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Molecular docking in epidemics and pandemics

Elissa Fink
Abstract
There is always a new therapy to discovered, either by overcoming side effects or other liabilities
in current drugs, or through exploring new technologies, proteins, or diseases. Focusing on small
molecules, the initial stages of the drug discovery process require the identification of molecules
modulating a protein of interest. In Chapter 1, one approach available for discovery is described —
molecular docking to discover new small molecules of interest from virtual chemical databases.
This thesis applies the approach to overcome side effects of current opioid pain drugs, to identify

new antivirals for SARS-CoV-2, and to probe larger applications of the growing chemical space.

Chapter 2 describes how the computational approach identifies new nonopioid pain therapeutics
acting through the axa-adrenergic receptor (02aAR). Here, we show the translational impact of
computational predictions as many are efficacious in mice. We argue a case for further drug
discovery focused on this protein, because not only were the opioid side effects avoided, but also

a characteristic axaAR-caused side effect is not seen with new compounds.

Chapter 3 demonstrates application of the computational technique to an understudied viral
protein, the SARS-CoV-2 nonstructural protein 14 (nsp14), using different subsets of the chemical
databases for targeted results. Here, ‘traditional’ noncovalent ‘lead-like’ subsets, smaller
‘fragment’ molecules, and covalent molecules are utilized and successfully identify nspl4
inhibitors. We show in a pandemic-driven project that multiple techniques are needed to progress

towards antivirals inhibiting an understudied protein.



Chapter 4 continues the themes of Chapter 3, but with the SARS-CoV-2 main protease (MF™).
Here, we use a similar approach with different types of chemistry found in the databases and
identify numerous inhibitors. Structural studies demonstrate the computationally predicted and
experimental ligand geometries are in high agreement. Finally, we begin to probe the antiviral
efficacy of these new compounds and contribute the knowledge to the field for further antiviral

development.

Chapter 5 focuses on a new application of the virtual screening of chemical databases. Here, we
ask if this approach can be applied prospectively to discover molecules with polypharmacology —
having designed activities on multiple proteins of interest. We simulate the effect of the growing
chemical databases to understand their effect on docking for polypharmacology. This chapter also
blends into the most immediate future directions of the thesis work and is described in context of

pain therapeutic discovery.
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Chapter 1

Introduction to Virtual Screening

If I could spend the rest of my working life doing one thing, it might be to look at 3-dimensional
protein-ligand complexes. When I learn of new proteins or small molecules, one of my initial
reactions is to see if an experimentally determined protein structure exists in the Protein Database
(PDB; www.rcsb.org), and then to see if there is a structure with ligand bound. Ever wondered
what morphine (/) (8EF6), a hallucinogen (2) (6 WGT), or ondansetron (3) (6W1M; my favorite
drug) look like in 3D while at work in your body? When looking at these structures, it is so
interesting to see what interactions (4) the proteins require from ligands that bind to them,

especially if you can exploit them further to design or discover new small molecule therapeutics.

There are many techniques to discovery new ligands that bind, inhibit, or activate a protein of
interest, both experimental and computational (5, 6). Akin to my own interest, molecular docking
is a computational technique that combines a 3D protein structure with 3D structures of molecules
to evaluate their complementarity (7). Historically, these predictions have successfully identified
new ligands for proteins for use as chemical research probes (8, 9) or precursors to potential
therapeutics (/0—14). Understanding these predictions with experiments has, and at the same time,
has not, evolved over time. We can test if the molecules do in fact bind, and this is often the
primary metric to determine if our computation performed well. Using x-ray crystallography, and
now cryo-electron microscopy (cryo-EM), we can compare the predicted and experimentally
determined protein-ligand interactions (/5—/8). For therapeutics, some proteins require more

specific modulation of a small molecule and that too can be tested experimentally in cells or even



animals (/9-21). Together, we can expand the story of a molecule past its immediate protein-

ligand interactions.

The computational throughput has increased with time, thanks to improving software and
hardware. Previously, computing protein-ligand complexes took a long time and the number of
ligands one could test had to remain small. At some point, throughput increased and now thousands
and millions of molecules could be tested computationally (15, 16, 22-24). In parallel, great
chemists aspired to increase “chemical space” — the predicted total number of 10%° molecules (25)
that could potentially exist on Earth. The race to improve hardware and collections of molecules
in virtual chemical databases (26, 27) continued... the field passed thresholds of tens-of-millions,

hundreds-of-millions, and billions of molecules available for molecular docking.

Even if we (the collective, not me) could synthesize all of the possible chemicals on Earth, why
do it? Often, the bigger the better. As more and more molecules were added into the databases and
molecular docking screens this held true (15, 16, 28). More and more molecules that bind and
modulate a protein of interest occurred. Currently, the success rate of the computational predictions
falls in 20-60% (8, 10, 12, 14, 16, 29, 30). With larger databases, some new biological outcomes
were achieved sometimes with very important physiological outcomes (/0—12, 14). More potent
molecules are identified, new types of chemical scaffolds are discovered even for proteins that are
very widely studied with lots of characterized ligands available (/3, 15), new protein-ligand
interactions are observed, and in turn differentiating cellular effects are discovered. In context to

therapeutics, the technique has identified new p-opioid receptor pain therapeutics thought to



hopefully have less side effects (/0), anti-depressants acting similar to LSD but without

psychedelic effects (/3), circadian rhythm modulators (/4), to name a few studies.

It is rewarding when computational predictions a) are tested by people, b) a large proportion
actually work experimentally, and c) they have interesting features that continue to reveal new
things about even the most highly studied protein and signaling systems. It is also very special to
apply a successful, fun technique to problems that do not just affect scientists, but the general

public across the world. That is a value that guides the following research in this thesis.

In the following chapters, I apply molecular docking and chemical databases to discover new pain
and antiviral therapeutics in light of on-going epidemics and pandemics. Specific to the opioid
epidemic in Chapter 2, I explore nonopioid proteins that could be modulated in pain signaling
circuitry. This is a larger theme in the lab, and in combining the overall work, I also begin to apply
the concept of polypharmacology to pain in Chapter 5. With polypharmacology, we hope to
discover new ligands that can modulate multiple protein nodes of the pain physiological network
for a more efficacious therapeutic. In the midst of my Ph.D. a pandemic broke out, halting life but
at the same time creating great areas of public need for new SARS-CoV-2 antiviral therapeutics.
New discovery efforts were started, and in Chapters 3 and 4 I used different types of chemistry
within the virtual chemical databases to identify inhibitors of two viral proteins. I will revisit these

themes and motivations throughout the chapters with introductory Glosses.
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Gloss to Chapter 2
This chapter marks the beginning of my thesis research as my first project I took on after joining
the Shoichet lab. The timing coincided with the beginning of a large DARPA grant focused on
finding new pain therapeutics acting on any viable protein that was not the p-opioid receptor
(LOR), the protein through which opioids are efficacious. Naturally, I gained my own protein
target, the azxa-adrenergic receptor (02aAR), that was “highly recommended” by Brian. So, I set

out with my first docking project.

Fortunately, we knew axaARs are involved in physiological processes that can stop the perception
of pain, and that some FDA-approved a2aAR drugs are used in particular hospital settings for
treating pain. My contributions include setting up and optimizing computational software and files
leading to the ‘ultra-large’ virtual screen. While much of this is glossed over in the following
chapter, this is where I learned a lot about computational control experiments. Following the 301
million molecules computationally screened against axaAR, I also learned how to more rigorously
‘hit-pick’ molecules, or put another way, select 50 to 100 high quality molecules to purchase for
synthesis. Then, compounds were handed off to pharmacologists (Gmeiner and Bouvier labs),
structural biologists (Du lab), and in vivo pharmacologists and neurobiologists (Basbaum lab). We
learned through the culmination of their great work, that many compounds could modulate c2AARs
in cells and in mice, with pain relieving effects in the latter. Lots of additional compounds were
designed or experiments were performed. Perhaps the most surprising result was that the
compounds did not have the traditional axaAR-caused effect of sedation in mice. The mechanism
to which sedation does not occur is unknown, but further investigation will be valuable knowledge

for continuing the search of nonopioid pain therapeutics.



Things I learned along the way that are not in the following chapter: how to say dexmedetomidine
(dex-med-uh-toe-meh-dean), how *fun* it is to dissolve many small compound vials of 1-10 mg,
how to efficiently, although sometimes very inefficiently, ship to Germany, Canada, China,
Ukraine, and India, and how to tell reviewers you cannot add a full literature review into your

already very large manuscript.

Now some serious things I learned, also not in the following chapter. When I came to UCSF, I
hoped to do ‘computational drug discovery,’ but I thought I would only scratch the surface of what
my vision of this was. The following work demonstrated to me, and to the field along with other
papers from the lab, that actually we can do so much with these computational screens and have a
great impact. I could have never guessed compounds coming straight from computational
predictions would get through in vitro analysis unscathed and be efficacious in mice with no

optimization. Maybe it was luck with the right protein, maybe not.

I also learned how great and rewarding it is to bring together experts for scientific collaboration.
Having others test our computational predictions in cells, animals, and other assays for their ‘in
real life’ activities is immensely rewarding. As a team we can then tell the story of each molecule.
Through this great network of scientists, I also had the opportunity to learn from their respective
areas of expertise. It has helped me greatly improve my ability to digest data of all types and
communicate it forward to other audiences of all backgrounds. And finally, this was such an
enjoyable experience with fantastic, friendly people that made the project, meetings (even ones at

7 am), and process fun.
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2.1 Abstract

Because nonopioid analgesics are much sought after, we computationally docked more than 301
million virtual molecules against a validated pain target, the o2a-adrenergic receptor (c2aAR),
seeking new a2a AR agonists chemotypes that lack the sedation conferred by known axa AR drugs,
such as dexmedetomidine. We identified 17 ligands with potencies as low as 12 nanomolar, many
with partial agonism and preferential Gi and G, signaling. Experimental structures of axaAR
complexed with two these agonists confirmed the docking predictions and templated further
optimization. Several compounds, including the initial docking hit ‘9087 [mean effective
concentration (ECso) 52 nanomolar], and two analogs, ‘7075 and PS75 (ECso 4.1 and 4.8
nanomolar), exerted on-target analgesic activity in multiple in vivo pain models, without sedation.
These newly discovered agonists are interesting as therapeutic leads that lack the liabilities of

opioids and the sedation of dexmedetomidine.
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2.2 Introduction

Epidemics in pain (/) and in opioid-use disorder (2, 3) have inspired a search for nonopioid
analgesics (/, 4). The axa-adrenergic receptor (02aAR) is a nonopioid receptor targeted by
dexmedetomidine, a sedative that also has strong analgesic activity (5). Although
dexmedetomidine has many advantages in emergency room and intensive care settings, its strong
sedative effects (6, 7) and its lack of an oral formulation (8) have limited its broad use as an

analgesic. These properties are barriers for future therapeutics targeting this receptor.

Most o2aAR analgesics are chemically related, and the relationship of their sedative to their
analgesic properties is unclear. To find therapeutics with new pharmacology, we sought new
a2aAR chemotypes, topologically unrelated to known axaAR agonists. The oop-adrenergic
receptor (02BAR) active-state structure (9) became available, and its binding site is highly
conserved compared with that of axaAR (Fig. 2.S1); therefore, it should be possible to identify
new o2aAR agonists by structure-based docking. Meanwhile, the advent of readily accessible
make-on-demand (“tangible”) molecules (/0—12) ranging from hundreds of millions (10, 13, 14)
to more than a billion molecules (15, /6) has vastly increased the chemotypes available for ligand
discovery. Docking these libraries has revealed new chemotypes with 20 to 60% hit rates (/3, 14,
17-20) and sometimes nanomolar potencies for a growing range of targets (10, 13, 14, 18, 21-24),
often with new pharmacology (10, 13, 17, 25). Therefore, we targeted the aogs AR with an ultralarge

library docking screen.
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2.3 Results

Docking 301 million molecules versus the a2sAR

The ZINC15 and ZINC20 virtual libraries are comprised of millions to billions of tangible
molecules, depending on the molecular property range targeted, and are accessed by combining
hundreds of thousands of diverse building blocks through hundreds of well-characterized reactions
(10-12). Most of the molecules have not previously been synthesized and range in mass, calculated
LogP (cLogP) values (a measure of hydrophobicity), and formal charge. Given the small size of
the aoBAR orthosteric site, we docked both the 20 million fragment-like [compounds with smaller
masses of < 250 atomic mass units (amu)] and 281 million lead-like (compounds with larger
masses of 250 to 350 amu) molecules from the ZINCI1S5 library (both sets having cLogP < 3.5)
(11) (Fig. 2.1A). More than 233 trillion complexes, an average of 452,000 per molecule, were
sampled by DOCK3.7 and scored with its physics-based energy function (26) across three separate
screens (two fragment screens with different variables and one lead-like screen; see Materials and
methods). For each screen, the top 300,000 docking-ranked compounds were clustered for
topological similarity and then filtered to identify scaffolds dissimilar to known agonists using an
extended connectivity fingerprint (ECFP4). These agonists were drawn from the International
Union of Basic and Clinical Pharmacology (IUPHAR)-British Pharmacological Society (BPS)
database (27) and from the literature (28—37). Ligands with internal torsional strain were
deprioritized (32). An additional novelty filter removed molecules similar to annotated axaAR
compounds in CHEMBL29 (28). Of the remaining top-ranked cluster representatives, 5,000 from
each fragment screen and 20,000 for the lead-like screen were manually evaluated in UCSF

Chimera (https://rbvi.ucsf.edu/chimera) for key polar and nonpolar interactions with a28AR (9),

including with D92%32 F41273%, F387%°!, Y3916, and F388% [residues conserved in oxaAR:
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D128%32 F42773% F40553!, Y409533 and F406%2; superscripts use Ballesteros-Weinstein and the
G Protein-Coupled Receptor database (GPCRdb) nomenclature (33)]. Most a2aAR agonists, and
certainly the clinically used dexmedetomidine and clonidine, are fragments (27), and the docking
results reflected this. The docked fragment molecules fit in the orthosteric site, making key
contacts with the receptor, whereas molecules in the lead-like screen generally did not to fit in the
small cavity (Fig. 2.1A). Accordingly, most selected ligands came from the fragment docking

SCreens.

From the 64 high-ranking docked compounds prioritized by visual inspection and purchased for
in vitro testing, 48 were successfully synthesized — 44 fragments and 4 lead-like molecules.
Compounds were first tested for binding to the human axgAR receptor, the structure used in
docking screens. Thirty molecules of the 48 tested had binding constant (K;) values less than 10
uM (Table 2.S1). This 63% hit rate is among the highest for a docking campaign to date (10, /4,
21, 23, 34). In radioligand competition assays, compound ZINC1173879087 (from here on
referred to as ‘9087) had a K; of 1.7 nM; the remaining 29 had K; values ranging from 60 nM to
9.4 uM, which is relatively potent for initial docking hits. Ten compounds (21%) had K; values
below 1 uM (Table 2.S1). The compounds were then tested for binding to the murine a2aAR,
again by radioligand competition. Of these, 17 (35%) had a K better than 10 uM, with affinities
ranging from 72 nM to 9.4 uM; five compounds (10%) had K; values below 1 uM (Table 2.S1).

Against human 02aAR, the highest affinity was 12 nM (Table 2.S2).
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Discovery of new 024AR, partial G; and G, (Gi) agonists

In functional assays most of the potent binders were partial or full agonists for c2aAR and o8 AR
(Fig. 2.1B-D, Table 2.S1, Table 2.S2, Fig. 2.S2, Fig. 2.S3, Fig. 2.S4); few antagonists were found
among the more potent docking hits. This reflects the targeting of the activated state of the receptor
(35, 36) and was a goal of the screen. The best four agonists from the docking screen include ‘9087
as well as ZINC1240664622, ZINC1242282998, and ZINC001242890172 (from here on referred
to as ‘4622, ‘2998, and ‘0172, respectively), with the a2aAR-mediated G; activation maximum
effect (Emax) ranging from 60 to 95% of norepinephrine response and mean effective concentration
(ECso) values of 9.7 to 210 nM in Ga; bioluminescence resonance energy transfer (BRET) assays
(Fig. 2.1C, Table 2.S2). We tested the effect of receptor expression in cells on the functional
properties of the partial agonist, ‘9087, and ultimately of two optimized analogs, ‘7075 and PS75;
all three remained potent G;j partial agonists, with Emax decreasing with receptor expression (Fig.
2.S5). In an orthogonal cyclic adenosine monophosphate (cAMP) assay, ‘9087 was a partial
agonist with an ECso of 87 nM and Emax of 42%, which is broadly consistent with the BRET assay
(from here on Gjactivities are the Ga; BRET assay values unless otherwise noted) (Fig. 2.1C, Fig.

2.S4, Table 2.S2).

The docking agonists had strong differential activity for G; activation compared with recruitment
of B-arrestin-2. Although this was also true of the known agonists, dexmedetomidine and
clonidine, for the new agonists the difference was accentuated so that arrestin recruitment was
almost completely eliminated at relevant concentrations. Of the four best docking agonists, only
‘0172 had a measurable efficacy for B-arrestin-2 recruitment, but even here only with 22% of the

Emax of norepinephrine and with weak potency (ECso = 1.7 uM); for the other three, B-arrestin-2

17



recruitment was negligible (Fig. 2.1C, Table 2.S2). We note that this lack of arrestin recruitment
could reflect the partial agonism of the new agonists combined with the weaker coupling of the
arrestin pathway versus the well-coupled G; pathway, as indicated by the differences in potency

and efficacy of the reference agonists, dexmedetomidine and clonidine.

Agonists of a2aAR, including its endogenous ligand norepinephrine, also activate other G protein
pathways (37). Accordingly, we used the enhanced bystander BRET (ebBRET)-based effector
membrane translocation assay (EMTA) (38) to test ‘9087 and its analogs, 7075 and PS75, against
a more expansive panel of G protein and B-arrestin subtypes. The docking compounds
preferentially activated Gi, Go, and G (Gisrz) signaling, whereas known agonists norepinephrine,
dexmedetomidine, and brimonidine strongly activated multiple additional G proteins and (-
arrestins (Fig. 2.S6, Fig. 2.S7, Table 2.S3, Table 2.S4). Receptor internalization after treatment
with compound was also investigated by monitoring disappearance of 02aARs from the plasma
membrane (o2aAR-Rlucll/rGFP-CAAX biosensor) and relocalization of the receptors in
endosomes (02aAR-Rlucll/rGFP-FYVE biosensor) (39). Known agonists brimonidine and
norepinephrine show comparable responses for both biosensors, whereas dexmedetomidine has
about half of this response. Consistent with their absence of -arrestin recruitment, we found no
effect of “9087, ¢7075, and PS7S5 on disappearance from the plasma membrane and marginal effect
at the highest concentrations on endosomal relocalization (Fig. 2.S8). Although such functional
selectivity was not explicitly modeled in the docking, it likely results from the new chemistry,

which was explicitly required (13, 14, 17).

Comparing the new agonists with dexmedetomidine, clonidine, norepinephrine, and a previously
described pharmacophore model for a AR selective agonists (9), both similar and distinct features
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emerge (Fig. 2.1B). The pharmacophore model for known agonists and the new docking
compounds both have basic, nitrogen-containing rings. However, known agonists are dominated
by imidazoles (unsaturated or partially saturated) whereas the docking compounds have diverse,
nonimidazole rings. Both sets of compounds contain additional moieties off of a second aryl ring,
typically two substituents for the known agonists; however, for the docking-derived compounds,
these vary from bulky hydrophobic rings, to hydrophilic rings, to single substituents, to having no
substituents off of the aryl ring at all. Not all of the docking compounds have an exocyclic linker
as described in the pharmacophore model. The protonated imidazole of known agonists ion pairs
with D92°3? and hydrogen bonds to the backbone of F41273° of axsAR (9, 40) (Fig. 2.S1).
Although several of the docking-derived compounds also interacted with both D923-*2 and F4127-%,

they did so with different heterocyclic rings (Fig. 2.1D).

To test the docking model and to template structure-based optimization, we determined the
structure of the ‘9087-02aAR-Goa and ‘4622-a24AR-Goa complexes at a nominal resolution of
3.47 and 3.38 A, respectively, using single particle cryo-electron microscopy (cryo-EM) (Fig.
2.2A-D, Fig. 2.89, Fig. 2.510). The predicted docked pose superimposes on the cryo-EM result of
‘9087 with a 1.14 A all-atom root mean square deviation (RMSD) of the agonist; the docking-
predicted interactions are recapitulated in the experimental structure (Fig. 2.2B). The interactions
between ‘9087 and a2aAR differ from that of norepinephrine, but resemble those of imidazoline-
containing agonists (9, 40). ‘9087 interacts with a2aAR mainly through van der Waals and
aromatic interactions to transmembrane helices (TM) 3, 5, 6 and 7 and 1205432 of extracellular
loop 2 (ECL2). It also forms an ionic interaction with the conserved D128%*32, and although this

interaction is relatively distant at 3.6 A, it is similar to those of norepinephrine (40) and
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dexmedetomidine (9) that are 3.0 and 3.7 A from D128%32, respectively (Fig. 2.2B). As in the
docking prediction, the basic, formally cationic nitrogen of 9087 is not oriented toward D128332
to form a salt bridge (Fig. 2.2B, Fig. 2.S11), as seen in norepinephrine, but instead hydrogen bonds
with the backbone carbonyl of F42773°, as does dexmedetomidine (9). The bridging exocyclic and
formally neutral amine of 9087 ion pairs with D128-2, Typically for aminergic G protein-coupled
receptors (GPCRs), the conserved hydrogen bond with D128%3? would be made by the stronger
base (9, 17, 20, 40). In fact, the formal charge of ‘9087 after protonation of the pyridine moiety is
almost equally shared between the two nitrogens, as calculated by semi-empirical quantum
mechanics and as reflected in the docking model (Fig. 2.S11). For ‘4622, the docked pose is also
in good agreement with the cryo-EM result with an all-atom RMSD of 1.14 A; ‘4622 forms a 3.4
A hydrogen bond to D128%3? and makes several hydrophobic interactions (Fig. 2.2D). Both ‘4622-
and “9087-bound structures have similar receptor-Goa interfaces to other ligand-bound a2AR-G

protein complexes (Fig. 2.S9, Fig. 2.S10).

The interactions observed in the ‘9087 and ‘4622 receptor complexes, and in the modeled pose of
analog ‘7075, were tested by residue substitution for impacts on G;j activation and B-arrestin
recruitment (Fig. 2.S12, Fig. 2.S13, Table 2.S5, Table 2.S6). Consistent with the observed ion
pair with D128%32, norepinephrine and dexmedetomidine are highly sensitive to substitutions to
D128332, with an almost complete loss of Gi activation and B-arrestin recruitment. For
dexmedetomidine, the Gi; ECsg is 170,000-fold higher for activation of D128%*32A. Although the G;i
activity of “9087 and “7075 is also diminished in the D128 mutant receptors, potency only falls
by ~200- to 1600-fold. By contrast, the Gi activity of ‘9087, ‘7075 and ‘4622 is eliminated in the
F42773°A mutant. The backbone carbonyl of F42773 hydrogen-bonds with ‘9087, while its
aromatic side chain stacks with the agonist in the cryo-EM structure, perhaps indicating formation
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of a cation-pi interaction between the pyridine of ‘9087 and F4277-% as previously suggested for
agonist-induced o2AR activation (4/). Meanwhile, dexmedetomidine and especially
norepinephrine, which lack these interactions, are less affected by this mutant (Fig. 2.2B).
Mutations of Y409%% greatly affect norepinephrine, increasing (weakening) Gi ECso values 500-
to 10,000-fold, likely disrupting a key hydrogen bond (40, 41); the importance of position 6.55
was previously observed in agonist-induced a2AR activation (42—44). The potencies of ‘9087 and
dexmedetomidine are only modestly worse in Y40953° mutants, and for ‘9087, the Gi Emax is even
slightly increased. For ‘4622 and 7075, most substitutions diminished activity, with the exception
of S215°42A, which slightly increased the agonist activity of 7075 and ‘4622 in the G; activation
and B-arrestin recruitment assays and hardly influenced ‘9087 and dexmedetomidine. By contrast,
S215°42A negatively affected norepinephrine-induced receptor activation, consistent with
previous reports on direct interactions of full agonists and S215%4? (40, 41). The Y431743A and F
mutations overall influenced B-arrestin recruitment of norepinephrine more than G;j signaling. This
has been previously observed, leading to the proposal that direct hydrogen bonding between the
agonist and the residue at position 7.43 could more tightly couple TM7 and thereby play a role in
B-arrestin signaling (40). Taken together, the differential responses to the residue substitutions
supports suggestions from the structures that the new agonists, although binding in the same
overall site as the canonical agonists, interact in meaningfully different ways, with potential

implications for differential receptor signaling.

