostat Coagulation factor X
DB12831 Gabexate Plasma kallikrein
DB12364 Betrixaban Coagulation factor X
DB06920 Eribaxaban Coagulation factor X
DB11984 Letaxaban Coagulation factor X
DB12863 Sivelestat Neutrophil Elastase
DB13729 Camostat Prostasin

DB12289 Darexaban Coagulation factor X

Table 1. A list of repurposing candidates by searching Drugbank for targets that were similar in sequence
(BLAST e-value < 10**-10) and structure (PocketFEATURE similarity < -4.0). We chose compounds
that had advanced into clinical trials. Most of the compounds are anticoagulants that target human serine

proteases which are active in the clotting cascade.



Template 1 Template 2 RMSD Pocket Score'
105E 2ANY 1.350 -11.63
105E 4NAS 1.675 -9.25
105E 5CEl 0.648 -7.94
105E STIX 1.527 -8.90
105E 601G 1.565 -7.47
105E 3W94 1.144 -6.26

2ANY 4NAS 1.136 -9.71
2ANY 5CE1 1.337 -10.13
2ANY STIX 0.923 -10.84
2ANY 601G 1.086 -9.19
2ANY 3Wo4 1.252 -6.96
4NAS 5CE1 1.582 -9.51
4NAS STIX 0.979 -9.18
4NAS 601G 1.055 -7.59
4NAS 3W94 1.558 -6.89
5CEl1 STIX 1.322 -8.92
5CE1 601G 1.561 -7.94
5CEl1 3W94 1.127 -7.42
5TIX 601G 0.955 -9.35
STIX 3Wo4 1.454 -8.32
601G 3W94 1.515 -6.84

Table 2. RMSD values were computed for each pair of homology model structures in our ensemble. The
average RMSD was 1.27 Angstroms. The maximum RMSD was 1.675 Angstroms. This is close to the
length of an alkane bond (1.54 Angstroms), and less than what is considered good resolution for a protein
crystal structure (2.4 Angstroms). 'PocketFeature computes the similarity of binding sites by comparing
sets of protein microenvironments [15]. Scores below -4.0 indicate very high similarity (Supplementary

Figure 2). Highly similar pockets are likely to bind the same ligands. We have previously used



PocketFeature to identify novel off-target activity of kinase inhibitors and SERMs [15,17]. Here we use it
to assess the similarity of homology model binding sites. The binding sites of our homology models
exhibit extremely high similarity in a range which is typically observed for different crystal structures of

the same protein.



Name Status Indication' Side Effects? Min Score | Avg Score
Otamixaban Catheter site hematoma
Experimental | Thrombosis Gastrointestinal hemorrhage -10.81 -7.29
Vascular pseudoaneurysm
Areatroban Thrombosis Increased INR
£ Marketed Heparin induced Prolonged aPTT -8.45 -6.29
thrombocytopenia Hemorrhage
Nafamostat Marketed Disseminative l?lood Platelet count dgcreaseq 814 508
vessel coagulation Abnormal hepatic function
Letaxaban Thrombosis Angina Pectoris
Experimental | Venous Epistaxis -7.60 -6.26
thromboembolism Hematuria
Darexaban Thrombosis
Experimental | Venous Bleeding events -6.67 -5.83
thromboembolism
Edoxaban Thromboembolism Ga.s tromtestmal hemorrhage
Marketed . . Epistaxis -6.62 -5.43
Deep vein thrombosis Rash

Table 3. Six selected compounds with the highest minimum docking scores, annotated with their

marketing approval status, indications, most frequently observed side effects, minimum docking score,

and average docking score. Docking scores provide a rough estimation of binding energy ( AG, kcal/mol)

[27,28]. Lower scores indicate higher binding affinity. Docking scores may vary depending on the

system, however generally scores less than -7.5 indicate high affinity binding. 'Indications were compiled

from FDA drug labels and clinical trial records. *Side effects were compiled from the FDA adverse event

reporting system (FAERS) and clinical trial records.




FIGURES

Figure 1. Aligned homology model structures with template structure 105E (Hepsin/TMPRSS1, not
shown) to highlight the differences between the model structures and the active binding site. The model
structures vary in loop regions outside of the active site. The large variation in loop at the three o’clock
position (Res 83—-88, NKTKSD) suggests that this region may be important for controlling the size of
ligands that can enter the pocket. The average energy of the structures is -8573 £ 167 kcal/mol. The

RMSD of the binding site prediction centroids is 2.4 Angstroms.
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Figure 2. Docked conformers for known active ligands of TMPRSS2 and FDA-approved serine protease
inhibitors to an ensemble of homology models generated from protein structure templates. The
compounds are clustered by docking score rank. Darker cells indicate better docking scores. Columns
correspond to homology models of TMPRSS2. Rows correspond to conformers. Molecules appended

with numbers (i.e. dabigatran, dabigatran-2, etc) denote different conformers. Known active ligands



(Pubmed CIDs 4689977, 56677007, 56663319) ranked highest across all homology models. Argatroban,
Otamixaban, Letaxaban, Darexaban, Edoxaban, Betrixaban, and Nafamostat also ranked highly across a
majority of model structures and clustered together with known active ligands. Nafamostat is reported to
inhibit TMPRSS2 mediated cell fusion of MERS-CoV in vitro at high nanomolar concentrations.[11]
Camostat, which was shown to inhibit SARS-CoV-2 entry in vitro at micromolar concentrations, was

close to the median.[12]
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Figure 3. Docked conformers for known active ligands of TMPRSS2 and FDA approved serine protease
inhibitors to an ensemble of homology models generated from protein structure templates. The box for
each conformer shows the range of docking scores over all homology models. Different conformations of
the same molecule are appended with numbers (i.e. dabigatran, dabigatran-2, etc). Lower scores indicate
better docking and scores below -7.5 are considered promising.[27, 28] Known active ligands (Pubmed
CIDs 4689977, 56677007, 56663319) had lowest docking scores. Agatroban, Nafamostat, Otamixaban,

and Letaxaban scored below -7.5 for at least one model.
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Figure 4. The interactions between our TMPRSS2 homology model and docked chemical structure for
Otamixaban. Otamixaban blocks access to the catalytic triad (His 41, Asp 180, Ser 186) by forming a pi
stacking interaction with His 41, salt bridges with Glu 44, Lys 45, and hydrogen bonds with Asp 180, Gln
183, and Gly 209. The hydrogen bonding interaction between the Asp 180 and the amidine group of
Otamixiban is similar to the interaction between Benzamidine and Plasma Kallikrein in template structure

2ANY.
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Supplementary Figure 1. Ramachandran plot for validating homology model structures. Triangles
denote Gly residues. Squares denote Pro residues. Here we show the plot for the model generated from

3ANY (Hepsin/TMPRSS1). Over 90 percent of residues fall into the core regions of the plot. Very few

residues fall into disfavored regions.
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Figure 2. Distributions of PocketFeature scores for homology models and a set of 5,049 druggable
binding site from scPDB.[29] Fewer than one percent (1%) of PocketFeature scores for scPDB pockets

were less than -4.0, while all homology models had pocketFeature scores less than -4.0.