Newly discovered a2aAR agonists are analgesic with reduced side effects
In preparation for in vivo studies, we investigated the selectivity and pharmacokinetic properties

of our most potent agonists. ‘9087 activated only a few of 320 GPCRs screened (45) (Fig. 2.S16A).
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Only the dopamine D> receptor (D2R) had weak activity in secondary assays, with ECso values of
4.5 uM and 16 uM in G protein signaling and B-arrestin recruitment, respectively (Fig. 2.S16B).
‘9087 did not measurably activate the p-opioid receptor (LOR) nor did it inhibit the human ether-
a-go-go-related gene (hERG) at concentrations below 10 uM (Fig. 2.S16C-D). In binding
experiments to other adrenergic receptors, ‘9087 bound to the anc-subtype at mid-nM
concentration and to other a;-subtypes in the 1-to-10-uM range (Table 2.S8). The molecule had
no measurable binding for f-adrenergic receptors up to 10 uM. Against the imidazoline-2 receptor
(I2R), a common off-target of axoaAR agonists, ‘9087 bound with a K; of 300 nM, showing a

modest sixfold selectivity for the axaAR, whereas a few docking-derived compounds actually had

higher affinities for I2R than for the axaAR (Fig. 2.S16E).

Computational models suggested that 9087, ‘4622, ‘7075 and ‘2998 would all have good
physiologic permeability, consistent with their small size, low topological polar surface area, and
weakly basic character (Table 2.S9). Consistent with this prediction, in 10 mg/kg intraperitoneal
(i.p.) injection in mice the first three compounds, especially, had high brain and cerebral spinal
fluid (CSF) exposure, indicating the compounds are likely to reach centrally acting a2aARs (Table
2.59). ‘9087 reached a similar maximum concentration (Cmax) in the CSF as did ¢7075, both of
which were fourfold greater than the Cmax of PS75, and ‘9087 had a 12- to 20-fold higher area
under the concentration-time curve (AUC) in the CSF compared with either 7075 and PS75; CSF
concentrations are often used as a proxy for fraction unbound in the brain (46). Encouragingly,
‘9087 reached high brain exposure after both intravenous (i.v.) and oral (p.o.) administration, with
AUC values of 420,000 ng min mL"! and 2,540,000 ng min mL" (Table 2.S9). The oral

bioavailability was higher than 100%, which may reflect metabolic saturation at non-equal i.v. and
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p.o. doses, or enterohepatic recirculation (Table 2.S9); this merits further investigation. PS75 was
fully bioavailable, though, as an analog of ‘9087 the same caveats apply. We also investigated the
metabolic stability of ‘9087, ‘7075 and PS75 in male rat liver microsomes. All three compounds
remain largely unmodified after 1 hour, with ‘9087 having lower clearance and a higher half-life

than its two analogs (Fig. 2.S17).

Given their selectivity and high brain exposures, we tested the more potent agonists for pain-relief
after systemic dosing (Fig. 2.4A-G). Initial doses were chosen to be less than the 10 mg/kg dose
used in pharmacokinetics studies owing to favorable CSF and brain properties. We started with
‘9087, the initial docking hit, and evaluated analogs as they emerged from compound optimization.
With naive (uninjured) mice, ‘9087 did not increase baseline mechanical withdrawal thresholds,
something observed with many anti-pain medications, which often only have an antinociceptive
effect in the presence of pain. We then investigated the activity of ‘9087 in a mouse model of
neuropathic pain, in which partial peripheral nerve injury invokes profound mechanical
hypersensitivity (47). Systemic subcutaneous (s.c.) injections of ‘9087 dose-dependently increased
the mechanical thresholds of spared nerve injured (SNI) mice, with a sharp increase in activity
from 3 mg/kg to 5 mg/kg, at which points the effects plateaued (Fig. 2.4A). Lower doses were
antiallodynic, returning mechanical thresholds to preinjury levels, whereas the higher doses were
genuinely analgesic, generating mechanical thresholds substantially higher than baseline,
preinjury levels. ‘9087 also increased thermal latencies in the complete Freund’s adjuvant (CFA)-
mediated inflammatory pain model, which indicates that the molecule is effective in both tissue
and nerve injury-induced pain models (Fig. 2.4G). ‘9087 also increased withdrawal latencies in

the hot plate (55 °C) and tail flick (50 °C) assays of acute thermal (heat) pain (Fig. 2.4E, Fig.
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2.4F). Consistent with its relatively high exposure on oral dosing, this molecule also conferred a
dose-dependent anti-allodynic effect when delivered orally in the SNI neuropathic pain model
(Fig. 2.4A). Doses up to 20 mg/kg of ‘9087 did not reduce the ability of the mice to perform in the
rotarod test, which contrasts with the complete sedation of a dexmedetomidine dose of 60 pg/kg
(Fig. 2.4H). This finding is an important differentiator for the new series and indicates that the

analgesic effects of ‘9087 are not the result of motor impairment.

We also investigated the mechanistic bases for the analgesia of the new axaAR agonists, both
pharmacologically and genetically. Pharmacologically, the analgesic effect of ‘9087 was reversed
by a systemic injection of the well-known a2AR antagonist, atipamezole (2 mg/kg; administered
15 minutes prior to ‘9087) (Fig. 2.4C). Because atipamezole has broad activity against the cocAR
receptor subtypes and imidazoline receptors (48), we also tested ‘9087 in mice that express an
inactive form of the a2aAR (point mutation D79N) (5, 49-51). D79N mutant mice were tested in
the tail flick (50 °C) assays. As previously reported, dexmedetomidine no longer induced analgesia
in the mutant mice (52), and, as a control, the analgesia conferred by a 10 mg/kg dose of morphine
was not significantly altered by the mutation (Fig. 2.4D). Consistent with activity through a2 AR,
the analgesia conferred by ‘9087 was reduced >50% back to baseline in the D79N mutant mice
(Fig. 2.4D). Although most of the antinociceptive activity appears to derive from activity at the

a2AAR, we cannot discount contributions from other receptors.

Five other of the new, docking-derived a2aAR agonists (2998, ‘4622, ‘0172, 7075, PS75) also
exhibited antiallodynic effects in the SNI mice (Fig. 2.4A-B). The ‘9087 analogs, ‘7075 and PS75,

completely reversed the mechanical hypersensitivity in the neuropathic pain model, with PS75
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being more effective than ‘9087 (Fig. 2.4A). In contrast to ‘9087, PS75 did increase the
mechanical thresholds of naive (uninjured) mice (Fig. 2.4A). The anti-allodynic effects of ‘4622
and “7075 were reversed by atipamezole (48); although this antagonist also partially reversed the
anti-allodynia of PS75, ¢2998, and 0172, these effects did not reach statistical significance at the
small numbers of mice tested (Fig. 2.4C). PS75 also increased withdrawal latencies in the tail flick
(50 °C) acute thermal pain assay, and when tested in the D79N mutant mice, its analgesic effect
was reduced by over 50% (Fig. 2.4D-E). Compounds ‘0172 and ‘4622 also exhibited
antihyperalgesic effects in the CFA inflammatory pain model (Fig. 2.4G); 2998 did not, which
may reflect the reduced brain penetration of this molecule (Table 2.S9). Only ‘4622 caused slight
motor impairment at its equianalgesic dose in the rotarod test; however, the effect did not reach
the full sedation observed with dexmedetomidine (Fig. 2.4H). As with ‘9087, increased dosing up
to 20 mg/kg PS75 did not have an effect on the rotarod test (Fig. 2.4H). Taken together, these
pharmacological and chemical-genetic epistasis experiments support a mechanism of action
primarily through the axaAR, though a lesser contribution of other c2AR subtypes cannot be ruled

out.

Some 02aAR agonists can produce changes in feeding, weight gain, and hyperglycemia (53, 54)
as side effects. Accordingly, we evaluated the effect of compound treatment on body weight over
48 hours after injection while allowing the mice to freely feed. We found no effect on body weight
for ‘9087 dosed at 5 mg/kg, 10 mg/kg or 20 mg/kg, nor for dexmedetomidine dosed at 30 pg/kg
(Fig. 2.518). We also investigated whether ‘9087 induced constipation, a side effect well-known
for opioids and other classes of analgesics, comparing it with dexmedetomidine and with morphine
tested at analgesic doses (30 pg/kg and 10 mg/kg, respectively). The number of accumulated

pellets over 6 hours following vehicle or compound injection was measured. As expected,
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morphine induced constipation when compared to vehicle at the 1-, 2-, and 3-hour marks. By
contrast, although pellet number did decrease modestly with ‘9087 and dexmedetomidine, neither
effect differed significantly from vehicle (Fig. 2.S18). We recognize that other possible side effects

remain untested in this study; we return to these in the Discussion section.
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2.4 Discussion

Three key observations emerge from this study. First, multiple chemotypes, unrelated to known
agonists, discovered directly from large-library docking are efficacious in neuropathic,
inflammatory, and acute pain models through a2aAR agonism (Fig. 2.4A-F). In docking, as in
other target-based screens, the initial goal is to identify molecules with in vitro activity; these are
then optimized for in vivo activity through extensive structure-activity optimization (13, 14, 17,
20). Although it may be rare that direct hits from a docking screen are themselves in vivo active,
such activity of the direct docking hits here does speak to the strengths of interrogating vast virtual
libraries (/1, 12). Second, functional assays reveal preferential Gi./, activation versus other G
protein subtypes, no B-arrestin activity and no receptor internalization for ‘9087 and its analogs,
7075 and PS75, compared to the established therapeutic axaAR agonists, like dexmedetomidine
and brimonidine, that also activate multiple other G protein and B-arrestin signaling pathways (Fig.
2.1C, Fig. 2.3B, Table 2.S2, Fig. 2.S6, Fig. 2.S7, Fig. 2.S8). Although the high rate of agonist
discovery was an intended outcome of docking against the activated state of the c2sAR, the
functional selectivity was not designed and can be attributed to the novel chemotypes they explore
and, by extension, their use of both canonical and non-canonical receptor interactions (Fig. 2.2,
Fig. 2.S12, Fig. 2.S13). There is no logical requirement that novel chemotypes lead to new
signaling pharmacology, though this has often observed for other receptors (0, 13, 17, 25). Third,
unlike dexmedetomidine and clonidine (6, 7, 55), ‘9087 and its analogs, PS75 and ¢7075, do not
cause sedation or motor impairment at analgesic doses, potentially enabling broader applications
to pain treatment and attesting to the ability to differentiate these two effects with 02AAR agonists

(Fig. 2.4H).
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The new 02aAR chemotypes explored (Fig. 2.1B) reflect the size and diversity of the docked
libraries. Most of the actives emerged from the fragment-like library in ZINC, which covers a
much greater portion of the chemical universe in its size range than do the lead-like or drug-like
libraries. This is akin to physical fragment libraries, which typically might include ~1,500
molecules (56) but are thought to cover more chemotypes than high-throughput screening libraries
that are 1,000-fold larger. Meanwhile, the virtual fragment library in ZINC enumerates over 20
million molecules (/1, 12), about 10,000-fold more than in most physical fragment libraries.
Indeed, with over 800,000 Bemis-Murcko scaffolds (/8), there are 500-fold more fragment
scaffolds in the docked library than there are molecules in most physical fragment libraries. From

this great chemotype diversity springs opportunities for ligands with new pharmacology.

How the new chemotypes confer new pharmacology is uncertain. From the cryo-EM co-complex
with ‘9087 and substitution of binding site residues, ‘9087 and 7075 appear to make weaker
interactions with D128%32, and an apparently stronger interaction with F42773°) than do the
canonical agonists (Fig. 2.2B, Fig. 2.S12, Fig. 2.S13). These structural differences may contribute
to the unusual functional Gio, selectivity over other G protein subtypes and [-arrestins as
compared to known agonists, and to the lack of receptor internalization (Fig. 2.3B, Fig. 2.S6, Fig.
2.87, Fig. 2.88). In turn, this unusual signaling may play a role in conferring analgesia without
sedation (Fig. 2.4). Admittedly, as the engagement of transducing G proteins and p-arrestins occurs
35 A away from the orthosteric site, other mechanisms may be involved (57). Moreover, the
physiological impact of the selective signaling will be entangled with the pharmacokinetics of the
molecules. Regardless, what should be clear is that the analgesic potential of a2aAR agonists may

be disentangled from their sedative effect, which is important for future drug development.
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Several cautions merit re-emphasis. ‘9087 and its analogs are not as potent as dexmedetomidine.
The action of 9087 in vivo is blocked by the a2AR antagonist atipamezole (48) and much reduced
in D79N a2aAR mice, which indicates the 02aAR 1is the primary receptor mediating activity in vivo
(Fig. 2.4C-D). However, especially for the mutant mice, we note that while most efficacy above
baseline was reduced, it was not fully reversed (Fig. 2.4C-D), and other targets may also play a
role, including the I2R and other c2AR subtypes. We also have not extensively evaluated side
effects common for axaAR agonists, especially cardiovascular effects mediated by axaAR and
a2BAR activation (6). Finally, we do not anticipate that the ability to translate directly from docking
hits to in vivo activity, as we saw in this study, will be common. Here it was helped by the small
size of the cBAR/02aAR orthosteric sites and correspondingly the high potencies and good

physical properties of the docking hits (Fig. 2.S1, Table 2.S2, Table 2.S9).

These caveats should not obscure the key observations of this study. From an ultralarge library
docking screen emerged low-nanomolar axaAR partial agonists, topologically unrelated to
previously known ligands, making new interactions with the receptor that appear to confer new
pharmacology (Fig. 2.1, Fig. 2.2B, Table 2.S2, Fig. 2.S6, Fig. 2.S7, Fig. 2.S8, Fig. 2.S12, Fig.
2.813). Several of the new agonists were antiallodynic and analgesic in neuropathic and
inflammatory pain models, and against acute nociception in naive animals (Fig. 2.4A-G). Among
the most promising are 9087 and PS75, both of which are strongly analgesic without the sedative
effects of dexmedetomidine (Fig. 2.4) and are orally bioavailable (Table 2.S9). These properties
make the compounds plausible therapeutic leads for new nonopioid pain therapeutics without the

sedation of classic a2AAR drugs.
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2.5 Figures
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Figure 2.1 Newly discovered a2aAR agonists from ultralarge library docking.

(A) 301 million molecules were docked against the active state of a;sAR (PDB 6K41). Lead-like
molecules (pink carbons) often spilled out of the orthosteric site, whereas fragment molecules
(green carbons) are well complemented by that site. Hit rates were determined with a K; cutoff of
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10 uM. Evpw, van der Waals; Egs, electrostatic; Erps, ligand desolvation. (B) The aAR
pharmacophore model (9) overlaid on known axaAR agonists dexmedetomidine, clonidine, and
norepinephrine and new agonists from docking (colors represent the different moieties fulfilling
the same role). (C) Gj activation and B-arrestin-2 recruitment for norepinephrine (NorEpi),
dexmedetomidine (dex), clonidine (clon), and several of the newly discovered docking agonists.
(D) Docked poses of these new agonists with hydrogen bonds to key recognition residues of aosAR
shown as black dashed lines. For (C), data are mean = SEMs of normalized results (n=4 to 17
measurements for Gj and n=3 to 8§ measurements for -arrestin-2). Single-letter abbreviations for
the amino acid residues are as follows: A, Ala; C, Cys; D, Asp; E, Glu; F, Phe; G, Gly; H, His; I,
Ile; K, Lys; L, Leu; M, Met; N, Asn; P, Pro; Q, Gln; R, Arg; S, Ser; T, Thr; V, Val; W, Trp; and
Y, Tyr.
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Figure 2.2 Docking-predicted poses of ‘9087 and ‘4622 superpose well on the cryo-EM
structures of the ‘9087-024AR-GoA and ‘4622-0:4AR-GoA complexes.

(A and C) Cryo-EM structure of the ‘9087-024AR-Goa (A) and ‘4622-a24AR-Goa (C) complexes.
(B) Experimental ‘9087 structure (pink carbons) superposed on the docked pose (orange carbons)
(PDB 7W6P; RMSD 1.14 A). Hydrogen bonds and ion pairs are shown with dashed black lines to
F42773% and D128332, respectively. (D) Experimental ‘4622 structure (green carbons) superposed
on the docked pose (orange carbons) (PDB 7W7E; RMSD 1.14 A). Hydrogen bond shown with
dashed black lines to D128%32, For (B) and (D), sidechains of 02 AR residues within 4 A of ligands
are shown as sticks.
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Figure 2.3 Structure-based optimization of ‘9087.

(A) Strategies for analoging ‘9087 (left). Analogs of the pyridine, exocyclic nitrogen, and
lipophilic nature of the bicyclic ring revealed their importance for ‘9087 activity (middle).
Sampling alternate lipophilic bicyclic rings and modifying their substituents identified eight more
potent agonists (right). ECso values shown for Gj activation. (B) Gi and B-arrestin-2 recruitment
for ‘9087 and its two most potent analogs, 7075 and PS75. (C) Modeled poses of 7075 (pink
carbons) and PS75 (blue carbons) based on the ‘9087-a24AR cryo-EM structure with substituents
oriented towards open space in the orthosteric site. Hydrogen bonds and ionic interactions are
shown with dashed black lines to F4277-3 and D12832, respectively. For (A), Gi and B-arrestin-2
recruitment data for analogs are shown in Fig. 2.S14, Fig. 2.S15 and Table 2.S7. For (B), data are
mean + SEMs of normalized results (n=7 to 17 measurements for G; and n=4 to 8§ measurements
for B-arrestin-2).
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Figure 2.4 The docking-derived agonists are antinociceptive in neuropathic, inflammatory,
and acute thermal pain through the a2aAR but are not sedating.

(A-C) Effect of new 02aAR agonists in neuropathic pain model in mice after SNI with mechanical
allodynia.

(A) The new agonists ‘9087 and PS75 administered in naive mice (baseline versus ‘9087, 5 mg/kg;
baseline versus PS75, 5 mg/kg; one-way ANOVA; ns, not significant; ****P < 0.0001), dose
response of ‘9087 in SNI mice and analogs ‘7075 and PS75 compared with their vehicles (20%
kolliphor versus all ‘9087 doses; 20% cyclodextran versus ‘7075 and PS75; one-way ANOVA;
**4P <0.01; ***P <0.001, ****P < 0.0001) with positive control dexmedetomidine (DEX), and
‘9087 administered orally (p.o.) compared with its vehicle (40% captisol vs ‘9087 doses; one-way
ANOVA; ns, not significant, ****P <(0.0001).

(B) Effect of additional agonists ‘4622, ‘0172, ‘2998 compared to their vehicles (20% kolliphor
versus ‘4622, 5 mg/kg; ‘4622, 10 mg/kg; and ‘0172, 5 mg/kg; one-way ANOVA; 20%
cyclodextran versus ‘2998; two-tailed t-test; *P < 0.05, **P < 0.01, ****P (0.0001) and positive
control DEX.

(C) Administration of a2AR antagonist atipamezole (ATPZ, 2 mg/kg i.p.) to block agonist efficacy
in neuropathic pain model (‘9087 versus ‘9087 with ATPZ; ‘7075 versus ‘7075 with ATPZ; PS75
versus PS75 with ATPZ; ‘0172 versus ‘0172 with ATPZ; ‘4622 versus ‘4622 with ATPZ; ‘2998
versus ‘2998 with ATPZ; DEX versus DEX with ATPZ; two-tailed t-test; *P < 0.05, **P <0.01).

(D) Diminished analgesia in ccAAR D79N mice in the 50 °C tail flick assay for acute thermal
(heat) pain. The mutation does not affect morphine analgesia but substantially decreases the
analgesia by DEX, ‘9087, and PS75 (baseline WT versus D79N; morphine WT versus D79N;
DEX WT versus D79N; ‘9087 WT versus D79N; PS75 WT versus D79N; two-tailed t-test; *P <
0.05, **P <0.01).

(E) Analgesia of ‘9087 and PS75 in 50 °C tail flick assay for acute thermal (heat) pain compared
to its vehicle (20% Kolliphor versus ‘9087 and PS75; one-way ANOVA; ****P <(.0001).

(F) Analgesia of ‘9087 in 55 °C hot plate assay for acute thermal (heat) pain compared to its
vehicle (20% Kolliphor versus ‘9087; two-tailed t-test; *** p<0.001).

(G) Efficacy of newly characterized agonists in CFA-induced hyperalgesia compared to the
vehicle (vehicle versus ‘9087, 2998, and ‘0172; one-way ANOVA; *P < 0.05, ***P < 0.001).

(H) Evaluating motor impairment and sedation of newly characterized agonists in the rotarod
motor test. Only ‘4622 causes slight motor impairment while other agonists do not. DEX causes
significant impairment and complete sedation at higher doses. All compounds compared to their
vehicles (20% Kolliphor versus ‘9087, ‘0172, ‘4622; 20% cyclodextran versus ‘2298, 7075 and
PS75; saline versus DEX; one-way ANOVA; *P < 0.05, **P <0.01, ****P <0.0001).

For (A-G), all compounds were administered s.c. unless otherwise indicated. Data are shown as
individual data points and mean + SEMs (n=5 to 25 measurements).
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Figure 2.S1 Structural similarity of adrenergic receptors.

(A) Sequence alignment of defined orthosteric binding site residues of adrenergic receptors. (B)
Structural similarities of 02aAR and c28AR bound to dexmedetomidine (PDB 7EJA and 6K41,
respectively) show high residue identity between receptor subtype and highly similar side chain
positions when bound to dexmedetomidine. The aogAR-dexmedetomidine structure was used for
docking screens prior to the determination of the aoaAR-dexmedetomidine structure.
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Figure 2.S2 Functional data for docking hits against a2aAR.

(A,B) Gi signaling for docking hits against human o2AAR in the IP-One assay. (C-E) G; activation
for docking hits against murine c2aAR in the IP-One assay. (F,G) [-arrestin-2 recruitment for
docking hits against human a2aAR in the PathHunter assay. For (A-G), data are mean + s.e.m. of
normalized results (n=3-11 measurements).
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Figure 2.S3 Functional data for docking hits against a2sAR.

(A-C, G-I) G; signaling for docking hits against human o2sAR in the IP-One assay. (D-F, J-L) -
arrestin-2 recruitment for docking hits against human azsAR in the PathHunter assay. For (A-L),
data are mean + s.e.m. of normalized results (n=3-9 measurements).

39



a0AR cAMP Gi-activation

100 4 Dexmedetomidine
Brimonidine
7075

== '9087

80

60 —

% Efficacy

40 -

20

0—

1 T T T T T T T T T
15 14 13 12 -1 10 9 -8 -7 -6 -5 -4

Log[Drug]

Figure 2.S4 Gi-activation induced cAMP inhibition assay against a2aAR.
G; signaling for docking hits against human aa AR in the DiscoverX HitHunter cAMP assay. Data

are mean =+ s.e.m. of normalized results (n=2 measurements).
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Figure 2.SS Functional properties of norepinephrine, selected docking agonists, and the
bespoke synthesized analog PS75 are dependent on receptor density.
Comparison of ECso and Emax values at the standard receptor density of 200 ng transfected cDNA
and results derived at receptor expression at 50 ng and 10 ng of DNA for (A) norepinephrine
(NorEpi), (B) ‘9087, (C) 7075, and (D) PS75 for caAR. (E) Relative surface expression of
o2aAR coexpressed with Gir-ruuett, Gp1 and Gyo-grpio determined by ELISA directed against the
N-terminal FLAG-tag. Individual data points are shown relative to cells transfected with 200 ng
o2aAR-plasmid, only. (F) summary of all activation data for compounds at different coaAR
receptor densities. For (A-D, F), all data shown are for G; activation monitored in a BRET-
biosensor based assay with 5 to18 experiments in duplicates; mean ECso values are displayed as
in [nM + s.e.m.]. Normalization was done relative to the maximum effect of norepinephrine (NE)
and is displayed in [% =+ s.e.m.]. For (E), data are mean + s.e.m. of normalized results (n=4 of

quadruplicates).

41



— Barrestin1 — Barrestin2 — Gs
3 2 ]
2 150 . . £ 150 . . 2 150 § §
S -e— Norepinephrine S —e— Norepinephrine S -e— Norepinephrine
8 o -=- Dexmedetomidine 8 100 -=- Dexmedetomidine 8 100 -=- Dexmedetomidine
L -+ Brimonidine u —+ Brimonidine L Z -+ Brimonidine
wZ \ wZ . wZ i \
2w . —— '9087 €5 —+ '9087 ES s —— '9087
o g ~ 7075 @£ ~ 7075 @£ ~ 7075
g PS75 g PS75 g, PS75
5 ° 5 ° 5
°\° LA B R B B B B | °\° —r T 1 1 o1 D\o A I R B B B B B |
IR N BOAND DDA D5 N BN O DDA DB N
Log [Compound], M Log [Compound], M Log [Compound], M
— G12 — G13 —~ Gq
3 3 3
2 150 § . £ 150 2 150 § .
8 I -e- Norepinephrine g -e— Norepinephrine 8 Iy -e— Norepinephrine
g 100 -=- Dexmedetomidine @ 100 * -=- Dexmedetomidine & 100 T -=- Dexmedetomidine
b % —+ Brimonidine e LIZJ —+ Brimonidine e % —+ Brimonidine
v s o0 B3 s — '9087 us s - '9087
o E — 7075 @£ —~ 7075 @£ ~ 7075
g PS75 g PS75 g PS75
- 0 - 0 - 0
<] ] S <]
°\° L N B B B B B | °\° —r T r 1 1 r o111 °\° A N R B B B B B |
BN O DDA D5 N NN 2 DA e 6N BN O DDA DD N
Log [Compound], M Log [Compound], M Log [Compound], M
— G11 — G14 —~ G15
3 8 3
S 150 . . < 150 . . < 150 . X
g_ 1 —=— Norepinephrine g 1 —=— Norepinephrine g -+ Norepinephrine
8 -=- Dexmedetomidine 8 —= Dexmedetomidine 3 * -=- Dexmedetomidine
o o 100 1 o = 100 T S = 100 7 R
Lw ~+ Brimonidine T u ~+ Brimonidine L ~+ Brimonidine
B3 s - '9087 ] - '9087 v3 - '9087
o E —~ 17075 @E %0 —~ 7075 @ g 0 —~ 17075
X = X
g o 3 PST75 g PS75 g PS75
5 5 ° 5 °
x X x
< L L L L N B A B B | < [N B S B B A B B B B | < LA L L N B B B A A |
IR P Y OIS RPN I
Log [Compound], M Log [Compound], M Log [Compound], M
~ Gi1 — Gi2 ~ Gi3
3 ] 3
2 150 § . £ 150 . . 2 150 § .
S -e- Norepinephrine g —e— Norepinephrine 2 -e— Norepinephrine
8 = Dexmedetomidine 8 -+ Dexmedetomidine 8 -=- Dexmedetomidine
i I%J 100 —+ Brimonidine “ UZJ 10 —+ Brimonidine e UZJ 100 fﬂ — Brimonidine
w3 - '9087 ] .~ o087 us - '9087
mE %0 - 7075 @E =0 ~ 7075 mE 0 ~ 7075
g PS75 g PS75 g PS75
5 0 5 ° 5 ©
°\° L I R B B B B B | °\° LI N B B B B B B B | °\° AL N R B B B B B B |
N A N NN
Log [Compound], M Log [Compound], M Log [Compound], M
GoA GoB Gz
125 150 § . 150 : X
Norepinephrine Norepinephrine
100 Dexmedetomidine

BRET?

(% of maximal NE response)
LR S AN
BRET?

(% of maximal NE response)
LN B I
BRET?

(% of maximal NE response)
LR I

Norepinephrine
Dexmedetomidine Dexmedetomidine
75 Brimonidine 10 Brimonidine 100 Brimonidine
50 '9087 '9087 '9087
2 7075 0 7075 50 7075
PS75 PS75 PS75
o o o

LI S B s e | L s e s | LA S s s e |
INIAINININSCI I A IS SN R SN NN
Log [Compound], M Log [Compound], M Log [Compound], M

Endogenous Gilo

g

€ 150 . X

S -e— Norepinephrine

g 100 -=- Dexmedetomidine
=Y ) -+ Brimonidine
BS 50 - 9087
mE ~ 7075

©

g PS75

“

S .50

g

Log [Compound], M

Figure 2.S6 EMTA coupling panel for select docking compounds against azaAR.

G-protein and B-Arrestin signaling profiles for docking compounds in BRET biosensor-based
assays in HEK293 cells expressing the human a2aAR. Data are mean + s.e.m. of normalized results
(n=3-5 measurements). Endogenous G/, indicates activation of the protein family in the absence
of heterologously expressed G proteins.
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Figure 2.S7 Relative activities for select docking compounds against a2aAAR EMTA
coupling panel.

G-protein and B-Arrestin signaling profiles for docking compounds in BRET biosensor-based

assays in HEK293 cells expressing the human axaAR. Relative activities are from Supplementary
Table 2.4.
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Figure 2.S8 Internalization behavior of a2aAR following compound treatment.

(A) Kinetics of a2aAR disappearance from the plasma membrane following 100uM compound
treatment using an human oxaAR-Rlucll/rGFP-CAAX biosensor. (B) Kinetics of o2aAR
relocalization in endosomes following 100uM compound treatment using a human o2aAR-
Rlucll/rGFP-FY VE biosensor. (C) Concentration-response curves of a2aAR disappearance from
the plasma membrane using an human axaAR-Rlucll/rGFP-CAAX biosensor. (D) Concentration-
response curves of c2aAR relocalization in endosomes using an human o2aAR-Rlucll/rGFP-
CAAX biosensor. (E) Summary of biosensor data for compounds. For (C-D) Normalization was
done relative to the maximum effect of norepinephrine. Data are mean + s.e.m. of normalized
results (n=3 measurements).
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Figure 2.S9 Structural determination of ‘9087-024 AR-Goa.

(A) Representative cryo-EM image of the ‘9087-0.2aAR-Goa complex. (B) Representative ‘9087-
o2AAR-Goa complex 2D class averages with different views. (C) Work flow for cryo-EM image
processing. (D) Gold standard Fourier shell correlation (FSC) curve indicates overall nominal
resolution at 3.47 A using the FSC=0.143 criterion. (E) Local resolution mapped onto density of
‘9087-02AAR-Goa complex. (F) Densities surrounding coordinates of TM 1-7, HS, Ga5, GaN
helices, ‘9087, and orthosteric site residues. (G) Interactions between the a5 helix of Goo (green)
and a24AR (blue). (H) Tight coupling between c2aAR and Gog with a 1.5 A shift of the a5 and
aN helices of Goo towards axaAR, as compared to the norepinephrine-o2a AR-Goo complex (PDB
7EJ0). (I) Conserved Y*% and Y73 move ~1.5 A closer in the *9087-0.2AAR-Goa complex (blue)
compared to the norepinephrine-a2aAR-Goa complex (orange). For F, the zone size is 2 and the
map threshold is between 0.75 and 0.85.
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Figure 2.S10 Structural determination of ‘4622-024 AR-Goa.

(A) Representative cryo-EM image of the ‘4622-02AAR-Goa complex. (B) Representative ‘4622-
o2AAR-Goa complex 2D class averages with different views. (C) Work flow for cryo-EM image
processing, (D) Gold standard Fourier shell correlation (FSC) curve indicates overall nominal
resolution at 3.47 A using the FSC=0.143 criterion. (E) Local resolution mapped onto density of
‘4622-02AAR-Goa complex. (F) Densities surrounding coordinates of TM 1-7, HS, Ga5, GaN
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helices, and orthosteric site. (G) Comparison of highly similar Goa interfaces for ac2aAAR and cosAR
bound to dexmedetomidine (PDB 7EJA), norepinephrine (PDB 7EJO0), ‘9087, or ‘4622. For F, the
zone size is 2 and the map threshold is between 0.75 and 0.85.
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Figure 2.S11 ‘9087 formal and partial charges.
(A) Formal charge of ‘9087 determined at the pyrimidine nitrogen with a pKa of 7.73. (B) Partial
charge of pyrimidine (N3, pink) and exocyclic (N2, green) nitrogens as calculated by semi-
empirical quantum mechanics for docking model.
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Figure 2.S12 Substitutions of binding site residues reveals distinct interaction patterns for
known agonists and potent docking agonists.

Substitutions of residues compared to wildtype (wt) for (A,D) norepinephrine, (B,E)
dexmedetomidine, (C,F) ‘9087, (G,I) 7075, and (H,J) ‘4622 for cuaAR. Gi activation was
monitored in a BRET-biosensor based assay with 3-7 experiments for each mutant.
Normalization was done relative to the maximum effect of NorEpi with the exception of mutants
D128%*%A (DEX), D128332T and D12833%L (“7075) as indicated in figure legend.
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Figure 2.S13 Substitution of binding site residues reveals distinct interaction patterns for
known agonists and potent docking agonists.

G-protein (A,B,E,F,LJ,M,N,Q,R) and f-arrestin signaling (C,D,G,H,K,L,O,P,S,T) for
norepinephrine (A-D) and dexmedetomidine (E-H) in comparison to the docking hits ‘9087 (I-L),
“7075 (M-P), and ‘4622 (Q-T) in BRET-biosensor based assays in HEK293T cells expressing the
human a2aAR wild-type or mutants. Data are mean + s.e.m. displayed as delta BRET values (n=3
to 17 measurements).
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Figure 2.S14 Analogs of ‘9087 reveal key SAR.

Gi activation for human o2aAR of analogs with changes to the pyridine ring, exocyclic nitrogen,
and isoquinoline of ‘9087 monitored in a BRET-biosensor based assay. Data are mean + s.e.m. of
normalized results (n=3-9 measurements).
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Figure 2.S15 Functional data for selected docking hits and references against az2aAR.

(A, B, E-H) Gi activation and (C,D) p-arrestin-2 recruitment determined in BRET-biosensor based
assays in HEK293T cells expressing the human o2aAR wild-type. Data are mean + s.e.m. (n=3 to
17 measurements) displayed as delta BRET values corresponding to functional data of selected
docking hits and references referred to in Figure 1C, 3B (A-D), and Fig. 2.S514 (E-H) in the order
of their appearance.
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Figure 2.S16 Off-target activity for a2aAR agonists.

(A) GPCRome of ’9087. Labeled targets indicate an increase of 3-fold or higher signaling
compared to basal activity. Positive control is shown with D2Riong and quinpirole. (B) D2Riong Gi
and B-arrestin-2 (arr) recruitment for ‘9087 with ECso=4.5uM and Enax=57% for G;i signaling and
ECso= 16 uM and Emax=21% for arrestin recruitment, respectively. Positive control quinpirole
(Quin) also shown. (C) hERG inhibition of ‘9087 and positive control dofetilide. (D) pOR binding
of a2aAR docking agonists and analogs. (E) I2R binding of ai2aAR agonists. For (A-E), data are
shown as mean + s.e.m. (n=3 to 4 measurements).
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Figure 2.S17 Phase 1 metabolism of ‘9087, 7075, and PS75 in male rat liver microsomes.
Rotigotine and imipramine serve as positive controls for extensive phase I metabolism. Data are
percent of non-metabolized compound remaining shown as mean + s.e.m. (n=4 individual
experiments for imipramine and rotigotine, n=5 for ‘9087, ‘7075, PS75).
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Figure 2.S18 In vivo side effects of constipation and body weight.

(A) Constipation monitored up to 6 hours following vehicle or compound i.p. injection (two-way
ANOVA; time x treatment interaction: F(15,80)=1.501, P =0.1250; time: F(1.071,17.14)=111.7,
P <0.0001; treatment: F(3,16)) = 3.784, P =0.0316; all treatment groups (n = 6)); each compound
time point compared to vehicle, asterisks define difference between morphine and vehicle at 1 h
(P=0.0209), 2h (P=0.0372) and 3h (P=0.0417) for simplicity, all other points compared to
vehicle are not significant; * p < 0.05). Data are mean + s.e.m. (B) Body weight measured over 48
hours following vehicle or compound i.p. injection (two-way ANOVA; time x treatment
interaction: F(6,32) = 0.5174, P=0.7907; time: F(1.161,18.57) = 3.177, P= 0.0863; treatment:
F(3,16)) = 0.2854, P =0.8358; all treatment groups (n=3)); time points compared within same
treatment groups, all comparisons are not significant). Data are mean + s.e.m.
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2.6 Tables

Table 2.S1 Binding affinities and functional properties at a2aAR or a28AR for hits
identified in initial docking screen.

Compound Cluster Binding® a22AR a28AR TC! Nearest CHEMBL
rank and a2aAR ligand’
(Global functional
rank)¢ properties
fg.h
N=— 4560 K# 72 nM 21 1.7 nM £ 0.65 0.30 Ny
\ (12687)? n 6 7
— G(chf ECso 27nM £ 5.7 - =
0,
N/\\:/>7NH EEEX 71 /;i 3 NH
9087 GaqECso | 79nM 18 | 1.6 nM0.21 Q/
Emx 78% + 3 72% + 3 (N
n 10 4 _N
Arr2" ECso -nM 1M1nM+1.8 CHEMBL217665
Emax <5% 10% £ 1
n 3 3
406 K® TM0nM£18 | 60nM%25 | 032 | .\ 0O
(1057)? n 4 4 y- "
HN G(Xq\ ECso 25nM £3.8 - o
| Enmax 69% + 0
. n 3 CHEMBL26717
4622 Gog¢ ECso 16 nM £ 2.8 84 nM t 25
Emax 74% + 3 41% + 4
n 5 4
Arr2 ECso | 710 nM + 180 --nM
Emax 9% £ 3 <5%
n 3 3
/©\ 1703 K# 340 nM * 66 170 nM + 80 0.24 H N
H (4522)° n 4 3 2
S0 i Gog' ECso —-nM - - /©/\ :Nr\/)
| N Emax <5% (0]
n 3 CHEMBL77913
7464 Gag® ECso - -~ M
Emax <5%
n 3
Arr2h ECso -- --nM
Emax <5%
n 3
H 2451 K# 250 nM + 47 160 nM + 44 0.19 | F
N, (6666)° n 7 6 \QYH _
z 7 Gog ECso | 6.3nM £0.78 - \O\ N
D Emax 87% + 1 ° NS
N X n 7
2998 Gag?ECs | 53nM= 12 65 nM + 22 CHEMBL565551
Emax 78% + 3 81% +5
n 8 4
Arr2h ECso --nM 3000 nM £ 300
Emax <5% 24% + 3
n 3 4
o 3909 K# 650 nM £ 150 330 nM £ 54 0.29 F N
b
" . (11204) n 5 5 3
G(Xq\f ECso 69nM £ 2.7 - N
E Emax 76% + 2 H
n 3 CHEMBL131220
‘3983 Gaq® ECso 100 nM + 11 120 nM + 28
Emax 41% + 5 86% + 2
n 4 3
Arr2h ECso --nM 1600 nM + 160
Emax <5% 58% + 5
n 3 4

58



Compound Cluster Binding® a22AR a28AR TC! Nearest CHEMBL
rank and a22AR ligand’
(Global functional
rank)¢ properties
fg.h
N7 91 K# 1200 nM * 260 100 nM + 44 0.29 H
\ (163)° n 3 3 N
Gaq' ECso ~—nM = r
©:(\H Emax <5% 0
n 3 CHEMBL311469
‘ Gag® ECso - -nM
1493 quax <5%
n 3
Arr2h ECso -- --nM
Emax <5%
n 3
341 K# 1200 nM £290 | 260 nM + 110 0.23 |
@)‘\@NHZ (879)° n 3 4 N
| Goq ECso | 40nM 17 - @ D\
S Enmex 94% + 2 < "
0172 n 4 CHEMBL 1323615
Gog¢ ECso 32nM 24 27TnM + 4
Emax 91% + 1 95% + 5
n 7 3
Arr2h ECso 660 nM + 84 350 nM £ 23
Emax 42% + 9 85% + 2
n 3 3
590 K# 1500 nM + 500 830 nM £ 35 0.24 H
HN (1541)? n 2 2 N
/ Goygi ECso -nM - /O\Q_C/NH
Emax 38% +6
. NH n @10uM CHEMBL6310
. 3
3928 Gog¢ ECso - 2000 nM £ 1300
Emax 65% + 15
n 3
Arr2h ECso -- --nM
Emax <5%
n 3
HN.___N 93 K# 3500 nM £ 420 [1500 nM + 1300 | 0.24 “
(190)2 n 2 2 o _
/@\;&j Gag' ECso - - / Wi
EI’TIEX
F n CHEMBL269538
‘6064 Goag¢ ECso - 700 nM £ 200
EI’TIEX 66% i 4
n 3
Arr2h ECso -- --nM
Emax <5%
n 3
452 K# 4300 nM = 1400 [1500 nM + 1400 | 0.28 |
—)> (1190) n 2 2 i
HN Gog' ECso - - W
Emax N n\/O/\H
; QL
S Gag? ECso - 4300 nM + 2000
1627 Emax 66% + 18 -
n 3 CHEMBL360117
Arr2h ECso -- --nM
Emax <5%
n 3
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Compound Cluster Binding® a22AR a28AR TC! Nearest CHEMBL
rank and a2aAR ligand’
(Global functional
rank)¢ properties
f.g,h
N 4419 Ke 4300 nM £ 3000 [6600 nM + 2900 | 0.21
Q—Q (13032) n 2 2 O
Gag ECso | 1600 nM £ 190 -
NN~ Enmax 50% 0 I
0327 n 3
Gag¢ ECso - 1500 nM £ 290
EI’TIEX 81 % i 9 T
n 3
Arr2" ECso - 23000 NM % CHEMBL516
Emax 4700
n 17% £ 7
3
1878 Ke 4600 nM 1800 | 370 nM £ 160 | 0.25 N
H\)I\/\> (4691)° n 3 3 ) /@
N o Gaq ECso | 3000 nM 640 - o N7 N
/@O/ Emex 45% + 2 N[ H H
Ho n 3 CHEMBL3289531
3927 Gog® ECso - 990 nM + 710
Enmax 18% + 8
n 3
Arr2" ECso - --nM
EI’TIEX <5%
n 3
N 2474 Ke 5600 nM % 2200 | 690 nM + 150 | 0.23
(6733)° n 3 3 O
Gagf ECso --nM - O
Emax <5%
2004 n 3 o
Gag® ECso - --nM )\EN)
Enmax <5%
Arr2hn ECw - — ::]M CHEMBL222593
EI’TIEX <5%
n 4
H / 12 Ke 6400 nM £ 2500 [3700 nM + 2100 | 0.25 " N
N\\I/N N 17y n 2 2 3 B /C[ ]
<\/N / Goygi ECso - - NT N \N
\ EI’TIEX H
‘4167 n CHEMBL74449
Gog¢ ECso - 800 nM + 230
EI’TIEX 88% i 5
n 3
Arr2h ECso - 24000 nM &
Enmax 3200
n 28% + 8
3
N 934 Ke 7300 nM £ 2900 5000 nM + 1300 | 0.19 N=o
£V (2486)° n 2 2 &
f - —
HN ) J N\ G(xgmlaEXCso |
N= n
‘1438 Gaa® ECso - 4500 nM + 3800 CHEMBL4088272
Emax 60% + 17
n 3
Arr2" ECso - --nM
EI’TIEX <5%
n 4
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Compound Cluster Binding® a22AR a28AR TC! Nearest CHEMBL
rank and a22AR ligand’
(Global functional
rank)¢ properties
f.g,h
NNz 79 G 8900 nM + 3100 |1100 nM £ 180 | 0.23
| (139)° n 3 3 O
Z Gaq'ECso | 98nM+ 18 - NH,
Emax 96% + 4 O
HoN n 3 o
‘8689 Gag? ECso 270 nM = 52 130 nM + 42 /KK/N
Erox 87% 5 91% + 2 J
n 4 3 HN
Arr2"ECso | 28000 nM +  |8200 nM £ 360 CHEMBL222371
Emax 8700 31% + 8 64% + 3
n 3 3
LF " 693 Ke 9400 nM + 140 |2900 nM = 780 | 0.24 S
i (1839)° n 2 2 F>H©[
Gogf ECso - -- N AN
‘5264 n CHEMBL72724
Gag® ECso - - nM
Emax 13% + 4
n @10uM 3
Arr2h ECso - -nM
Emax <5%
n 3
| N (1g11) Ke >1oogo nM 1600 n2M +70 | 033 Ho
2 n =
Z N =z | o Goggf ECso -- -- \0@( :N(\/)
S o CHEMBL77913
1190 G ECso - —nM
Emax <56%
n 3
Arr2h ECso - -nM
Emax <5%
n 3
_ F 1494 Ke >10000 nM 5000 nM £ 4500 | 0.29
(\/l(\@ (3922)° n 2 2
\N NH, G(Xq\f ECso - -
1447 E;ax "
Gog¢ ECso - 1300 nM + 440 F.
Emax 65% + 8
n 3
Arr2" ECso - —nM CHEMBL1643900
Emax <5%
n 3
o~ 2458 Ke >10000 nM 2200 nM £ 1600 | 0.25 N—o
P (6674)° n 2 2 [
HN X G(Xq\f ECso . - I
| EI’TIEX
n
9121 o ECo — — CHEMBL4088272
EI’TIEX <5%
n 3
Arr2h ECso - -nM
Emax <5%
n 3
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Compound

Cluster
rank
(Global
rank)¢

Binding®
and
functional
properties
fg.h

a22AR

a28AR

TC

Nearest CHEMBL
a2aAR ligand’

413
(1083)*

K#
n

>10000 nM

3100 nM + 1300

G(Xq\f ECso
Emax
n

Gog® ECso
EI’TIEX
n

Arr2h ECso
Emax
n

0.22

iy

CHEMBL72441

4320
(12733)°

K#
n

>10000 nM

4000 nM £ 2300

G(Xq\f ECso
Emax
n

Gog¢ ECso
EI’TIEX
n

Arr2h ECso
Emax
n

0.20

O/

_0

CHEMBL2432046

984
(2647)

K#
n

>10000 nM

6500 nM + 3900

G(Xq\f ECso
Emax
n

Gog¢ ECso
Emax
n

Arr2h ECso
Emax
n

0.25

S

/

Cl
CHEMBL 123448

3004
(8103)°

K#
n

>10000 nM

7500 nM + 1500

G(Xq\f ECso
Emax
n

Gog¢ ECso
Emax
n

Arr2h ECso
Emax
n

0.20

CHEMBL577912

‘1099

379
(883)°

K#
n

>10000 nM

7700 nM + 6100

G(Xq\f ECso
Emax
n

Gog¢ ECso
Emax
n

Arr2h ECso
Emax
n

0.22

CHEMBL294649
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Compound Cluster Binding® a22AR a28AR TC! Nearest CHEMBL
rank and a2aAR ligand’
(Global functional
rank)¢ properties

fg.h

1631 K# >10000 nM 8200 nM + 4000 | 0.21

. N
/CS (4337)? n 2 2 N \/I':>
N Gatgl ECso - - O N
EI’TIEX
: )
Goug? ECso - - nM

Emax <5% CHEMBL337862

n 3
Arr2h ECso - --nM
Emax <5%

n 3
4909 K# >10000 nM 8300 nM £ 5300 | 0.33 H

H
N
(14777)° n 2 2 NH
G\/n\/ED:N/> Gag ECso - - </N\/)\N/<I N/>

‘8817 Emax H
n CHEMBL74544
Gog® ECso - -
Emax
n
Arr2h ECso - -
Emax
n
4660 K# >10000 nM 8700 nM + 1300 | 0.21 =
(13691)° n 2 2 —

[¢]
i,
o) Emax NH
7963 n N)\\N
Gog¢ ECso - - H
Emax CHEMBL3289549
n
Arr2" ECso - -
Emax
n

14744 Ke >10000 nM 9100 nM £ 2700 | 0.23 _
/ /| (53883 n 2 2 (\©
N

NG INC Goyg ECso - -
)~ e Q@
n N
‘8695 \

Gog? EC - -
T CHEMBL605405

n
Arr2" ECso - -
Emax

n

@AN/\\ 1201 K# >10000 nM 9400 nM + 2300 | 0.33

NH (3112)° n 2 2
BH Gag ECso - -
EI’TIEX

F N
‘5343 n
Gog¢ ECso - -
Emax o
n
o/

Arr2" ECso - -
Emax CHEMBL141209

n

0]

ZT

abe Correspond to three docking screens (see Methods)

d Cluster rank and global rank from docking screens; global rank in brackets (Methods)

¢ Binding affinity to murine a2aAR or human a28AR as mean K; value * s.e.m. from 3-7 experiments or as mean K; value + SD for 2 experiments

f G-protein signaling determined in an IP-One assay with HEK293T cells expressing murine a2aAR and the hybrid G-protein Gagi from 3-7 experiments
9 G-protein signaling (IP-One assay) with the human a22AR or human a2s8AR and Gaq from 4-10 experiments

h B-Arrestin-2 recruitment with human a.2aAR or a.28AR derived from 3 or 3-4 experiments, respectively

I ECFP4 Tanimoto coefficient (Tc) to most similar known 02aAR ligand in CHEMBL29

i Most similar a2aAR CHEMBL29 ligand with activity < 10uM to the docking hit

--, not determined
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Table 2.S2 Binding affinity and functional properties of selected compounds in comparison
to the reference compounds norepinephrine, dexmedetomidine, and clonidine to the human
a2aAR.

Ki for azaAR® GaP Giro® B-arrestin-29
compound pomy ECso Enmax . ECso Enmax . ECso e
s.e.m.] [nM £s.em] [%+ s.e.m.] [nM £s.em.] [%+ s.e.m.] [nM £s.em.] [% £ s.e.m.]
NorEpi 4100+ 4 501004 100 17 - - ~ 45030 100 8
1500

DEX 1015 8 0.077 £0.015 105+4 7 0.057£0.015 76+3 2 1.3+0.43 60+3 5
CLON 84 + 21¢ 2 2.4 +£0.96 115+ 4 5 - - -- 1725 41+3 5
BRIM - - - - ~ 0232+0.043 107£7 2 - - -
‘9087 51+8.8 6 52+ 24 60+3 9 87 +13 42+ 2 2 - <5 6
2998 180 + 34 5 73+14 61+3 7 - - - 98 + 32 8+3 4
‘0172 260 + 33 4 210+ 38 95+7 4 - - - 1700 + 290 22+2 3
‘4622 12+ 3.6 4 9.7+24 74+ 4 6 - - -- - <5 3
7075 3751 5  41:12 93:52 o  18%19 %2 2 - wir@

0.1mM
PS75 8.2+048 4 48+13 82+4 7 - - - - 15£3@ 6

0.1mM

2 Binding affinity to human a2aAR as mean K; value + s.e.m derived from 4-8 experiments each done in triplicate.

b G-protein signaling monitored in a BRET-biosensor based assay in HEK293T cells expressing the human a2sAR performed in duplicates.

¢ G-protein signaling monitored in DiscoverX HitHunter cAMP assay expressing the human o2aAR.

4 B-Arrestin-2 recruitment monitored in a BRET-biosensor based assay in HEK293T cells expressing the human a2aAR performed in duplicates.
¢ Kivalue + SD derived from 2 experiments.

NorEpi, norepinephrine

DEX, dexmedetomidine

CLON, clonidine

BRIM, brimonidine

--, not determined
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Table 2.S3 Functional properties in EMTA coupling panel of ‘9087 and its analogs in
comparison to norepinephrine, dexmedetomidine, and brimonidine against the human
a2aAR.

Transducer Compound functional data

Endogenous Gi/o? Norepinephrine Dexmedetomidine Brimonidine '9087 '7075 PS75
Emax mean 100 101 111 55 75 76

SEM 1.99 2.28 2.71 1.63 1.66 1.22

LogEC50 mean -8.63 -10.01 -9.83 -7.58 -7.82 -8.11

9 SEM 0.05 0.06 0.07 0.07 0.05 0.03

N 3 5 5 5 5 5
Gi1 Norepinephrine Dexmedetomidine Brimonidine '9087 '7075 PS75
Emax mean 100 104 100 64 95 95

SEM 242 0.92 1.09 1.87 0.97 0.91
LogEC50 mean -8.66 -9.92 -9.96 -7.20 -7.47 -7.97

9 SEM 0.06 0.02 0.02 0.05 0.02 0.02

N 3 5 5 5 5 5
Gi2 Norepinephrine Dexmedetomidine Brimonidine '9087 '7075 PS75
Emax mean 100 101 99 62 96 101

SEM 2.25 1.23 1.12 2.63 0.92 1.17
LogEC50 mean -8.76 -10.00 -10.02 -7.26 -7.51 -7.92

9 SEM 0.06 0.02 0.02 0.08 0.02 0.02

N 3 5 5 5 5 5
Gi3 Norepinephrine Dexmedetomidine Brimonidine '9087 '7075 PS75
Emax mean 100 101 105 54 91 101

SEM 1.91 1.51 2.40 2.71 1.58 2.75
LogEC50 mean -8.49 -9.92 -9.88 -7.22 -7.46 -7.85

9 SEM 0.05 0.03 0.05 0.10 0.04 0.05

N 3 5 5 5 5 5
GoA Norepinephrine Dexmedetomidine Brimonidine '9087 '7075 PS75
Emax mean 100 108 105 96 95 96

SEM 3.86 1.46 1.58 1.94 3.55 1.20

LogEC50 mean -9.01 -10.36 -10.33 -7.59 -7.97 -8.41

9 SEM 0.07 0.03 0.04 0.04 33.55 0.03

N 3 5 5 5 5 5
GoB Norepinephrine Dexmedetomidine Brimonidine '9087 '7075 PS75
Emax mean 100 107 105 98 103 105

SEM 3.43 1.60 1.98 1.77 2.58 1.66
LogEC50 mean -9.17 -10.57 -10.48 -7.76 -8.08 -8.57

9 SEM 0.09 0.04 0.05 0.04 0.04 0.04

N 3 5 5 5 5 5
Gz Norepinephrine Dexmedetomidine Brimonidine '9087 '7075 PS75
Emax mean 100 99 98 95 93 99

SEM 4.38 1.46 1.52 245 1.44 0.99
LogEC50 mean -10.02 -11.50 -11.68 -8.86 -8.93 -9.43

9 SEM 0.09 0.04 0.04 0.05 0.03 0.03

N 3 5 5 5 5 5
Gs Norepinephrine Dexmedetomidine Brimonidine '9087 '7075 PS75
Emax mean 100 57 85 <5 <5 <5

SEM 3.82 4.21 3.92 - - -

mean -6.50 -8.04 -7.82 - - -

LogECS0 SEM 0.08 0.17 0.10 - - -

N 5 5 5 5 5 5
G12 Norepinephrine Dexmedetomidine Brimonidine '9087 '7075 PS75
E mean 100 61 107 <5 <5 <5

max SEM 2.48 2.26 4.00 - - -

mean -6.60 -7.91 -7.58 -- -- --

LogEC50 SEM 0.07 0.09 0.09 - - -

N 5 5 5 5 5 5
G13 Norepinephrine Dexmedetomidine Brimonidine '9087 '7075 PS75
Emax mean 100 41 111 <5 <5 <5

SEM 1.39 1.04 3.19 - - -

mean -6.10 -7.60 -7.18 - - -

LogECS0 SEM 0.02 0.06 0.07 - - -

N 5 5 5 5 5 5
Gq Norepinephrine Dexmedetomidine Brimonidine '9087 '7075 PS75
Emax mean 100 28 130 <5 <5 <5

SEM 1.70 1.59 3.77 - - -

mean -5.95 -7.34 -6.74 -- -- --

LogECS0 SEM 0.03 0.14 0.07 - - -

N 5 5 5 5 5 5
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Transducer

Compound functional data

G11 Norepinephrine Dexmedetomidine Brimonidine '9087 '7075 PS75
Emax mean 100 25 153 <5 <5 <5
SEM 3.22 1.44 10.12 - - -
mean -5.90 -7.62 -6.26 - - -
LogEC50 SEM 0.06 0.14 0.16 - - -
N 5 5 5 5 5 5
G14 Norepinephrine Dexmedetomidine Brimonidine '9087 '7075 PS75
Emax mean 100 24 117 <5 <5 <5
SEM 3.48 0.94 4.06 - - -
mean -5.83 -7.64 -6.77 - - -
LogEC50 SEM 0.06 0.10 0.08 - - -
N 5 5 5 5 5 5
G15 Norepinephrine Dexmedetomidine Brimonidine '9087 '7075 PS75
Emax mean 100 74 107 <5 <5 <5
SEM 0.02 0.02 0.04 - - -
mean -6.30 -7.59 -7.42 - - -
LogECS0 SEM 0.94 075 1.65 - - -
N 5 5 5 5 5 5
barrestin1 Norepinephrine Dexmedetomidine Brimonidine '9087 '7075 PS75
Emax mean 100 30 103 <5 <5 <5
SEM 2.84 1.10 5.05 - - -
mean -5.80 -7.89 -6.17 - - -
LogEC50 SEM 0.05 0.09 0.12 - - -
N 5 5 5 5 5 5
barrestin2 Norepinephrine Dexmedetomidine Brimonidine '9087 '7075 PS75
Emax mean 100 38 92 <5 <5 <5
SEM 1.53 0.94 2.58 - - -
mean -5.94 -7.62 -6.74 - - -
LogECS0 SEM 0.02 0.06 0.07 - - -
N 5 5 5 5 5 5

G-protein and B-Arrestin signaling for docking compounds in BRET-biosensor based assays in HEK293T cells expressing the human o2aAR. All

compound responses normalized to norepinephrine response.

@ Endogenous Gio protein family activation in the absence of heterologously expressed G proteins.

--, not determined
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Table 2.S4 EMTA coupling panel relative activities of ‘9087 and its analogs in comparison
to norepinephrine, dexmedetomidine, and brimonidine against the human a2aAR.

Transducer Compound functional data
Endogenous Mean SEM Mean for SEM for unpaired t-test RE:
Gilo? log(Emax/EC50) | log(Emax/EC50) | Alog(Emax/EC50) | Alog(Emax/EC50) | compared to NEP | 10*Alog(Emax/EC50)
Norepi 10.64 0.11 0.00 0.16 1.00
Dex 12.00 0.07 1.36 0.13 ox 23.17
Brimonidine 11.87 0.05 1.23 0.13 ** 16.97
'9087 9.32 0.09 -1.32 0.15 ** 0.05
'7075 9.69 0.06 -0.95 0.13 ** 0.11
PS75 9.98 0.04 -0.66 0.12 * 0.22
Gif Mean SEM Mean for SEM for unpaired t-test RE:
log(Emax/EC50) | log(Emax/EC50) | Alog(Emax/EC50) | Alog(Emax/EC50) | compared to NEP | 10*Alog(Emax/EC50)
Norepi 10.66 0.16 0.00 0.23 1.00
Dex 11.93 0.02 1.27 0.16 ** 18.71
Brimonidine 11.96 0.02 1.30 0.16 ** 20.17
'9087 8.99 0.12 -1.67 0.20 ** 0.02
'7075 9.45 0.03 -1.21 0.17 ** 0.06
PS75 9.94 0.03 -0.71 0.17 * 0.19
Gi2 Mean SEM Mean for SEM for unpaired t-test RE:
log(Emax/EC50) | log(Emax/EC50) | Alog(Emax/EC50) | Alog(Emax/EC50) | compared to NEP | 10*Alog(Emax/EC50)
Norepi 10.75 0.12 0.00 0.18 1.00
Dex 12.01 0.03 1.27 0.13 ** 18.41
Brimonidine 12.01 0.01 1.26 0.12 ox 18.17
'9087 9.01 0.14 -1.74 0.19 ox 0.02
'7075 9.49 0.03 -1.26 0.13 ** 0.05
PS75 9.94 0.04 -0.81 0.13 ** 0.16
Gi3 Mean SEM Mean for SEM for unpaired t-test RE:
log(Emax/EC50) | log(Emax/EC50) | Alog(Emax/EC50) | Alog(Emax/EC50) | compared to NEP | 102Alog(Emax/EC50)
Norepi 10.49 0.13 0.00 0.18 1.00
Dex 11.93 0.04 1.44 0.13 ox 27.34
Brimonidine 11.90 0.02 1.41 0.13 ox 25.87
'9087 8.92 0.13 -1.57 0.18 ** 0.03
'7075 9.42 0.05 -1.07 0.14 ** 0.08
PS75 9.85 0.05 -0.64 0.14 * 0.23
GoA Mean SEM Mean for SEM for unpaired t-test RE:
log(Emax/EC50) | log(Emax/EC50) | Alog(Emax/EC50) | Alog(Emax/EC50) | compared to NEP | 10*Alog(Emax/EC50)
Norepi 11.08 0.20 0.00 0.28 1.00
Dex 12.39 0.03 1.31 0.20 ** 20.39
Brimonidine 12.35 0.05 1.27 0.21 * 18.51
'9087 9.58 0.07 -1.50 0.21 ** 0.03
'7075 9.93 0.02 -1.14 0.20 * 0.07
PS75 10.39 0.03 -0.68 0.20 ns 0.21
GoB Mean SEM Mean for SEM for unpaired t-test RE:
log(Emax/EC50) | log(Emax/EC50) | Alog(Emax/EC50) | Alog(Emax/EC50) | compared to NEP | 102Alog(Emax/EC50)
Norepi 11.16 0.13 0.00 0.19 1.00
Dex 12.59 0.05 1.44 0.14 ox 27.41
Brimonidine 12.50 0.03 1.34 0.14 ** 21.96
'9087 9.75 0.07 -1.41 0.15 ** 0.04
'7075 10.08 0.03 -1.07 0.14 ** 0.08
PS75 10.59 0.04 -0.57 0.14 * 0.27
Gz Mean SEM Mean for SEM for unpaired t-test RE:
log(Emax/EC50) | log(Emax/EC50) | Alog(Emax/EC50) | Alog(Emax/EC50) | compared to NEP | 10*Alog(Emax/EC50)
Norepi 12.16 0.19 0.00 0.27 1.00
Dex 13.49 0.03 1.33 0.19 ** 21.30
Brimonidine 13.67 0.03 1.51 0.19 ** 32.35
'9087 10.86 0.07 -1.30 0.20 ** 0.05
'7075 10.91 0.03 -1.26 0.19 ** 0.06
PS75 11.43 0.03 -0.74 0.19 ns 0.18
Gs Mean SEM Mean for SEM for unpaired t-test RE:
log(Emax/EC50) | log(Emax/EC50) | Alog(Emax/EC50) | Alog(Emax/EC50) | compared to NEP | 10*Alog(Emax/EC50)
Norepi 8.49 0.12 0.00 0.17 1.00
Dex 10.00 0.36 1.52 0.38 ** 32.93
Brimonidine 9.77 0.06 1.29 0.13 ox 19.40
'9087 - - - - - -
'7075 - - - - - -
PS75 - - - - - -
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Transducer

Compound functional data

G12

Norepi

Dex
Brimonidine
'9087

'7075

PS75

G13

Norepi

Dex
Brimonidine
'9087

'7075

PS75

Gq

Norepi

Dex
Brimonidine
'9087

'7075

PS75

G11

Norepi

Dex
Brimonidine
'9087

'7075

PS75

G14

Norepi

Dex
Brimonidine
'9087

'7075

PS75

G15

Norepi

Dex
Brimonidine
'9087

'7075

PS75

barrestin1

Norepi

Dex
Brimonidine
'9087

'7075

PS75

barrestin2

Norepi

Dex
Brimonidine
'9087

'7075

PS75

Mean SEM Mean for SEM for unpaired t-test RE:
log(Emax/EC50) | log(Emax/EC50) | Alog(Emax/EC50) | Alog(Emax/EC50) | compared to NEP | 102Alog(Emax/EC50)

8.65 0.11 0.00 0.16 1.00

9.72 0.02 1.07 0.11 ox 11.83

9.61 0.03 0.96 0.11 ** 9.11

Mean SEM Mean for SEM for unpaired t-test RE:
log(Emax/EC50) | log(Emax/EC50) | Alog(Emax/EC50) | Alog(Emax/EC50) | compared to NEP | 102Alog(Emax/EC50)

8.08 0.04 0.00 0.05 1.00

9.22 0.03 1.13 0.05 ox 13.60

9.18 0.07 1.10 0.08 ox 12.50

Mean SEM Mean for SEM for unpaired t-test RE:
log(Emax/EC50) | log(Emax/EC50) | Alog(Emax/EC50) | Alog(Emax/EC50) | compared to NEP | 10*Alog(Emax/EC50)

7.96 0.04 0.00 0.06 1.00

8.66 0.18 0.70 0.18 ** 4.97

8.86 0.03 0.90 0.05 ox 7.90

Mean SEM Mean for SEM for unpaired t-test RE:
log(Emax/EC50) | log(Emax/EC50) | Alog(Emax/EC50) | Alog(Emax/EC50) | compared to NEP | 10*Alog(Emax/EC50)

7.88 0.08 0.00 0.11 1.00

9.02 0.16 1.14 0.18 ox 13.71

8.33 0.19 0.45 0.20 ns 2.80

Mean SEM Mean for SEM for unpaired t-test RE:
log(Emax/EC50) | log(Emax/EC50) | Alog(Emax/EC50) | Alog(Emax/EC50) | compared to NEP | 10*Alog(Emax/EC50)

7.76 0.08 0.00 0.12 1.00

9.04 0.15 1.28 0.17 ox 18.95

8.83 0.06 1.07 0.10 ox 11.70

Mean SEM Mean for SEM for unpaired t-test RE:
log(Emax/EC50) | log(Emax/EC50) | Alog(Emax/EC50) | Alog(Emax/EC50) | compared to NEP | 10*Alog(Emax/EC50)

8.29 0.07 0.00 0.10 1.00

9.46 0.03 1.17 0.07 ox 14.91

9.45 0.01 1.16 0.07 ox 14.60

Mean SEM Mean for SEM for unpaired t-test RE:
log(Emax/EC50) | log(Emax/EC50) | Alog(Emax/EC50) | Alog(Emax/EC50) | compared to NEP | 10*Alog(Emax/EC50)

7.78 0.07 0.00 0.09 1.00

9.35 0.08 1.57 0.10 ox 37.50

8.13 0.14 0.36 0.15 ns 2.28

Mean SEM Mean for SEM for unpaired t-test RE:
log(Emax/EC50) | log(Emax/EC50) | Alog(Emax/EC50) | Alog(Emax/EC50) | compared to NEP | 102Alog(Emax/EC50)

7.94 0.04 0.00 0.05 1.00

9.19 0.06 1.25 0.08 ox 17.70

8.69 0.05 0.75 0.06 ox 5.58

G-protein and B-Arrestin signaling for docking compounds in BRET-biosensor based assays in HEK293T cells expressing the human o2aAR (logEC50

and Emax values located in Table S3). All compound responses normalized to norepinephrine response.

@ Endogenous Gio protein family activation in the absence of heterologously expressed G proteins.
b Statistical significance of all comparisons (Mean Alog(Emax/EC50) by unpaired t-test. ns = not significant, * p<0.05, ** p<0.01, *** p<0.001.
NE, norepinephrine
RE, relative efficacy

--, not determined
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Table 2.S5 Summary of Gq BRET activation data for compounds and 24 AR mutations.

NorEpi DEX ‘9087 7075 4622
receptor activity n activity n activity n activity n activity n
Ga@b
wt ECso 50+£094 17 0077£0015 7  52%24 9 4112 9 9.7+2.4 6

Enmax 100 105+ 4 60+3 93+5 7414

Diogezp  ECeo - 4 130002600 4 1%%%%* 5 5600 1500 4 - 4
Enmax 50 @1mM 100 7245 76+ 6 <5

Diggseer  ECso - 3 - 4 14000% 6600 + 1600 5 - 4

3100
Enmax 20 @1mM 10 @0.1mM 59+7 100 <5
ECso 26000 +
3.32] _— -_— -

D128%22, 3 4 2100 5 3900 + 700 5 4
Enmax 20 @1mM 10 @0.1mM 113+9 100 <5

S215542A  ECeo 5600 + 1700 6 4416 6 170+66 4 0.43 + 0.095 7 29415 4
Bmax 100 97+5 6;* 615 7744 7347

Y409655A  ECsp 41000 £ 17000 5 16 £ 6.4 5 300+79 6 690 + 460 6 - 4
Enmax 100 9512 64+7 1146 <5

Y409655T  ECsy 52000 + 17000 6 50 £ 28 5 510+360 4 5300 + 2400 4 - 3
Enmax 100 100+ 2 80+9 36+3 <5

Y409555F  ECeo 2300 £ 1100 6 4320 3 500£290 4 3200 + 1400 5 - 4
Enmax 100 62+8 73£7 1743 <5

F4277%A  ECso 420£160 4 330180 3 ~ 5 - 3 - 4
Emax 1 1

100 877 @01mM <5 <5

vaziren  ECe 35000+ 6400 4 850 + 330 4 23%%%* 5 3900 + 1500 3 93004700 4
Enmax 100 70 £ 1 5410 4249 13+8

Y431743F  ECeo 430 £ 61 5 350 + 89 6 ~ 5 120 + 43 6 - 4
Enmax 100 634 <5 4246 <5

a G-protein activation monitored in a BRET-biosensor based assay in HEK293T cells expressing the human a2aAR performed in duplicates. Mean ECso
values are displayed as in nMts.e.m.

> Normalization was done relative to the maximum effect of NorEpi with the exception of mutants D128%32A (DEX), D1283%32T and D128%%L (‘7075)
highlighted in bold and displayed in %z+s.e.m.

NorEpi, norepinephrine

DEX, dexmedetomidine

--, not determined
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Table 2.S6 Summary of G, BRET activation and arrestin BRET recruitment data for
selected compounds at the a2aAR and selected mutants displayed as delta BRET values.

NorEpi DEX ‘9087 ‘7075 ‘4622
receptor activity n activity n activity n activity n activity n
Go@
wt ECso 5.0 £0.87 17 0.082 + 0.015 7 56 + 27 9 6.9+3.0 9 17 +6.4 6
Emax 0.270 + 0.006 0.249 + 0.012 0(')15;111 0.237 £ 0.010 0.173 + 0.009
D12giis  ECw - 4 12000£1800 4  '220* 5 53001300 4 - 4
Enmax 0.082 £ 0.013 0.140 +
@ 1mM 0.175 + 0.024 0.009 0.134 £ 0.011 <0.05
S215542A ECso 5200 + 1600 6 44+16 6 240+ 120 4 0.37 £0.18 7 14+7.0 4
Emax 0.311 +0.039 0.259 + 0.023 0(')282911 0.257 + 0.026 0.299 + 0.034
Y409555A ECso 15000 + 3800 5 16+ 6.6 5 290+ 70 6 - 6 - 4
Emax 0.414 + 0.036 0.362 + 0.019 0241 & <0.05 <0.05
0.030
Y409555F ECso 2000 + 940 6 44+20 3 600 + 360 4 5200 + 2600 5 - 4
Emax 0.326 + 0.038 0.240 + 0.038 0(.)253;01 0.089 + 0.048 <0.05
F4277-39A ECso 410+ 96 4 2800 + 1400 4 - 5 - 3 - 4
Emax 0.350 £ 0.023 0.332 + 0.021 <0.05 <0.05 <0.05
Y43174A ECs0 47000 + 9100 4 1300 * 350 4 1%%%%t 5 2400 + 1000 3 - 4
Emax 0.290 + 0.031 0.199 + 0.024 0(')134‘?41 0.148 + 0.043 <0.05
Y43174F ECso 540 + 120 5 360 + 97 6 - 5 120 + 44 6 - 4
Emax 0.322 £ 0.018 0.207 + 0.019 <0.05 0.140 £ 0.014 <0.05
B-arrestin-2 recruitment®
wt ECso 400 + 30 12 30+1.2 8 - 8 - 9 - 7
Emax 0.065 + 0.032 0.051 +0.010
0.946 + 0.074 0.522 + 0.034 <0.05 @ 100uM @ 100uM
D128332A ECso - 5 -- 3 - 4 - 4 - 4
Ermax <0.05 <0.05 <0.05 <0.05 <0.05
S215542A ECso - 6 35+1.0 5 - 3 37+86 7 110 £ 39 7
Emax 0.615 £ 0.023 0.523 + 0.025 <0.05 0.195 + 0.019 0.144 + 0.009
@ 1mM
Y409855A ECso - 5 44 + 11 5 - 5 - 5 - 4
Emax 0.383 £ 0.020 0.527 £ 0.013 <0.05 <0.05 <0.05
@ 1mM
Y409555F ECso 8300 + 1500 4 8.2+1.0 4 - 3 120000 + 71000 4 - 3
Emax 0.756 + 0.007 0.420 + 0.012 <0.05 0.104 + 0.023 <0.05
F42773A ECso 25000 + 2700 6 3200 + 810 5 - 5 - 5 - 5
Emax 0.848 + 0.045 0.252 + 0.027 <0.05 <0.05 <0.05
Y43174A ECso 250000 + 37000 6 - 4 - 4 - 4 - 4
Emax 0.941 + 0.025 <0.05 <0.05 <0.05 <0.05
Y43174F ECso 21000 + 3800 5 49+ 12 4 - 3 52000 + 28000 5 - 3
Emax 0.234 £ 0.011 0.195 + 0.009 <0.05 0.098 + 0.015 <0.05

a G-protein activation monitored in a BRET-biosensor based assay in HEK293T cells expressing the human a22AR or a mutant performed in
duplicates. Mean ECso values are displayed as nMzs.e.m.; Emax values are listed as absolute mean valuests.e.m. of delta BRET with numbers of
experiments (n) listed separately.

bB-Arrestin-2 recruitment was determined in a BRET-biosensor based assay in HEK293T cells expressing the human a2aAR or a mutant performed in
duplicates. Mean ECso values are displayed as nMzs.e.m.; Emax values are listed as mean valuests.e.m. of delta BRET; numbers of experiments (n)
are specified individually.

NorEpi, norepinephrine

DEX, dexmedetomidine

--, not determined
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Table 2.S7 Binding affinity and functional properties of selected ‘9087 analogs to the

human aaAR.

GiECso% SE P B-Arr-2 ©
K ("M)? Emaxt SEM® ECso Statistical
Compound ! n Mean logeC50 (SEM)® Emax differences for Gi
Relative activity® n activity’
n
N= 52 nM + 24 ‘5879 *
\ 60% + 3 -nM PS84+
Van o188 -7.585 (0.169) <5% PS86 ***
N o/ H 9.354 (0.171) 6 PS75 **
‘9087 9 17075 *kkk
N= --nM
0,
— ) >10000 <5%
NH 3 ND - -
N/ ND
3188 4
N= --nM
0,
\ 10000 57% + 9 @0.1mM
3 ND - -
NH ND
3535 4
N= --nM
0,
\ 4600 £ 2100 <5%
HoN NH 3 ND - -
2 ND
‘9465 3
N= 14nM + 4.8
Y 2267 A E2 - PS84 "+
= 3 -8.180 (0.296) <5% Pagp
Ny 9.845 (0.294) 3
4718 7
Qj 9.1nM £3.2
| 77%+ 2 -nM PS71*
VanNENARN r2210 -8.175 (0.183) <5% PS84
N/ 10.058 (0.184) 3 PS86 ****
‘4914 5
6.1nM =12 ) .
C 84% + 6 —nM 9087
— 8.8+3.2 * 6% £ 1 @0.1mM PS71 **
§ N 3 -8.251 (0.094) p PSgy
\ 7/ 10.170 (0.117) PSEE
‘5879 5
C 18nM 5
O 19415 94% + 4 -nM PS71*
O\ 2 -7.850 (0.098) 18% + 9 @0.1mM PS84 *rek
\ / 9.823 (0.091) 4 PS86 ****
4825 9
C 13nM + 2.7
0,
_ O 72+ 15 94% 9 —-nM PS84 **+
" v 3 -7.899 (0.093) h Poge
N\ / 9.868 (0.073) *
PS83 3
C 36 nM £ 14
91% + 3 -nM PS84 **
N O 9.2 i30'99 -7.615 (0.175) <5% PS86 **+*
\_/ . 9.570 (0.171) 4 7075 **
PS70 6
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GiECsot SEP B-Arr-2 ©
K; (nM)? Emax* SEMP ECso Statistical
Compound ! n Mean logeC50 (SEM)® Emax differences for Gi
Relative activity® n activity’
n
4914 *
O 100 nM £ 19 ‘5879 **
85% + 3 --nM 4825 *
N//\:\>—NH Q 240 ; 120 -7.020 (0.100) <5% PS84 *
— o— 8.948 (0.113) 4 PS86 **
PS71 4 PS75 ***
17075 dkkk
19087 dkkk
11718 dkkk
840 nM # 350 4914 ™
N 37% + 4 5879
= o 500 + 87 °a 4825 ****
y 4 h -6.189 (0.250) - PS83 *He
PS84 3 PS71*
PS75 ****
17075 dkkk
19087 dkkk
11718 dkkk
o 3400 nM + 940 Ao14 7
91% + 15 5879
_ NH 1200 + 560 5,494 (C ‘4825 **x
3 V. (0109) - PS83 ****
Ny 7.442 (0.155) P70
PS86 3 PS71 **
PS75 dekkk
17075 dkkk
W,
0,
Q 1800 + 730 43% + 4 @0.1mM
_ ND
PS92 5
N/:N ——nM
N7 6600 + 1800 <5%
7\ 2 ND - -
N o NH ND
PS93 6
48nM+£1.3
‘9087 **
O 82% + 4 -nM -
N& 8.2 140'48 -8.441 (0.148) 15% + 3 @ 0.1mM PPSSg 41
\
. 10.3527(0.149) 6 PS8E *H
PS75
F 41nM£1.2 ‘9087 ****
37451 93% £ 5.2 —nM PS70 **
O P -8.509 (0.117) 10% + 7 @ 0.1mM PS71 ***
\ 7/ 10.471 (0.095) 7 PS84 **x
7075 9 PS86 ****

2 Binding affinity to human a2aAR as mean K; value in [nM] £ SEM

b G-protein activation monitored in a BRET-biosensor based assay using the human a2aAR

¢logEC50 (means calculated from each replicate) of G-protein signaling monitored in a BRET-biosensor based assay using the human a2aAR

d Relative activity, log(Emax/ECs0), of G-protein signaling monitored in a BRET-biosensor based assay using the human c2aAR

¢ B-Arrestin-2 recruitment measured with a BRET-biosensor based assay and the human a22aAR

f Differences of relative compound activities (log(Emax/ECso) were analyzed by One-way ANOVA applying Tukey’s multiple comparisons test in PRISM
9.3.1. * p<0.05, ** p<0.01, ***, p < 0.001; ****, p < 0.0001. Only compounds with statistically significant differences are listed.

--, not determined
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Table 2.S8 Binding affinity of ‘9087 to other adrenergic receptors.

a2cAR a1nAR a1BAR B1AR B2AR

0.027 + 0.004 uM (3) 1.3 +£0.37 pM (4) 7.4+ 0.64 uM (3) >10 uM (3) >10 uM (3)

Binding affinity to related adrenergic receptors as mean Ki value in [uM # s.e.m.] each done in triplicates; number of individual experiments are
displayed in parentheses.
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Table 2.S9 Pharmacokinetic properties of docking agonists.

Compound Routes PK parameters®®° | Plasma Brain CSF Oral Permeability
(dose) bioavailability? | prediction
(kcal/mol)®
‘9087 I.P. Cmax (ng/ml) 1440 5960 447 152%° -2.207
(10 AUC (ng*min/mL) 110000 439000 154000
mg/kg) T % (hr) 0.50 9.85 26.83
I.V. Cmax (ng/ml) 2020 6590 ND
(10 AUC (ng*min/mL) 105000 420000
mg/kg) T % (hr) 0.87 0.62
P.O. Cmax (ng/ml) 2720 14000 ND
(30 AUC (ng*min/mL) 506000 2540000
mg/kg) T % (hr) 1.25 1.06
‘7075 I.P. Cmax (ng/ml) 694 8570 412 ND -3.238
(‘9087 analog) (10 AUC (ng*min/mL) 57100 814000 12000
mg/kg) T % (hr) 0.64 0.73 0.22
PS75 I.P. Cmax (ng/ml) 679 9200 99.3 102% ND
(‘9087 analog) (10 AUC (ng*min/mL) 55600 888000 7790
mg/kg) T % (hr) 0.73 1.07 2.55
I.V. Cmax (ng/ml) 2586 ND ND
(10 AUC (ng*min/mL) 207,840
mg/kg) T % (hr) 1.64
P.O. Cmax (ng/ml) 2390 ND ND
(30 AUC (ng*min/mL) 637,140
mg/kg) T % (hr) 3.17
‘4622 I.P. Cmax (ng/ml) 620 16200 44.2 ND -3.012
(10 AUC (ng*min/mL) 34000 1160000 | 18400
mg/kg) T % (hr) 1.01 0.88 14.5
2998 I.P. Cmax (ng/ml) 2710 742 n/a ND -1.121
(10 AUC (ng*min/mL) 184000 51700
mg/kg) T % (hr) 0.4 0.46
Dexmedetomidine | I.P. Cmax (ng/ml) ND 8 ND ND ND
(30 pg/kg) | AUC (ng*min/mL) 285
T % (hr) ND

aCmax, maximum concentration reached in mice plasma, brain, or CSF sample

PAUC, area under the concentration-time curve for exposure in mice plasma, brain, or CSF
°T %2, half-life of the compound in mice plasma, brain, or CSF

doral bioavailability, see methods for calculation using I.V. and P.O. dosing

¢Delta-delta-G of insertion of compounds from water to membrane

f An oral bioavailability higher than 100% can occur with certain compound and pharmacokinetic conditions, including “non-linear PK” (metabolic

saturation) at non-equal 1.V. and P.O. doses and entero-hepatic recirculation.
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Table 2.S10 Cryo-EM data collection, refinement, and validation statistics.

Data collection and

‘9087-a,,AR-GoA-scfv16

processing PDB:7W6P

EMDB:EMD-32331

'4622-0,,AR-GoA-scfv16
PDB:7W7E
EMDB:EMD-32342

Magnification

Voltage (kV)

Electron exposure (e/A)
Defocus range (um)

Pixel size (A)

Symmetry imposed

Initial particle images (no.)
Final particle images (no.)
Map resolution (A)

FSC threshold
Refinement

Initial model used (PDB code)
Map sharpening B-factor (A)
Model composition
Non-hydrogen atoms
Protein residues

B factor (A)

Protein

Ligand

R.m.s. deviations

Bond lengths (A)

Bond angles (°)
Validation

MolProbity score
Clashscore
Ramachandran plot
Favored (%)

Allowed (%)

Disallowed (%)

105,000
300

60
1.0~-1.6
0.85

C1
2137146
287431
3.47
0.143

7EJO
-120

8429
1083

47.16
50.31

0.004
0.642

2.1
1417

93.03
6.97
0

105,000
300

60
-1.0~-1.8
0.85

C1
2593747
563506
3.38
0.143

7EJO
-80

8524
1090

92.66
105.49

0.004
0.653

1.95
8.09
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2.7 Materials and Methods

Molecular docking

The a2BAR receptor with dexmedetomidine and Goa (PDB 6K41) (9) was used for docking
calculations prior to the determination of the asAR dexmedetomidine-bound structure (PDB
7EJA; comparison shown in Fig. S1). Three screens of the ZINC15 database were run, two for
fragment molecules (less than 250 amu, cLogP < 3.5) and one for lead-like (250-350 amu, cLogP
<3.5). Docking was performed with DOCK3.7(26). For the first screen, 45 matching spheres (26)
were used, 15 from the docked pose of dexmedetomidine and 30 from SPHGEN-generated
spheres(58). The receptor structure was protonated using REDUCE (59) and AMBER united atom
charges were assigned (60). In control calculations (6/) with 15 known agonists from the
IUPHAR/BPS database (27) and from the literature (29-31), balanced against 1800 property
matched decoys (62), docking parameters were optimized based on adjusted logAUC (67) and
based on recapitulation of ligand interactions with residues axsAR D92332, F4127-3°, F38765!,
Y391635, and F388%32 (residues conserved in opaAR: D128%32 F42773 F405%3! Y4096 and
F4065°2). An “extrema” set was used to evaluate cationic charge preference, as described (18, 62).
The protein low dielectric and desolvation regions, defined by pseudo-atoms calculated with
SPHGEN (58), were extended as previously described (63), based on the control calculations, by
a radius of 1 A and 0.3 A, respectively (10, 64). Energy potential grids were calculated using
CHEMGRID for AMBER-based van der Waals potential, QNIFFT (65) for Poisson-Boltzmann-
based electrostatic potentials, and SOLVMAP (66) for context-dependent ligand desolvation. In
the second and third docking screens, differences included modified matching spheres (added rigid
fragments of xylazine docked-pose, only used 40 matching spheres) and extension of the

desolvation pseudo-atoms by a radius of 0.2 A.
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For the first screen, 20 million molecules from the ZINC15 (http://zinc15.docking.org/) fragments

subset were docked in 3,008 core hours or about 6 wall-clock hours on a 500-core cluster. Almost
5 trillion complexes were sampled, on average each molecule sampled 2,405 orientations and 202
conformations. Only about 8 of 20 million could be sterically accommodated in the orthosteric
site, reflecting its small size. For the second screen, the same 20 million fragments were docked in
3830 core hours or 7.7 hours on 500-core cluster, sampling over 6 trillion complexes; on average
each molecule sampled 3,122 orientations and 203 conformations. About 9 million molecules were
accommodated in the site. For the third screen, 281 million molecules from ZINC15 lead-like
subset were screened in 71,625 core hours or about 1 week on 500 cores. Over 222 trillion
complexes were sampled with an average of 4,553 orientations and 469 conformations per

molecule, though ultimately only 13.5 million could sterically fit in the site.

For the first and second screens, the top 161,055 scored compounds were clustered by ECFP4-
based Tanimoto coefficient (Tc) of 0.5 to identify unique chemotypes, resulting in 37,150 and
33,378 clusters. For the third screen, the top 300,000 scored compounds were clustered in the same
manner resulting in 57,168 clusters. Molecules were filtered for novelty, removing those with Tc
> 0.35 to 15 o2aAR agonists used in control calculations. The top 5,000 ranked molecules
remaining were visually filtered for interactions at axpAR residues D922, F4127-3°, F38765!,
Y3916, and F388%2for the first and second screens; for the third screen, the top 20,000 molecules
were examined by the same criteria. Lastly, prioritized molecules were also filtered for internal
torsional strain; this was done visually for the first screen, while the second and third screens used

a method drawing on CSD torsion populations cutting off at a total energy of 2 Torsion Energy
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Units (32). An additional novelty filter was performed removing molecules with TC > 0.35 to
CHEMBL29 (28) a2aAR compounds. Sixty-four molecules were selected for purchasing: 33, 26,
and 5 from the first, second and third screens, respectively. Ten were sourced from WuXi and
another 54 from Enamine, of which 8 and 40 were successfully synthesized, respectively. Most of
these compounds have not previously been synthesized before, to the best of our knowledge,

except for some of the smaller fragments, which have been previously used as building blocks

(https://github.com/efink14/Fink 2022 Dissertation).

Synthesis of tangible molecules
Forty-eight molecules prioritized for purchasing were synthesized by Enamine and Wuxi for a
total fulfilment rate of 75%. Compounds were sourced from the Enamine REAL database

(https://enamine.net/compound-collections/real-compounds) or the WuXi GalaXi Virtual library.

The purities of active molecules synthesized by Enamine and WuXi were at least 90% and
typically above 95%. For bespoke compound synthesized in house purities were at least 96% and
typically above 99%. The purity of compounds tested in vivo were >95% and typically above 98%

(https://github.com/efink14/Fink 2022 Dissertation).

Ligand optimization
Analogs for four docking hits (‘9087, ‘2998, ‘0172, ‘4622) were queried in Arthor and SmallWorld

1.4 and 12 Billion tangible libraries (https://sw.docking.org/, https://arthor.docking.org), the latter

primarily containing Enamine REAL Space compounds (https://enamine.net/compound-

collections/real-compounds/real-space-navigator). Results from SmallWorld, Bemis-Murcko

framework, and substructure queries were pooled, docked into the axgAR site prior to ‘9087-

a2aAR structure being determined. Compounds with favorable interactions in the orthosteric site
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were prioritized, leading to 13 analogs for ‘9087

(https://github.com/efink14/Fink 2022 Dissertation). Also, for the 4 docking hits, analogs were

designed by modifying the 2D chemical structure to test specific hypotheses, adding another 6

analogs for ‘9087 (https:/github.com/efink14/Fink 2022 Dissertation). The second round of

analogs for ‘9087 were designed and prioritized for bespoke synthesis. Some were docked to a
preliminary cryo-EM model of the ‘9087-02aAR structure, while several were designed and
synthesized regardless of docked pose to test specific hypotheses; in total 8 of these were

synthesized and tested (https://github.com/efink14/Fink 2022 Dissertation). Calculation of the

contact areas was performed by means of UCSF Chimera (https://rbvi.ucsf.edu/chimera).

Bespoke synthesis
“7075 was designed for hypothesis testing and was bespoke synthesized by Enamine

(https://github.com/efink14/Fink 2022 Dissertation).

Molecular modeling of ‘7075 and PS75

Maestro (v. 2019-4, Schrodinger, LLC) was used to manually change the chemical structure of
‘9087 to 7075 or PS7S in a preliminary model of the ‘9087-a2AAR complex cryo-EM structure.
The isoquinoline nitrogen was changed to a carbon and the fluorine or chlorine substituent was
added to the naphthalene ring for 7075 and PS75, respectively. The resulting complex of '7075
or PS75 and a2aAR coupled to the G protein but without scFv16 was energy minimized following
the Protein Preparation Wizard protocol using the OPLS3e force field. The maximum heavy atom

deviation from the initial model was 0.3A.
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Passive-membrane permeability prediction

Forty Ligand structures were converted from SMILES strings to three-dimensional structures
using LigPrep (v. 53013, Schrodinger, New York). For the passive-membrane permeability
prediction (67, 68), we retained only neutral form for each ligand. Passive-membrane permeability
of a ligand is predicted from the free-energy of insertion (AGy), i.e., from the energy difference
between a conformer in low and high dielectric media. Therefore, we generated conformations of
each ligand using ConfGen software (v. 5.1, Schrodinger, New York). We minimized each
conformer in a low dielectric medium (chloroform) to mimic the membrane dielectric using
Protein Local Optimization Program (PLOP) (69). After finding the lowest energy conformer in
the low dielectric medium, we calculated the energy of that energy-minimized conformer in water.
We subtracted the energy of the ligand in the high-dielectric water from the low-dielectric medium.
We further added a deionization penalty term to account for transforming ionized form of the
ligand in water to its neutral form in membrane. We computed the deionization penalty energy
using the empirical pKa prediction software Epik (v. 5.1013, Schrodinger Inc.). We rank-ordered

the ligands based on their free-energy of insertion.

Radioligand binding experiments.

Receptor binding affinities for the axaAR receptor and to c2sAR as well as the related adrenergic
subtypes aia, aiB, oac, f1 and P2 were determined as described previously (44, 70). In brief,
membranes were prepared from HEK293T cells transiently transfected with the cDNA for human
a2aAR, murine a2aAR (provided by D. Calebiro, Birmingham, UK), human a;8AR (obtained from
the cDNA resource center, www.cdna.org) or with the cDNAs for the human a4, ais, o2c, B2 (all

from cDNA resource center) and 1 (provided by R. Sunahara, UCSD). Receptor densities (Bmax
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value) and specific binding affinities (Kp value) for the radioligand [PH]RX82,1002 (specific
activity 52 Ci/mmol, Novandi, Sodertéilje, Sweden) were determined as 1,400£210 fmol/mg
protein and 0.54+0.024 nM for human a2aAR, 4,000+£720 fmol/mg protein and 1.8+0.61 nM for
murine 02aAR, and 3,400+£580 fmol/mg protein and 2.3+0.52 nM for a2BAR, respectively. Further
values are 3,200+1,900 fmol/mg protein and 0.58+0.11 nM for azc, 2,000+£950 fmol/mg protein
and 0.70£0.13 nM for a4, and 4,000 fmol/mg protein and 0.11 nM for aig, both determined with
[*H]prazosin (51 Ci/mmol, PerkinElmer, Rodgau, Germany), respectively and 1,400+360 fmol/mg
protein and 0.070+£0.006 nM for B1, and 1,300+£230 fmol/mg protein and 0.074+0.012 nM for [32,

both determined with [P H]CGP12,188 (52 Ci/mmol, PerkinElmer).

Competition binding with a2AR subtypes were performed by incubating membranes in buffer A
(50 mM TRIS at pH 7.4) at final protein concentrations of 3-10 png/well with the radioligand (final
concentration 0.5-2.0 nM according to the appropriate Kp and Bmax) and varying concentrations of
the competing ligands for 60 minutes at 37 °C. Binding to a1a and a1 was measured with buffer
B (50 mM TRIS, 5 mM MgClz, | mM EDTA, 100 pg/mL bacitracin and 5 pg/mL soybean trypsin
inhibitor at pH 7.4) at 2-6 pg/well (radioligand at 0.2-0.3 nM) and binding to B and P2 was
measured with buffer C (25 mM HEPES, 5 mM MgCl,, 1| mM EDTA, and 0.006% bovine serum
albumin at pH 7.4) at 4-8 pg/well (radioligand 0.2 nM). Non-specific binding was determined in
the presence of unlabeled ligand at 10 uM. Protein concentration was measured using the method

of Lowry (71).

The resulting competition curves were analyzed by nonlinear regression using the algorithms

implemented in Prism 8.0 (GraphPad Software, San Diego, CA) to provide ICso values, which
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were subsequently transformed into a K; values applying the equation of Cheng and Prusoff (72).
Mean K; values (£ s.e.m. for n > 3, or £ s.d. for n = 2) were derived from 2-7 experiments each

performed in triplicates.

Functional assays

Plasmids

The human wild type 02aAR, its respective receptor mutants (73) and the murine a2aAR, all
carrying an N-terminal HA-signal sequence and a FLAG-tag, as well as the human adrenergic
receptor subtypes aia, ais, o2c, 1 and P2 and the dopamine receptor Daiong Were cloned to
pCDNA3.1 for G protein activation assays (BRET, IP accumulation). Human o2aAR and aogAR
were fused to the ARMS2-PK2 sequence and cloned to pCMV (DiscoverX, Eurofins) for (-
arrestin-2 recruitment assays, respectively, using polymerase chain reaction and Gibson Assembly
(New England Biolabs) (70). Sequence integrity was verified by DNA sequencing (Eurofins

Genomics).

Bioluminescence resonance energy transfer

G protein activation by human a4 AR and Dziong Was monitored with Gaii-RLucll (74, 75) together
with GB1 and Gy2-GFPio. Assessment of arrestin recruitment was performed by enhanced
bystander BRET using CAAX-rGFP and [-arrestin-2-RLucll as biosensors (39, 74) in the
presence of GRK2 as described (44, 76). In brief, HEK293T cells (gift from the Chair of
Physiology, FAU Erlangen-Niirnberg) were transfected with 200 ng receptor plasmid for G protein
activation (receptor:Go:GB:Gy ratio 2:0.5:1:4) or 100 ng receptor plasmid for [-arrestin

recruitment (receptor:B-arrestin:GRK2:CAAX ratio 1:0.2:1:3) using linear polyethyleneimine

82



(PEIL, Polysciences, 3:1 PEI:DNA ratio). The DNA was complemented to a total amount of 1 pg
DNA per 3 - 10° cells with ssDNA (Sigma Aldrich) and 10,000 cells per well were transferred into
96-well half-area plates (Greiner, Frickenhausen, Germany). Additional experiments were
performed using the same amount of G protein plasmids as described above but 50 ng or 10 ng
a2AAR plasmid instead. 48 h after transfection, the cell medium was exchanged with PBS
(phosphate buffered saline) and cells were stimulated with ligands at 37°C for 10 min.
Coelenterazine 400a (abcr GmbH, Karlsruhe, Germany) at a final concentration of 2.5 uM was
added 5 min before measurement. BRET was monitored on a Clariostar plate reader (BMG,
Ortenberg, Germany) with the appropriate filter sets (donor 410/80 nm, acceptor 515/30 nm) and
was calculated as the ratio of acceptor emission to donor emission. BRET ratio was normalized to
the effect of buffer (0%) and the maximum effect of norepinephrine (100%) for adrenergic
receptors and quinpirole (100%) for Daiong. For each compound 3 to 17 individual experiments

were performed each done in duplicates.

Surface expression of the axaAR in the G protein activation assays was monitored applying an
enzyme-linked immunosorbent assay (ELISA) directed against the N-terminal FLAG tag.
HEK293T cells were transfected with the cDNAs encoding axaAR, Gaii-RLucll, GB1, Gy2-GFPio
and ssDNA as described above. As a control, cells transfected with only a2aAR or mock
pcDNA3.1 plasmid and ssDNA were used. Immediately after transfection, 50,000 cells/well were
transferred to a 48-well plate (Greiner) pretreated with poly-D-lysine (Sigma Aldrich) and
incubated at 37 °C and 5% CO; for 48h. The medium was removed, cells were treated with 4%
paraformaldehyde for 10 min, washed once (wash buffer, 150 mM NacCl, 25 mM Tris, pH 7.5),

and blocked for 60 min (30 g - L-1 skim milk powder in wash buffer, all steps carried out at room
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temperature). After incubation with anti-FLAG M2 mouse IgG (F3165, Sigma Aldrich, 1:4,000 in
blocking solution) for 60 min, cells were washed twice, blocked again for 60 min and incubated
with anti-mouse rabbit I[gG-HPR (A9044, Sigma Aldrich, 1:20,000 in blocking solution) for 60
min. Cells were washed thrice, before 200 pL substrate buffer was added (2.8 mM o-
phenylenediamine, 35 mM citric acid, 66 mM NaxHPOy4, pH 5.0). Reactions were kept in the dark
for 5-15 min and stopped by addition of 1 M H2SO4 (200 pL). Resulting mixtures were transferred
to a 96-well plate and absorption was determined with the Clariostar microplate reader at 492 nm.
Data were normalized using cells transfected with only a2aAR (100%) and mock pcDNA3.1 (0%),

respectively. N = 4 independent experiments were performed with each condition in triplicate.

The sensitivity of selected ligands to the receptor mutants oxaAR-D128*%A, axaAR-D128%37T,
wAAR-DI128332L, 0oaAR-S2155%2A, 0oaAR-Y40953A, axaAR-Y409%°T, 024 AR-Y40955F,
2AAR-F42773F, a,aAR-Y43174A, and 00AAR-Y431743F was monitored by G protein activation
as described above transfecting the appropriate receptor together with Goiii-RLucll and GB1/Gya-
GFPjo. Data was analyzed as ligand induced changes in BRET compared to vehicle (deltaBRET)
and additionally normalization was done according to the effect of buffer (0%) and norepinephrine
(100%) with the exception of a2aAR-D128%**A (dexmedetomidine = 100%), axaAR-D12833T
and a2aAR-D128332L (7075 = 100%). Similarly, the effect of the a,aAR-D128332A, a2aAR-
S215542A, waAR-Y40953A, 02aAR-Y40955F, aaAR-F4277¥F, 0aAR-Y43174$A, and
a2AAR-Y43174F mutations on arrestin recruitment was evaluated as described above transfecting
the appropriate receptor together with CAAX-rGFP, GRK2 and B-arrestin-2-RLucll. Data was
analyzed as ligand induced changes in BRET compared to vehicle (deltaBRET). Three to seven

experiments were done in duplicate.
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IP accumulation assay

Determination of G protein mediated signaling by human a2aAR, murine axaAR, and human
a2BAR was performed applying an IP accumulation assay (IP-One HTRF®, Cisbio, Codolet,
France) according to the manufacturer’s protocol and in analogy to previously described protocols
(77,78). In brief, HEK 293T cells were co-transfected with the cDNA for a receptor and the hybrid
G-protein Gag (Gagq protein with the last five amino acids at the C-terminus replaced by the
corresponding sequence of Ga; (gift from The J. David Gladstone Institutes, San Francisco, CA),
respectively in a ratio of 1:2. After one day cells were transferred into 384 well micro plates
(Greiner) and incubated for further 24 hrs. On the day of the experiment cells were incubated with
test compounds for 90 min (024AR) or 120 min (028AR) and accumulation of second messenger
was stopped by adding detection reagents (IP1-d2 conjugate and Anti-IP1cryptate TB conjugate).
After 60 min TR-FRET was monitored with a Clariostar plate reader. FRET-signals were
normalized to buffer (0%) and the maximum effect of norepinephrine (100%). Three to nine
(murine a2aAR, a2BAR) or 4-11 repeats (human a24AR), respectively in duplicate were performed

for each test compound all done in duplicate.

PathHunter arrestin recruitment assay

Investigation of acaAR and c28AR stimulated B-arrestin-2 recruitment was performed applying an
assay which is based on fragment complementation of [-galactosidase (PathHunter assay,
DiscoverX, Birmingham, U.K.) as described (79). In detail, HEK293T cells stably expressing the
enzyme acceptor (EA) tagged B-arrestin-2 were co-transfected with human c2aAR or a28AR each
fused to the ProLink-ARMS2-PKS2 fragment for enzyme complementation and GRK2 (cDNA

Resource Center) at equal amounts and subsequently transferred into 384 well micro plates
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(Greiner) after 1 day. After incubation for further 24 hrs cells were incubated with test compounds
for 60 min (02aAR) or 90 min (a2BAR), arrestin recruitment was stopped by adding detection
regent and the resulting chemoluminescence was monitored with a Clariostar plate microreader.
Data was normalized relative to buffer (0%) and the maximum effect of norepinephrine (100%).

Three to nine repeats for axaAR (3-6 for asAR) in duplicate were measured.

DiscoverX HitHunter cAMP G-protein activation assay

Dexmedetomidine, brimonidine, ‘9087, and 7075 were tested by DiscoverX (catalog item 86-
0007P-2270AG; Eurofins; CA, USA) in their HitHunter XS+ assay. Freezer stock cAMP Hunter
cell lines were expanded, then seeded in a total volume of 20 pL into white walled, 384-well
microplates and incubated at 37 °C prior to testing. For agonist determination, cells were incubated
with compound samples in the presence of ECgo forskolin to induce response. Media was aspirated
from cells and replaced with 15 pL 2:1 HBSS/10 mM Hepes : cAMP XS+ Ab reagent. Intermediate
dilution of sample stocks was performed to generate 4X sample in assay buffer containing 4X ECso
forskolin. 5 pL. of 4X sample was added to cells and incubated at 37 °C or room temperature for
30 to 60 minutes. Finally assay vehicle concentration was 1%. After sample incubation assay
signal was generated through incubation with 20 uL. cAMP XS+ ED/CL lysis cocktail for one hour
followed by incubation with 20 uL. cAMP XS+ EA reagent for three hours at room temperature.
Microplates were read following signal generation with a PerkinElmer Envision Instrument for
chemiluminescent signal detection. Compound activity was analyzed using CBIS data analysis
suite. For G; agonist mode, percentage activity is calculated using the following formula: %

Activity = 100% x (1 - (mean RLU of test sample - mean RLU of MAX control) / (mean RLU of
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vehicle control - mean RLU of MAX control)). Brimonidine was used as the control agonist. Each

measurement was done in duplicate.

EMTA coupling panel for azaAR

The ebBRET-based effector membrane translocation assay (EMTA) allows detection of each Ga
protein subunit activation. Upon receptor activation, G protein-effector proteins fused at their C-
terminus to Renilla luciferase (Rlucll) translocate from cytoplasm to the plasma membrane to
selectively bind activated Ga proteins (p63-RhoGEF-Rlucll with Gg11 family, Rapl GAP-Rlucll
with Gio family and PDZ-RhoGEF-Rlucll with Gio/13 family), thus leading to an increase in
ebBRET by becoming in close proximity to the plasma membrane targeted energy acceptor,
Renilla green fluorescent protein (rGFP-CAAX). The heterologous co-expression of each Ga
subunits allow to identify which specific members of each G protein families (i.e.: Gi1, Gi2, Gi3,
Goa, GoB, Gz, Gq, G11, G14, G15, G12 and G13) is activated by a receptor. The assay is also sensitive
enough to detect responses elicited by endogenous Gi, protein families in the absence of
heterologously expressed G protein. The same plasma membrane translocation principle is used to

measure B-arrestin-1 or -2 recruitment (39) using B-arrestin-Rlucll/rGFP-CAAX biosensors.

Cell Culture

HEK?293 clonal cell line (HEK293SL cells), hereafter referred as HEK293 cells, were a gift from
S. Laporte (McGill University, Montreal, Quebec, Canada) and previously described (39). Cells
were cultured in DMEM medium (Wisent; St-Jean-Baptiste, QC, Canada) supplemented with 10%
newborn calf serum iron fortified (NCS; Wisent). Cells were passaged weekly and incubated at 37

°C in a humidified atmosphere with 5% CO; and checked for mycoplasma contamination.
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Transfection

HEK?293 cells (1.2 mL at 3.5 x 10° cells per mL) were transfected with a fixed final amount of
pre-mixed biosensor-encoding DNA (0.57 ug, adjusted with salmon sperm DNA; Invitrogen) and
human a2aAR DNA for Gs, Gin, Gg11 and B-arrestins experiments. For Gio/13 experiments, cells
were transfected with 1 pg of total DNA (adjusted with salmon sperm DNA; Invitrogen), including
empty pCDNA3.1 vector or human axaAR DNA. Transfections were performed using linear
polyethylenimine (PEI, 1 mg/mL; Polysciences) diluted in NaCl (150 mM, pH 7.0) as a
transfecting agent (3:1 PEI/DNA ratio). Cells were immediately seeded (3.5 x 10* cells/well) into
96-well white microplates (Perkin Elmer), maintained in culture for the next 48 h and BRET
experiments carried out. ebBRET (38) was used to monitor the activation of each Ga protein, as
well as B-arrestin-1 and -2 recruitment to the plasma membrane. Gos protein engagement was
measured between the plasma membrane marker rGFP-CAAX and human Gas-Rlucll in presence
of human Gf1, Gys and axaAR. Gauz or Gays protein family activation was assessed using the
selective-Gi2/13 effector PDZ-RhoGEF-Rlucll and rGFP-CAAX co-expressed with GB1, Gy and
either Gai2 or Gais, in presence of aoaAR. Gaio protein family activation was followed using the
selective-Gi effector Rap1 GAP-Rlucll and rGFP-CAAX along with the human Gaii, Gaiz, Gooa,
Gaos or Go, subunits and axaAR. Gogi1 protein family activation was determined using the
selective-Gg/11 effector p63-RhoGEF-Rlucll and rGFP-CAAX along with the human Gag, Goui,
Goaug or Gais subunits and a2aAR. B-arrestin recruitment to the plasma membrane was determined
using DNA mix containing rtGFP-CAAX and B-arrestin-1-Rlucll or B-arrestin-2-Rlucll in presence

of wpaAR.
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Bioluminescence Resonance Energy Transfer Measurement

The day of the experiment, cells were washed with phosphate-buffered saline (PBS) and incubated
in Tyrode Hepes buffer (137 mM NaCl, 0.9 mM KCI, 1 mM MgCl,, 11.9 mM NaHCO3, 3.6 mM
NaH>POy4, 25 mM HEPES, 5.5 mM D-Glucose and 1 mM CaCly, pH 7.4) for 1 h at 37 °C. Cells
were then treated with increasing concentrations of compounds for 10 min at 37 °C. The luciferase
substrate Prolume purple (1 uM, NanoLight Technologies) was added during the last 6 min before
the reading. Plates were read on the TriStar> LB 942 Multimode Microplate Reader (Berthold
Technologies) with the energy donor filter (410 + 80 nm; Rlucll) and energy acceptor filter (515
+ 40 nm; GFP10 and rGFP CAAX). BRET signal (BRET?) was determined by calculating the ratio
of the light intensity emitted by the acceptor (515 nm) over the light intensity emitted by the donor
(410 nm) and data were normalized in percentage of the maximal response elicited by the reference
compound Norepinephrine. The data were analyzed in GraphPad Prism 9.1 using “dose-response-
stimulation log(agonist) vs response (four parameters)” and data were presented as mean + s.e.m.
of at least 3 different experiments each done in simplicate. Emax and ECso values were determined
from dose-response curves to calculate the log(Emax/ECs0) value for each pathway and each
compound. To determine the relative efficacy of the compounds to activate the different signaling
pathways, the difference between the log(Emax/ECso0) values was calculated using the following

equation:

Emax Emax Emax
ALOg (ECSO) - LOg (ECSO) B LOg (ECSO) i i (1)
compound Norepinephrine

The compounds’ efficacy toward each pathway, relative to norepinephrine, were calculated as the

inverse logarithm of the Alog(Emax/ECso) using the following equation:

AL (Emax)
Relative Ef ficacy (RE) = 10°"°\Ecso) (2)
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The SEM was calculated for the log(Emax/ECso) ratios using the following equation:

_
SEM == (3)

where o is the standard deviation, and n is the number of experiments.

The SEM was calculated for the Alog(Emax/ECs0) ratios using the following equation:

SEM( (Emax)) = \/(SEMcompound)z + (SE]WNore;oine;.ohrine)2 (4)

ALog(Feso

Statistical analysis was performed using a two-tailed unpaired t test on the Alog(Emax/ECso) ratios
to make pairwise comparisons between tested compounds and norepinephrine for a given pathway,

where p < 0.05 was considered to be statistically significant.

Internalization assay with rGFP-CAAX and rGFP-FYVE biosensors.

Plasmids

Human a2aAR sequence was fused to Rlucll by cloning between the Nhel and BamHI sites of
pCDNA3.1/Zeo(+)-Rlucll vector, using polymerase chain reaction (Q5 Hot Start High-Fidelity
DNA Polymerase from NEB), enzymatic digestion (NEB) and ligation (Anza™ T4 DNA Ligase

Master Mix; Invitrogen).

Transfection

The protocol used for transfection is the same as for Gi2/13 EMTA experiments (i.e.: cells were
transfected with 1 pug of total DNA (adjusted with salmon sperm DNA; Invitrogen)). Transfections
were performed using linear polyethylenimine (PEI, 1 mg/mL; Polysciences) diluted in NaCl (150
mM, pH 7.0) as a transfecting agent (3:1 PEI/DNA ratio). Cells were immediately seeded (3.5 X

10* cells/well) into 96-well white microplates (Perkin Elmer), maintained in culture for the next
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48 h and BRET experiments carried out. Human o2aAR internalization was evaluated by
measuring the disappearance of hozaAR-Rlucll from the plasma membrane labeled with rGFP-

CAAX and its relocalization in endosome labeled with rGFP-FYVE (39).

Bioluminescence Resonance Energy Transfer Measurement

The day of the experiment, cells were washed with phosphate-buffered saline (PBS) and incubated
in Tyrode Hepes buffer for 1 h at 37 °C. Cells were incubated during 6 min with the luciferase
substrate Prolume purple (1 pM, NanoLight Technologies) before addition of the indicated
compound (0 or 100 uM) and kinetics were recorded during 30 min. For concentration-response
curves, BRET signal was measured after 30 min incubation. Plates were read on a Spark microplate
reader (Tecan; Médnnedorf, Switzerland) using the BRET2 manufacturer settings. BRET signal
(BRET?) was determined by calculating the ratio of the light intensity emitted by the acceptor (515
nm) over the light intensity emitted by the donor (410 nm) and for concentration-response curves,
data were normalized in percentage of the maximal response elicited by the reference compound
norepinephrine. The data were analyzed in GraphPad Prism 9.1 using “log(agonist) vs. response -
- Variable slope (four parameters)” and data were presented as mean + s.e.m. of 3 experiments

performed in triplicate for kinetics or in simplicate for concentration-response curves.

Cryo-EM sample preparation and structure determination

Preparation of the ‘9087-024AR-Gos-scFvI16 and ‘4622-024AR-Gos-scFvI16 complexes

The human wild type a2aAR was cloned to pFastBac vector with a N-terminal FLAG tag and a C-
terminal histidine Tag. This construct was expressed in Sf9 insect cells using the pfastBac

baculovirus system (Expression Systems). Cells were infected at a density of 4 x 10° cells per ml
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and then incubated for 48 hours at 27 °C. Receptor was extracted and purified following the
protocol described previously for a»sAR (9). Briefly, receptor was purified by Ni-NTA
chromatography, Flag affinity chromatography and size exclusion chromatography in the presence
of 100 uM 9087 or ‘4622. The monomeric peak fractions of receptor were collected and
concentrated to ~20 mg/mL. The freshly purified ‘9087-bound or ‘4622-bound axaAR was used
for complex formation with the G protein. Goa heterotrimers were expressed and purified as
previously described with minor modifications (78). Briefly, Hi5 cells were grown to a density of
3 million per mL and then infected with Ga, and GB1y2 baculovirus at a ratio of 10-20 mL/L and
1-2 mL/L, respectively, and then incubated for 48 hours at 27 °C. Cells were solubilized with 1%
(w/v) sodium cholate and 0.05% (w/v) DDM. After centrifugation, the supernatant was loaded
onto Ni-NTA column and then exchanged to 0.05% DDM. The eluted Goa heterotrimer was
dephosphorylated by lambda phosphatase (homemade) and further purified through ion exchange
using a Mono Q 10/100 GL column (GE Healthcare) and the peak fractions were collected and
flash frozen in liquid nitrogen until use. The scFv16 (80) protein was expressed in insect Sf9 cells
and purified with Ni-NTA column followed by the Superdex 200 Increase 10/300GL column (GE
Healthcare) with a buffer composed of 20 mM HEPEs, pH 7.5 and 100 mM NaCl. The monomeric
peak fractions of receptor were collected and concentrated and stored at -80 °C until use. The
complex formation process is same as described. Briefly, the complex of aaAR with
heterotrimeric Goa was formed in a buffer containing 20 mM HEPEs pH 7.5, 100 mM NacCl, 0.1%
DDM, 1 mM MgClz, 10 uM GDP and 100 uM 9087 or ‘4622. The a.AAR-Goa complex was then
treated with 50 units of apyrase (NEB) on ice overnight, and exchanged on an anti-Flag M1 column
into a buffer containing 20 mM HEPES, pH 7.5, 100 mM NacCl, 0.0075% lauryl maltose neopentyl

glycol (MNG, NG310 Anatrace), 0.0025% GDN (GDN101, Anatrace), and 0.001% CHS, 100 uM
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‘9087 or ‘4622 and 2 mM CaCl; in a stepwise manner. After elution by adding 5 mM EDTA and
0.2 mg/mL Flag peptide, the complex was concentrated and incubated with 1.5x molar excess
scFv16 for 1 hour on ice, then further purified using Superdex 200 Increase 10/300GL column
(GE Healthcare) with a running buffer of 20 mM HEPES, pH 7.5, 100 mM NacCl, 0.00075% MNG,
0.00025% GDN and 0.0001% CHS, 100 uM ‘9087 or ‘4622. The monomeric peak fraction of

a2aAR-Goa complex was collected and concentrated to ~5 mg/mL for cryo-EM.

Cryo-EM data collection, processing, and model building

3 pL of purified complex sample was applied onto the grid (CryoMatrix nickel titanium alloy film,
R1.2/1.3, Zhenjiang Lehua Electronic Technology Co., Ltd.) (87) glow discharged at Tergeo-EM
plasma cleaner and then blotted for 3 sec with blotting force of 0 and quickly plunged into liquid
ethane cooled by liquid nitrogen using Vitrobot Mark IV (Thermo Fisher Scientific, USA) at 10 °C
and with 95% humidity. Cryo-EM data was collected on a 300 kV Titan Krios Gi3 microscope.
The raw movies were recorded by Gatan K3 BioQuantum Camera at the magnification of 105,000
and the corresponding pixel size is 0.85 A. Inelastically scattered electrons were excluded by a
GIF Quantum energy filter (Gatan, USA) using a slit width of 20 eV. The movie stacks were
acquired with the defocus range of -1.0 to -1.6 micron with total exposure time 2.5 s fragmented
into 50 frames (0.05 s/frame) with the dose rate of 22.0 e/pixel/s. The imaging mode is super
resolution with 2-time hardware binning. The semi-automatic data acquisition was performed

using SerialEM (82).

For the ‘9087-02AAR-Goa-scFv16 complex, raw movie frames were aligned with MotionCor2 (83)

using a 9 x 7 patch and the contrast transfer function (CTF) parameters were estimated using Getf
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and ctf in JSPR (84). Micrographs with consistent CTF values including defocus and astigmatism
parameter were kept for the following image processing, which kept 3,768 micrographs from 4,217
raw movies. Templates for particle auto-picking were generated by projecting the 3D volume of
norepinephrine-bound axaAR-Goa complex (40). The 2,137,146 particles picked from template
picking was subjected 2D classification in cryoSPARC (85) and 3D-classication in Relion3.1 (86).
The sorted 321,762 particles were then subjected to homogeneous reconstruction in cryoSPARC,
yielding a 3.57 A map. Further 3D Ab-initio reconstruction reduced the particles number to
287,431, which was subjected to CTF refinement and non-uniform refinement after extracting with

larger particle box size, and finally yield the 3.47 A map.

For the ‘4622-02AAR-Goa-scFv16 complex, 6,983 raw movies were collected and subjected for
motion correction using MotionCor2 (83). Contrast transfer function parameters were estimated
by CTFFIND4, implemented in Relion3.1 (86). 2,593,747 particles were auto-picked using the
templates in RELION3.1 and then subjected to 2D classification using cryoSPARC. Selected
particles with appropriate 2D average from 2D classification were further subjected to Ab-initio
reconstruction. Particles with appropriate initial model were selected from Ab-initio followed by
heterogeneous refinement in cryoSPARC. The particles kept to 563,506 particles were subjected
to non-uniform refinement and local refinement and yield a 3.38 A reconstruction determined by

gold standard Fourier shell correlation using the 0.143 criterion.

The norepinephrine-aoaAR-Goa complex structure (PDB 7EJ0) (40) was used as the initial
template for model building. The model was docked into the cryo-EM density map using UCSF

Chimera (https://rbvi.ucsf.edu/chimera), followed by iterative manual building in Coot (87) and
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real space refinement in Phenix. The statistics of the final models were validated by Molprobity.
Cryo-EM data collection, refinement, and validation statistics are summarized in Table 2.S10. The
ligand symmetry accounted RMSDs between the docked pose and cryo-EM pose of ‘9087 and

‘4622 were calculated by the Hungarian algorithm in DOCKG6(S8S).

pKa determination for ‘9087

The pKa of ‘9087 (2.90 mg, 0.013 mmol) was determined by potentiometric titration using a
Metrohm pH Meter 632 equipped with a glass electrode (Metrohm 6.0259.100). The compound
was dissolved in 15 mL of 10% methanol aqueous solution, at an ionic strength of /=0.15 M using
KCI. The resulting solution was stirred throughout the experiment using a magnetic stir bar and a
magnetic agitator. The compound was titrated with 0.01 M HCI (Titrisol®) using an automatic
burette (Metrohm Dosimat Plus 876). The titrant was added to the analyte stepwise (0.024-2.87
mL). The resulting graph for pKa-determination is presented in dependence of t and pH(t). The
pKa value was then determined using a simplified Henderson-Hasselbalch equation. The data from

the titration experiment was evaluated with Origin 9.60.

Off-target activity

GPCRome

10 uM ‘9087 was tested for off-target activity at a panel of 320 non-olfactory GPCRs using
PRESTO-Tango GPCRome arrestin-recruitment assay as described (45). Receptors with at least
three-fold increased relative luminescence over corresponding basal activity are potential positive

hits. Screening was performed by the National Institutes of Mental Health Psychoactive Drug
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Screen Program (PDSP). Detailed experimental protocols are available on the NIMH PDSP

website at https://pdsp.unc.edu/pdspweb/content/PDSP%20Protocols%2011%202013-03-28.pdf.

D2R Activation
D2R was selected following the GPCRome panel and ‘9087 was re-tested for full dose-response

to determine G protein and arrestin recruitment (see above).

I2R Binding

Top docking compounds (9087, <2998, ‘4622, ‘0172) were tested for I2R binding, performed by
Eurofins Cerep (France; catalog #81) as described (78). For compound 2998, no binding was seen
in a single point radioligand competition experiment tested at 500nM and the compound is not

shown.

HOR competition binding

Equilibrium [3H] Diprenorphine competition and saturation binding were carried out in
membranes prepared from Chinese Hamster Ovary (CHO-K1) cells stably expressing human p-
opioid receptor, as previously described (8§9—917). Briefly, binding was performed at 25 °C for 90
min in the dark. Binding in pOR/CHO-K1 cells was carried out in a buffer consisting of 50 mM
HEPES-base pH 7.4 (pH adjusted with KOH), 10 mM MgCI2, 0.1 mM EDTA, and 0.1% (w/v)
Bovine Serum Albumin with membranes containing approximately 40 pg/mL protein. Following
incubation with radioligand (1 pM to 10 nM for saturation, 500 pM for competition), drugs (33
uM to 3.3 pM) and/or 20 uM cold competitor naloxone, the reaction was rapidly filtered onto

GF/B (PerkinElmer #1450-521) glass fiber filtermats which were equilibrated for 1 hour in binding
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buffer supplemented with 0.3% (v/v) polyethyleneimine. The filtermats were washed 5 times in
ice-cold 50 mM HEPES-base pH 7.4 using a Perkin Elmer semi-automated cell harvester (Perkin
Elmer FilterMate Harvester). The filtermats were dried and Meltilex solid scintillant (Perkin Elmer
# 1450-442) was melted onto the mats for 10 min at 60 °C. The scintillant was allowed to re-
solidify before disintegrations were quantified with a Wallac MicroBeta Scintillation counter using
an integration time of 1 min. Non-specific binding, total binding, the number of receptor binding
sites, and the Ky of the radiotracer were determined from saturation binding experiments. Protein
concentrations were determined using the microBCA method with BSA as the standard. K; values
were calculated by non-linear regression analysis and application of the Cheng-Prusoff correction

in GraphPad Prism 9.0.

hERG inhibition assays

‘9087 was tested for hERG inhibition in the FluxOR assay as described (92). hERG experiments
used the National Institutes of Mental Health (NIMH) Psychoactive Drug Screening Program
(PDSP). Experimental protocols are available on the NIMH PDSP website at

https://pdsp.unc.edu/pdspweb/content/PDSP%20Protocols%2011%202013-03-28.pdf.

Metabolic stability studies

Metabolic stability of the test compounds was assessed using male pooled rat liver microsomes
(Sprague Dawley, Sigma Aldrich) as previously described (93, 94). The reactions were carried out
in 2 mL polyethylene tubes on a rotator carousel (Stuart™ SB3) in an incubator at 37 °C. The
incubation mixture contained ‘9087, 7075, PS75, or the positive controls rotigotine or imipramine

(final concentration 20 uM), and pooled rat liver microsomes (0.25 mg protein/tube) in Tris-MgCl>
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buffer (50 mM Tris, 5 mM MgCl, pH 7.4, final volume 500 pL). Transformation reactions were
initiated by the addition of 50 pL of cofactor solution (NADPH, Carl Roth, final concentration 1
mM). After time intervals of 0, 30 and 60 min for ‘9087, 7075, and PS75 or 0, 15, 30, 60 min for
rotigotine and imipramine, respectively, 100 pL aliquots of the reaction mixtures were added to
100 uL ice-cold acetonitrile (containing 10 uM chlorpromazine as internal standard) to terminate
enzymatic reactions. Precipitated protein was removed by centrifugation (1 min, 16,000 rcf) and
the supernatants were analysed by HPLC/MS on a Thermo Scientific Dionex Ultimate 3000 HPLC
system equipped with a Zorbax Eclipse XDB-C8 column (4.6 x 150 mm, 5 um), a DAD detector
(210 nm, 230 nm, 254 nm, 310 nm), and a BRUKER amaZon SL mass spectrometer with ESI
source. The following binary eluent system (methanol in water + 0.1% (v/v) formic acid) was
employed: 10% for 1 min, 10% to 100% in 20 min, 100% for 5 min, 100% to 10% in 2 min, 10%
for 2 min, flow 0.4 mL/min. Per compound four (rotigotine, imipramine) or five (‘9087, ‘7075,
PS75) independent experiments were performed. Control experiments were conducted in the
absence of cofactor solution to determine non-specific binding to matrix. The integral (AUC) of
the extracted ion chromatograms (EIC) was used to analyze the concentration of the remaining
substrates. Concentrations were plotted in their logarithmic form as a function of the incubation
time (in min) to calculate the elimination rate constant (k) and to determine the half-life (77,) and

intrinsic hepatic clearance (CLin) for each compound with the following equations (95):

. In(2
ti/2 [min] = % Q)

CL [ uL __In(2) " V (of incubation in pL) ( )
int minsmg(protein) - tiy2 m(of proteinin incubation in mg)
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In vivo methods

Animals and ethical compliance

Animal experiments were approved by the UCSF Institutional Animal Care and Use Committee
and were conducted in accordance with the NIH Guide for the Care and Use of Laboratory animals
(protocol #AN181214). Adult (8-10 weeks old) male C56BL/6 mice (strain #664) were purchased
from the Jackson Laboratory. Mice were housed in cages on a standard 12:12 hour light/dark cycle
with food and water ad libitum. The axaAR D79N mutant mice were purchased from Jackson
(stock #2777), and 7-8 week-old females were used. Sample sizes were modelled on our previous
studies and on studies using a similar approach, which were able to detect significant changes (96,
97). The animals were randomly assigned to treatment and control groups. Animals were initially
placed into one cage and allowed to freely run for a few minutes. Then each animal was randomly
picked up, injected with compound treatment or vehicle, and placed into a separate cylinder before

the behavioral test.

In vivo compound preparation

All ligands were synthesized by Enamine (2998, ¢7075) or WuXi (‘9087, ‘4622, ‘0172) or in-
house (PS75) and dissolved 30 minutes prior testing. Available salt forms were used to aid
solubility: HCI for ‘9087 and ‘7075, TFA for ‘4622, ‘0172, and PS75. ‘9087, ‘4622 and ‘0172
were resuspended in 20% Kolliphor (Sigma-Aldrich; cat. #C5135) for s.c./i.p. injections. ‘2998,
7075, and PS75 were resuspended in 20% cyclodextran (Sigma-Aldrich; cat. #H107) for s.c./i.p
injections. Atipamezole (Cayman Chemical Company; cat. #9001181) and Dexmedetomidine

Cayman Chemical Company; cat. #15581) were resuspended with NaCl 0.9% (Teknova; cat.
(Cay pany; ) p ( ;
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#S5819) for s.c./i.p. injections. ‘9087 was formulated with 40% Captisol (Carbosynth; cat.

#OC15979) for p.o. dosing.

Behavioral analyses

For all behavioral tests, the experimenter was always blind to treatment. Animals were first
habituated for 1 hour in Plexiglas cylinders and then tested 30 minutes after subcutaneous injection
of the a2aAR compounds. The a2aAR antagonist atipamezole (2 mg/kg, i.p.) was injected 15
minutes prior to s.c. injection of the a2aAR agonists. The mechanical (Von Frey), thermal
(Hargreaves, hotplate and tail flick) and ambulatory (rotarod) tests were conducted as described
previously (98). Hindpaw mechanical thresholds were determined with von Frey filaments using
the updown method (99). Hindpaw thermal sensitivity was measured with a radiant heat source
(Hargreaves) or a 55 °C hotplate. For the tail flick assay, sensitivity was measured by immersing
the tail into a 50 °C water bath for both WT and D79N mutant mice. For the ambulatory (rotarod)
test, mice were first trained on an accelerating rotating rod, 3 times for 5 min, before testing with

any compound.

Spared-nerve injury (SNI) model of neuropathic pain
Under isoflurane anesthesia, two of the three branches of the sciatic nerve were ligated and
transected distally, leaving the sural nerve intact. Behavior was tested 7 to 14 days after injury and

in situ hybridization was performed one week post-injury.
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Complete Freund’s Adjuvant (CFA)

The CFA model of chronic inflammation was induced as described previously (/00). Briefly, CFA
(Sigma) was diluted 1:1 with saline and vortexed for 30 minutes. When fully suspended, we
injected 20 pL. of CFA into one hindpaw. Heat thresholds were measured before the injection

(baseline) and 3 days after using the Hargreaves test.

Constipation assay

Mice had access to food and water ad libitum prior to the test. On the test day, mice received an
i.p. injection of a solution (100 pL) containing saline, 10 mg/kg morphine, 30 pg/kg
dexmedetomidine, or 5 mg/kg ‘9087 and then individually placed in a clean cage, with no access

to food or water. Fecal pellets were collected and counted every hour, up to 6 hours.

Body weight measurement
The body weights were measured before, 24 hours, and 48 hours after mice received an i.p.
injection of a solution (100 puL) containing dexmedetomidine (30 pg/kg) or ‘9087 (5, 10, or 20

mg/kg).

Pharmacokinetics.

Pharmacokinetic experiments were performed by Bienta (Enamine Biology Services) in
accordance with Enamine pharmacokinetic study protocols and Institutional Animal Care and Use
Guidelines (protocol number 1-2/2020). Plasma pharmacokinetics and brain distribution for ‘9087,
2998, 4622, ‘7075, PS75, and CSF distribution for ‘7075, PS75, ‘9087, and ‘4622, were

measured following a 10 mg/kg (i.p.) dose. Plasma and brain samples were also collected for ‘9087
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following 10 mg/kg i.v. and 30 mg/kg p.o. (oral) dose to determine oral bioavailability. In each
compound study, nine time points (5, 15, 30, 60, 120, 240, 360, 480 and 1440 min) were collected,
each of the time point treatment group included 3 animals. There was also a control group of one
animal. In the ‘9087, <7075, ‘4622 studies, male C57BL/6N mice were used, for PS75 CD-1 mice,
and for ‘2998 male Balb/cAnN mice. For all compound studies the animals were randomly
assigned to the treatment groups before the pharmacokinetic study; all animals were fasted for 4 h
before dosing. For injections, ‘9087 was dissolved in Captisol — water (40%:60%, w/v), ‘4622 was
dissolved in a 20% Kolliphor HS — physiological saline solution, and ‘7075, PS75, and 2998 were
dissolved in a 20% 2-HPBCD — aqueous solution. The batches of working formulations were

prepared 10 minutes prior to the in vivo study.

Mice were injected i.p. with 2,2,2- tribromoethanol at 150 mg/kg prior to drawing CSF and blood.
CSF was collected under a stereomicroscope from cisterna magna using 1 mL syringes. Blood
collection was performed from the orbital sinus in microtainers containing K3EDTA. Animals
were sacrificed by cervical dislocation after the blood samples collection. Blood samples were
centrifuged 10 min at 3000 rpm. Brain samples (right lobe) were weighed and transferred into 1.5
mL tubes. All samples were immediately processed, flash-frozen and stored at -70 °C until

subsequent analysis.

Plasma samples (40 pL) were mixed with 200 pL of internal standard (IS) solution. After mixing
by pipetting and centrifuging for 4 min at 6000 rpm, 4 uL of each supernatant was injected into
the LC-MS/MS system. Solutions of internal standards were used to quantify compounds in the

plasma samples. Brain samples (weight 200 mg + 1 mg) were homogenized with 800 puL of an
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internal stock solution using zirconium oxide beads (115 mg + 5 mg) in a Bullet Blender®
homogenizer for 30 seconds at speed 8. After this, the samples were centrifuged for 4 min at 14,000
rpm, and supernatant was injected into LC-MS/MS system. CSF samples (2 pL) were mixed with
40 pL of an internal stock solution. After mixing by pipetting and centrifuging for 4 min at 6,000

rpm, 5 puL of each supernatant was injected into LC-MS/MS system.

Analyses of plasma, brain and CSF samples were conducted at Enamine/Bienta. The
concentrations of compounds in plasma and brain samples were determined using high
performance liquid chromatography/tandem mass spectrometry (HPLC-MS/MS). Data acquisition
and system control was performed using Analyst 1.5.2 software (AB Sciex, Canada). The
concentrations of the test compound below the lower limit of quantitation (LLOQ = 10 ng/mL for
plasma, 20 ng/g for brain and 5 ng/mL for CSF samples) were designated as zero. Pharmacokinetic
data analysis was performed using noncompartmental, bolus injection or extravascular input
analysis models in WinNonlin 5.2 (PharSight). Data below LLOQ were presented as missing to

improve validity of T, calculations.

Additional pharmacokinetic experiments were performed by Sai Life Sciences (Hyderabad, India)
in accordance with the Sai Study Protocol SAIDMPK/PK-22-04-0340. Brain distribution of
dexmedetomidine was measured following a 30 pg/kg i.p. dose, using normal saline 0.9% as its
vehicle. Plasma distributions were also collected for PS75 following 10 mg/kg i.v. and 30 mg/kg
p.o. (oral) dosing to determine oral bioavailability; both doses were formulated in 20% v/v HBCD
in saline. Testing was done in C57BL/6 mice. For PS75, 24 mice were divided into 4 groups: 9

mice for i.v. dosing of the compound, 3 mice for i.v. dosing of the vehicle, 9 mice for p.o. dosing
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with the compound, and 3 mice for p.o. vehicle dosing; sparse sampling of three mice/time point
for compound treated groups and 1 mouse/time point for vehicle groups was performed. For
dexmedetomidine, 36 mice were included and split into two groups: 3 mice/time point for
compound dosing, and 1 mouse/time point for vehicle only dosing. For PS75, blood samples (60
puL) were collected under light isoflurane anesthesia (Surgivet®) from retro orbital plexus from a
set of 3 mice at 0.083, 0.25, 0.5, 1, 2, 4, 6, 8, and 24 hr. Immediately after blood collection, plasma
was harvested by centrifugation at 4000 rpm, 10 min at 4 °C. For dexmedetomidine, brain samples
were collected at the same time points indicated above. Animals were sacrificed at respective time-
points and brain samples were isolated and homogenized in ice-cold phosphate buffer saline (pH
7.4). Total homogenate volume was three times the tissue weight. Samples were stored at -70 °C
until bioanalysis. All samples were processed for analysis by protein precipitation method and
analyzed with fit-for-purpose LC-MS/MS method (LLOQ = 3.61 ng/mL for plasma for PS75,
LLOQ = 0.86 ng/mL for brain for dexmedetomidine). The pharmacokinetic parameters were

estimated using the non-compartmental analysis tool of Phoenix® WinNonlin software (v. 8.0).

Statistical analyses

Data from functional experiments of adrenergic and Daiong receptors were analyzed applying the
algorithms for four parameter non-linear regression implemented in Prism 8.0 (GraphPad, San
Diego, CA) to get dose-response curves representing ECso and Emax values. Mean values were
derived by summarizing the results from each individual experiment to provide ECso=+ s.e.m. and
Emax £ s.e.m. (or s.d. where indicated). Additional statistical analyses for Fig. 2.4, Fig. 2.S4, Fig.
2.S16A, Fig. 2.S16C-E, Fig. 2.S18 were performed with GraphPad Prism 9.0 (GraphPad Software

Inc., San Diego). Data reported are means + s.e.m. or, in Fig. 2.4 and Fig. 2.S18, single data points
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with means + s.e.m. Experiments of the compounds in the in vivo neuropathic, inflammatory, hot-
plate, tail flick, and rotarod models were evaluated using unpaired two-tailed Student’s t-test or
one-way ANOVA with Dunnett’s multiple comparison post-hoc test to determine differences
between groups. Experiments for body weight and constipation were analyzed with a two-way
ANOVA. Details of the analyses, including groups compared in statistical sets, number of animals

per group, and p-values can be found in the figure legends.

Data and material availability
All data are available in the main text, supplementary materials, in the listed Protein Data Bank
(PDB)  files, Electron  Microscopy @ Data  Bank (EMDB) files, or at

https://github.com/efink 14/ADRA2AR_docking results. The 3D cryo-EM density maps of 9087-

2AAR—Goa and ‘4622-02AAR—Goa generated in this study have been deposited with accession
code EMD-32331 and EMD-32342, respectively. The coordinates of ‘9087-a0aAR—Goa and
‘4622-02AAR—Goa have been deposited with accession PDB code 7W6P and 7W7E, respectively.

The identities of compounds docked in this study are freely available from ZINC15 and ZINC20

databases (http://zinc15.docking.org, http://zinc20.docking.org) and active compounds may be
purchased from Enamine and WuXi Appetec. or are available from the authors. The docking
results, including ZINC number, SMILES, and docking score, are located at

https://github.com/efink 14/ADRA2AR_docking results. DOCK3.7 is freely available for non-

commercial research (http://dock.compbio.ucsf.edu/DOCK3.7/). A web-based version is freely

available to all (http://blaster.docking.org/). The biosensors used for generating the data in Tables

2.S3 and 2.S4 and Fig. 2.S6, 2.S7, and 2.S8 are protected by a patent but are available from M.B.
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for noncommercial research without restrictions under a regular academic Material Transfer

Agreement with the Université de Montréal.
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Gloss to Chapter 3
In the midst of working on Chapter 2 research towards applications in the ongoing opioid epidemic,
a world-wide pandemic began. It was scary, we all went home for a long, long time, and there was
a lot unknown about life. One thing that was clear very early on, is that we as a field were equipped
to start trying to work towards SARS-CoV-2 therapeutics. The Shoichet lab joined many labs
around the world in SARS-CoV-2 research with many viral proteins or even human proteins in

mind. Here, we took on the challenge of the understudied viral non-structural protein 14 (nsp14).

In contract to Chapter 2, here we knew very little about SARS-CoV-2 and nsp14. There were hints
of knowledge from earlier coronavirus strains, but nothing too concrete. Isha, another co-first
author in the lab, and I dived into many different approaches to virtual screening for nsp14 in a ‘all
but the kitchen sink’ approach. Here, I was able to learn how different subsets of the virtual
chemical libraries could be used, and even how different types of protein-ligand interactions could
be exploited. This would prove to be a useful skill as it was applied also in Chapter 4 research.
Overall, we tried ‘normal’ noncovalent docking, fragment docking with very small molecules
sampling parts of the overall protein site of interest, and also covalent docking with molecules able

to react and form formal bonds with the protein.

We learned all types of approaches were useful and successfully discovered nsp14 inhibitors from
each. However, in contract to Chapter 2, here we yielded overall many fewer successful compounds
because we knew so little starting the project. This reemphasized the importance of trying multiple

strategies if the likelihood of success was already slimmer than an ‘average’ project.
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From there, work began, and will continue, to improve compound inhibition profiles and cellular
antiviral activity with many great labs, including the Vedadi, Fujimori, Jin Gastia-Sastre and Ott
labs. Just as in Chapter 2, the collaborative effort in a dire public health situation was immensely
rewarding to not just learn from the other scientists, but to contribute to the collective good in a

very isolating time.
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3.1 Abstract

An under-explored target for SARS-CoV-2 is non-structural protein 14 (nsp14), a crucial enzyme
for viral replication that catalyzes the methylation of N7-guanosine of the viral RNA at 5'-end; this
enables the virus to evade the host immune response by mimicking the eukaryotic post-
transcriptional modification mechanism. We sought new inhibitors of the S-adenosyl methionine
(SAM)-dependent methyltransferase (MTase) activity of nspl14 with three large library docking
strategies. In the first strategy, up to 1.1 billion make-on-demand (“tangible”) lead-like molecules
were docked against the enzyme’s SAM site, seeking reversible inhibitors. On de novo synthesis
and testing, three emerged with 1Cso values ranging from 6 to 43 uM, each with novel chemotypes.
Structure-guided optimization and in vitro characterization supported their non-covalent
mechanism. In a second strategy, docking a library of 16 million tangible fragments revealed nine
new inhibitors with ICso values ranging from 28 to 275 pM, with the most potent having a ligand
efficiency (LE) of 0.30 kcal/heavy-atom. In a third strategy, a new library of 25 million tangible
electrophiles was docked to covalently modify Cys387 in the SAM binding site. Seven inhibitors
emerged with ICso values ranging from 3.5 to 39 uM, the most potent being a reversible aldehyde.
Initial optimization of a second series yielded a 7 pM acrylamide inhibitor. Three inhibitors
characteristic of the new series were tested for selectivity against 30 human protein and RNA
MTases, with one showing moderate selectivity and one showing high selectivity. Overall, 32
inhibitors encompassing 11 chemotypes had ICso values <50 uM and 6 inhibitors in 4 chemotypes
had ICso values <10 uM. The inhibitors are among the first non-SAM-like inhibitors of nsp14, and

constitute multiple starting points for optimizing towards antiviral activity.
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3.2 Introduction

The Covid-19 pandemic has inspired a search for targets whose inhibition would combat the virus.
Fruits of such efforts have been the development of Paxlovid (7), an inhibitor of the major protease
(MPro) of SARS-CoV-2, of Mulprinavir (2,3), a disruptor of viral RNA polymerization, and the
introduction of Remdesevir (4,5), an RNA-dependent RNA polymerase (RdRp) inhibitor first
developed to treat Ebola virus. These targets are well-precedented in antiviral research, with
successful drugs treating analogous enzymes for HIV, HCV, RSV, HBV, HCMV, HSV, HPV, and
human influenza virus (6-9), among others, and these SARS-CoV-2 enzymes have been the focus
of enormous efforts among many groups (/,4,5,10-13). Other SARS-CoV-2 enzymes have
attracted less attention, likely because there is less precedence for their targeting as antivirals.
Nevertheless, enzymes like the macrodomain (/4,15) and the papain like protease of nsp3 (/6),
and the MTases nsp10-nsp16 complex (/7) and nsp14 play key roles in the virulence of SARS-
CoV-2 (18-21). While they have little precedence as antiviral drug targets, they seem attractive as

novel enzymes for antiviral drug discovery.

Among these, the nspl4 SAM-dependent MTase seemed attractive. This enzyme catalyzes the
methylation of the N7 position of the terminal guanine of viral RNA, forming a cap-0 structure
similar to those in eukaryotic mRNA, which are required for translation (/8,22-26). Subsequently,
nspl0-nspl6 complex methylates the 2'-O of the cap ribose to form cap-1 on the 3’ end. The
capping of viral RNA by nspl4 evades the host innate immune response to viral RNA, while
ensuring efficient ribosome binding and engagement of the host-translational complex. Deletion
of nsp14 is thought to eliminate viral virulence, confirming its importance and potential status as

a SARS-CoV-2 drug target (18,19).
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While SAM-dependent MTases have little precedence in antiviral chemotherapy, these enzymes
have long been targeted in cancer chemotherapy (27-29). The binding determinants of these
enzymes have been explored, especially in the SAM site, and several inhibitory analogs of the co-
factor are available (30). This has supported the determination of the crystal structure of nsp14
complexed with s-adenosyl homocysteine (SAH) (23), along with other structures (23,31), and the
development of an enzyme inhibition assay (32,33). The latter revealed relatively potent SAM-
like inhibitors. However, most of these were relatively large and charged, likely reducing
permeability and bioavailability, and as SAM analogs likely to have activities against other
MTases, especially of human Class I MTases (33). This makes them problematic as leads to new

antivirals.

Building off the structural and enzymatic work, we sought to discover novel scaffolds, dissimilar
to that of the SAM-like inhibitors previously investigated, that would complement the nsp14
structure well but with better physical properties. We adopted a structure-based docking approach,
where large libraries of “tangible”, make-on-demand molecules were fit into the SAM binding site
of nspl4. Those that fit well (34-38) were prioritized for synthesis and testing. Essentially three
libraries were docked: one composed of up to 1.1 billion lead-like molecules (39), one composed
of 16 million fragment-like molecules, and a newly-constructed library of 25 million electrophiles,
seeking those that could covalently modify the active-site Cys387 of nsp14 (Figure 3.1). Inhibitors
emerged from all three campaigns, and subsequent structure-based optimization led to several
classes of inhibitors binding in the low uM range. Methodologically, it was interesting that the

fragment screened revealed perhaps the most diverse set of compounds, and the set most useful
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for characterizing the binding site. This has also been seen for other SARS-CoV-2 targets such as

Mpro (40) and Macl (/4,15) and is a point to which we will return.
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3.3 Results

Ultra-large scale docking against nsp14 identifies novel inhibitors

Due to the lack of SARS-CoV-2 nspl4 protein structure when this project began, we initially used
the N7-MTase domain of SARS-CoV-1 nspl4 (PDB ID 5C8S) (23) for retrospective control
calculations that helped us to validate the binding of known ligands. The SAM binding site of
SARS-CoV-1 nspl4 was used without any modifications as the active site residues are conserved
in both SARS-CoV-1 and SARS-CoV-2 N7-MTase domain of nsp14 (Figure 3.1A). These control
calculations helped us to confirm that we could preferentially dock known MTase adenosyl group-
containing compounds (SAM, SAH, and Sinefungin) and other known MTase inhibitors including
LLY283 (41), BMS-compd7f (42), and Epz04777 (41-45) in favorable geometries with high ranks
versus 300 property matched decoys (46,47). With the recent determination of the cryo-EM
structure of the nsp10-nsp14 complex (PDB ID 7NOB) (37), the retrospective control calculations
were also validated in the SAM binding pocket of N7-MTase domain of nsp14 of SARS-CoV-2.
Comparison of the Cq carbons of SARS-CoV-2 N7-MTase domain of nsp14 with the SARS-CoV-
1 N7-MTase domain yielded an RMSD of 0.938 A. The SAM binding site of SARS-CoV-2 nsp14
exhibited major differences in the position of side chain of amino acid residues Arg289, Asp352

and GIn354 with respect to the SARS-CoV-1 nsp14 (Figure 3.1A).

Seeking non-covalent inhibitors, we first docked over 680 million molecules, mostly in the “lead-
like” range of the ZINC20 database (e.g., molecular weight < 350 amu, cLogP values < 3.5),
against the SAM site of nspl4 from SARS-CoV-1 (PDB ID 5CS8S) (23), as the structure of the
enzyme from SARS-CoV-2 was unavailable at that time. Each library molecule was sampled for

complementarity to the SAH site, with an average of 3438 orientations sampled, and for each
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orientation about 187 conformations—over 3.6 x 10'* ligand configurations were sampled in the
site in 121,018 core hours (about 5 days on 1000 cores). Seeking only novel chemotypes,
molecules topologically similar to known SAM analogs were discarded. Compounds remaining
were clustered based on ECFP4 fingerprints to identify unique chemotypes. The cluster
representatives—most of them—were prioritized for interactions with Trp292, Gly333, Asn334,
Asp352, Ala353, Phe367, Tyr368 and Val389 using LUNA (48). Molecules with strained
conformations were deprioritized (38). Of the remaining molecules, the best scoring 5000 were
visually inspected for key interactions and for unfavorable features, such as uncomplemented polar
groups buried in the active site, using Chimera (49). Ultimately, 93 molecules, each in a different
scaffold, were de novo synthesized and tested for enzyme inhibition at 30 and 50 puM
concentrations, measuring the transfer of [°H]-methyl from the SAM methyl donor onto the cap
structure of an RNA substrate (GpppACs) (see Methods). Those molecules that inhibited by more
than 50% were considered active. Of the 93 molecules tested, only ZINC475239213 (‘9213) was
active, a hit rate of 1% (hit rate = number-inhibited/number-physically-tested). This molecule had
an ICso of 20 uM in concentration-response (Figure 2.2A, middle panel). In its docked pose, the
base-like moiety of ‘9213 hydrogen-bonds with backbone amides of Ala353, Phe367 and Tyr368,
while more distal parts of the molecule hydrogen-bond with GIn354 and Lys336 (Figure 2.2A,
right panel). Van der Waals and stacking interactions are also apparent in the docked pose; overall
these interactions resemble those observed among SAM and established SAM-like inhibitors but

are made with different ligand groups.

With the determination of the cryo-EM structure of the SARS-CoV-2 nsp10-nsp14 complex (PDB

ID 7NOB) (23), and the development of a larger “tangible” ZINC22 (50) library of 1.1 billion
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molecules, we launched a second docking screen. The same retrospective control calculations were
performed to optimize docking parameters, leading to similar sampling and calculation times.
Following the same prioritization strategy as before, but seeking different chemotypes, 72 diverse
molecules, were de novo synthesized and experimentally tested for inhibition of nspl4 (see
Methods). Two inhibitors were found, ZINC730084824 (‘4824) with an ICso of 43 uM and
ZINC61142882 (‘2882) with an ICso of 6 uM (Figure 3.2B-C), a hit rate of 2.7 %. The origins
of the low hit rates for these two initial screens, and strategies to improve upon them, will be

considered below.

Optimization of the non-covalent compounds
To improve the affinity of the three non-covalent active docking hits, we sought analogs among

the 20 billion tangible molecules that have been enumerated in a version of the REAL database

(http://enamine.net/compound-collections/real-compounds/real-space-navigator), using
substructure and similarity searches in the SmallWorld (http://sw.docking.org) and Arthor
(http://arthor.docking.org) search engines (NextMove Software, Cambridge UK) (5/).
Conservative analogs were prioritized, their structures and physical properties were calculated,
and then docked into the nsp14 SAM binding site. Analogs that docked to interact via -7 stacking
with Phe367 or Trp292, and that appeared to hydrogen-bond with Tyr368, Ala353, Asp352 and
Asp388, were prioritized. Overall, 12, 20 and 36 analogs of ‘9213, ‘4824 and ‘2882, respectively,
were synthesized and tested for enzyme inhibition (Figure 3.3). The affinities of 1 of the 36
analogs of ‘2882 was same as the initial hit, with an ICs, of 6 uM for compound ‘1988 (Figure
3.3C, Table 3.S1). The docked pose of ‘1988 suggests a new hydrogen bond with Asp352 while

conserving previous hydrogen bonds with Tyr368 and Ala353 (Figure 3.3C). Two ‘9213 analogs,
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75347169163 (‘9163,1Cs, 15 uM) and ZINC001342858621 (‘8621, ICs, 19 uM), also had similar
affinities (Figure 3.3A, Table 3.S2). For ‘4824, modest 2-fold improvement was observed for
analogs ZINC000916131631 (1631, 1Cs, 25 uM) and 25347186947 (‘6947,1C5, 19 uM) (Figure
3.3B, Table 3.S3). Even here, the SAR was revealing. While little improvement was seen over
the parent ‘4824 or ‘9213, for instance, many of the analogs tested remained relatively potent, with
ICs, values often below 40 uM (Table 3.S1, Table 3.S2, Table 3.S3). Moreover, replacement of
the Michael acceptor vinyl group of ‘4824 in analogs ‘6947 and 75347186943 (6943, I1C, 40
pM), and removing the nitrile in analogs ‘1631 and ‘6947, left molecules that remained active. In
‘9213, this was also the case with the removal of the nitrile group in analogs ‘9163 and ‘8621.
These analogs support the idea that docking hits ‘9213 and ‘4824 are acting via a non-covalent
mechanism, as modeled. Assessment of reversibility by jump dilution also suggest that inhibition
by ‘4824 is not due to the nitrile electrophile (Supplementary Figure 3.1). ‘1988 also appeared
to be a non-covalent inhibitor in rapid dilution experiments (Supplementary Figure 3.1). In
addition, ‘1988 and ‘4824 showed SAM- and RNA-competitive pattern of inhibition

(Supplementary Figure 3.2).

Docking 16 million fragment-like molecules

With only 3 inhibitor scaffolds discovered by lead-like docking, we thought to step back and
interrogate the site with fragment-based docking. Fragment screens explore more chemical space
than a larger lead-like library (/4,52,53), which may be helpful for an under-explored site where
warheads and key residue interactions have not been characterized. With the proviso that they
have lower affinities, fragments also have higher hit rates in empirical (54) and docking screens

(52,53,55) than do lead-like molecules, providing a richer tiling of the binding site by ligand
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functional groups. Indeed, a strategy of fragment-docking to characterize the binding site followed
by large-library lead-like docking was effective against another under-studied SARS-CoV-2
enzyme, Macl (/4,15). Accordingly, from the 16 million molecule fragment-like set (e.g.,
molecular weight <250, cLogP <2.5) in ZINC22, we targeted the full SARS-CoV-2 (PDB 7NOB)
SAM binding site, the adenine portion of that site, and the SAM-tail region by modifying the
DOCK pseudoatoms or “matching spheres” used, in three independent campaigns (Figure 3.4A)
(Methods) (56). Overall, 14,406,946, 14,124,978, and 14,908,652 million molecules were scored,
respectively. For each, the top-ranked 300,000 fragments were filtered as above, and the remaining
fragments were clustered by topological similarity. Top-ranking cluster heads were visually
inspected in Chimera (49) for favorable interactions, prioritizing those in the adenine site campaign
for hydrogen bonds to Tyr368 and Ala353, and hydrophobic interactions with Phe367 (48). For
the SAM-tail docking screen, interactions with Gly333 were prioritized, with additional
interactions were selected for such as GIn313 and Asn386. For fragments docked against the entire
SAM binding site, a combination of these interaction criteria were used. Ultimately 68 fragments

were prioritized, of which 53 were successfully synthesized (78% fulfilment rate) (see Methods).

Of these 53, 9 fragments had ICso values less than 300 uM (LE 0.13 to 0.30 kcal/heavy atoms),
with the most potent fragment, ‘0683 having an ICso of 28 uM (Figure 3.4, Supplementary
Figure 3.3). As with the larger lead-like inhibitors (above), ‘0683 was a competitive and
presumably reversible inhibitor of both SAM and RNA binding, with an LE of 0.30
(Supplementary Figure 3.2). In their docked poses, the fragment inhibitors spanned the full SAM
site, with eight docking in the adenine-site and one docking in the SAM-tail site (Figure 3.4B).

The hits in the adenine site dock to hydrogen bond with Tyr368, Phe367, and Ala353, often
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mimicking interactions of the adenine of SAM/SAH but with different functional groups and
diverse chemotypes (Figure 3.4, Supplementary Figure 3.4). The fragment docking in the SAM-
tail site, ‘6066, hydrogen bonds with residues such as Gly333 and GIn313 in its docked pose; its
activity was lower than in the more tightly defined adenine site, with an ICso of 275 pM (Figure

3.4C, Figure 3.4E, Supplementary Figure 3.3).

Curation of 25 million aldehyde and acrylamide electrophiles for covalent docking

In a final strategy, we sought potential covalent electrophiles that could react with the active site
Cys387 of the nsp14 MTase. Such covalent docking has been successful in campaigns that targeted
catalytic serine and non-catalytic, active site cysteine and lysine residues in enzymes such as [3-
lactamase, Jak kinases (57), eIF4e (58), MP™ (59) and targets such as RSK2 and MSK 1 (60). These
earlier campaigns had been limited to several hundred thousand electrophiles, largely from “in-
stock” libraries. With the advent of the ultra-large tangible libraries, we thought to curate a larger
set of electrophiles, focusing on aldehydes and acrylamides. Searching smarts patterns allowed us
to build databases of 7.3 million aldehydes and 17.7 million acrylamides. We compared our
aldehyde and acrylamide libraries to those that can be found in other in-stock or physical screening
libraries, including the UCSF Small Molecule Discovery Center (SMDC) (67), Molecular
Libraries Small Molecule Repository of the NIH (MLSMR) (62), and the in-stock set curated in
ZINC20 (51). By total numbers, the aldehyde library is 196- to 10,000-fold larger than the number
of aldehydes in the other libraries, and the number of scaffolds is also much larger at 252- to 3,600-
fold (Table 3.1). For acrylamides, there are 811- to 465,000-fold more in the new library than in
the public and in-stock sets, encompassing 250- to 58,000-fold more scaffolds. For the

acrylamides, there are on average 13 molecules per scaffold in the new libraries, compared to 2-4
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per scaffold in the other libraries. For aldehydes, the databases are comparable with our new library
averaging 7 molecules per scaffold and 2-9 molecules per scaffold in the other databases. Given
the rising interest in covalent-based inhibitors (60,63), we have made these 25 million electrophiles

openly available via http://covalent2022.docking.org in both 2D and DOCKovalent 3D format

(Methods), along with ZINC and Enamine codes for ready acquisition.

Covalent inhibitors from 25 million docking screen against Cys387

Using three nsp14 docking parameterizations (above and Methods), 17.7 million acrylamides and
6.2 million aldehydes were docked against the SAM site adjacent to Cys387, using DOCK3.7
DOCKovalent (57,58). Molecules were docked to form a covalent adduct with Cys387. Those
with non-covalent DOCK3.7 scores < 0 kcal/mol were further filtered for internal strain (38),
stranded hydrogen bond donors and acceptors, and molecules hydrogen bonding with either
Tyr368, Ala353, or Gly333 (48). Lastly, 33,156 molecules across the setups were clustered for
topological similarity, and 9,591 molecules were prioritized for visual inspection in Chimera (49).
Overall, 92 molecules were purchased for de novo synthesis. Of 61 aldehydes and 31 acrylamides,
47 and 26 were successfully synthesized, respectively, a 79% fulfilment rate (see Methods). On
experimental testing, hits were defined as having at least 50% inhibition at 100 uM. For the
aldehydes, 5 compounds were active of 51 tested, a hit rate of 10%; 5 had 1Cso values ranging 3.5
uM to 39 uM (Figure 3.5, Supplementary Figure 3.5, Supplementary Figure 3.6). The most
potent were ‘4975, ‘1911, ‘1875, and ‘1889 with ICso values of 3.5 uM, 8 uM ,11 uM, and 12 uM,
respectively (Figure 3.5A). Per filtering criteria, these most potent aldehydes hydrogen bond with
Ala 353 or Gly333 and form additional hydrogen bonds in the pocket, including with Asn388,

Arg310, GIn313, or Trp385, in their docked poses (Figure 3.5D, Supplementary Figure 3.6). Of
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the acrylamides, 2 compounds of 26 tested had >50% inhibition at 100 uM, for a hit rate of §%.
(Figure 3.5C, Supplementary Figure 3.5). The most potent were acryl42, with an ICso of 32 uM,
and acryl41 at 39 uM. Acryl42 docks hydrogen bonds with Ala353 and Gly333 in its docked pose,
while acryl41 is a longer molecule extending farther than SAM/SAH, making hydrogen bonds

with Gly333 and Gly313 in its docked pose (Supplementary Figure 3.6).

In early optimization of acryl42, analog acryl42_10 was 4.5-fold more potent at 7 uM with the
addition of a methoxy (Figure 3.5C). Adding a hydroxyl in the same place in analog acryl42_11
resulted in an inactive analog, indicating the methoxy could be adding hydrophobic contacts,
opposed to additional hydrogen bonds with the protein (Table 3.S4). We tested the importance of
the free amide of the acrylamide warhead with methylation of analog acryl42_S5; the analog was
inactive and could be because of rigidification or loss of a modeled hydrogen bond with the

proximal Ala353.

We evaluated the covalent mechanism for the most potent covalent docking hits, aldehyde ‘1911
and acrylamides acryl40, acryl42, and the acryl42 analog, acryl42_10, first by mass spectrometry
analysis. 1911 did not increase the molecular mass of nsp14 (Supplementary Figure 3.7), likely
reflecting the reversible binding of aldehydes to cysteines (Cys387 of Nspl4). In rapid dilution
enzymatic experiments, ‘1911, incubated at high concentrations, showed little residual inhibition
when diluted below its ICso, further supporting a reversible covalent mechanism (Supplementary
Figure 3.1). While, acryl40 did not form a measurable adduct by mass spectrometry, acryl42 and
its analog acryl42 10 did do so, supporting a covalent inhibition mechanism (Supplementary

Figure 3.7). We also changed the acrylamide warhead to the saturated propanamide group in
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compound ZD160-68 resulting in no enzymatic inhibition, which furthered the support of acryl42
acting through covalent inhibition (Figure 3.5C). Overall, acryl 42 and its analog, acryl42_10,
appear to be irreversible covalent inhibitors, while ‘1911 appears to be a reversible covalent
inhibitor. We expect that acryl_40 is also acting as a covalent inhibitor but note that further

mechanistic study of these classes is warranted.

Selectivity against human protein and RNA methyltransferases.

Three of the most potent inhibitors were counter-screened against a panel of 30 human SAM-
dependent MTases. Compounds were tested for inhibition of the enzymes at 10 uM, then selected
for ICso determination if higher than 50% inhibition was observed. The non-covalent, 6 uM lead-
like inhibitor, ‘1988, showed only modest selectivity, inhibiting nine enzymes more than 50% with
ICso values ranging from 4 to 26 uM (Figure 3.6). The apparently reversible covalent, 8 uM ‘1911
had much better selectivity, inhibiting only two histone MTases G9a and G9a-like protein (GLP)
with ICsg values of 30 uM and 14 pM, respectively. The most selective compound was ‘4824 with

no inhibition greater than 50% for any enzyme in the panel.

Evaluating antiviral activity.

Potent compounds were also evaluated in a viral infectivity assay. HeLa-ACE2 cells were pre-
incubated with varying concentrations of inhibitors ‘1911 and ‘1988, and then infected with
SARS-CoV-2 using an assay that monitors build-up of spike protein (5,64,65). The reversible
aldehyde covalent inhibitor ‘1911 (ICso = 8 pM) did not show antiviral activity up to a
concentration of 100 uM—further study was blocked by cytotoxicity (Figure 3.7). Meanwhile,

the antiviral activity of the non-covalent ‘1988 (enzymatic ICso = 6 pM) was modest with an
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antiviral ICso of 133 uM (Figure 3.7, Supplementary Figure 3.8). This low activity may reflect
potential instability of the ‘1988 ester, or its low cell permeability, which in MDCK cells was
measured to be 1.4 x 10® cm/s (Table 3.S5), among other factors. We also tested non-covalent
lead-line compounds ‘9163 (‘9213 analog), ‘1988 (‘2882 analog), and ‘1631 (‘4824 analog),
covalent compounds acryl42_10 (acryl42 analog), acryl42, ‘4975, ‘1889, and 1911, and
fragment ‘0683, alongside sinefungin in cell viability assays in A549-ACE2 cells (Figure 3.7,
Supplementary Figure 3.8). Sinefungin was not cytotoxic with a CCso of >1000 uM. Compounds
‘9163, ‘1889, and ‘1631 had high cell toxicities, whereas the fragment ‘0683, non-covalent lead-
like compound 1988, and covalent compounds acryl42 and acryl42-10 had favorable cell
viabilities. The viability of ‘1911 in both the A549-ACE2 and HeLa-ACE2 cells was favorable.
While 19 series of nsp14 inhibitors have emerged from this effort, each a different scaffold, it is
clear that further optimization of all, for both affinity and physical properties, will be necessary to

advance them towards lead status for potential SARS-CoV-2 therapeutics.
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3.4 Discussion

From this study emerge among the first nsp14 inhibitors unrelated to SAM, either topologically or
by physical properties. Overall, 23 non-covalent, lead-like inhibitors across three scaffolds were
found with ICso values less than 50 uM, providing SAR for additional optimization (Figure 3.2,
Figure 3.3, Table 3.S1, Table 3.S2, Table 3.S3). Additional characterization and structure-based
optimization demonstrated their competitive, non-covalent mechanism of action against nsp14
(Supplementary Figure 3.1, Supplementary Figure 3.2). The most active covalent inhibitors
were the initial aldehyde docking hits, with 1Cso values ranging 3.5 to 12 uM, and the acrylamide
analog acryl42_10 with an ICso of 7 uM, all modeled to modify Cys387 of nsp14 (Figure 3.5).
Finding these depended on developing new tangible libraries of 25 million electrophiles—these

have been made publicly available for community use (https://covalent2022.docking.org) (Table

3.1). Another nine families of inhibitors were revealed from docking a library of 16 million
tangible fragments (Figure 3.4). While affinities were naturally lower than the best of the lead-
like inhibitors, several fragments had mid-puM ICso values, and the four most potent had LEs 0.26
to 0.30 kcal/HAC. Taken together, 19 new chemotypes were found; of these, 11 had members

with ICso values <50 pM.

SARS-CoV-2 nspl4 inhibitors described to date are SAM analogs (33,66,67) or fragments with
extensive water networks (68). While the SAM analogs are widely-studied, they typically suffer
from low cell-permeability, owing to their size and ionization state, and they suffer from low
selectivity, owing to their high similarity to the shared co-factor of this large family of MTases.
Conversely, the new molecules described here are smaller and mostly uncharged, and

topologically unrelated to SAM (Table 3.2). These properties may support optimization for cell
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permeability and bioavailability, and for selectivity. From counter-screening 30 SAM-dependent
human protein and RNA MTases, ‘4824 was nsp14 selective, and ‘1911 only hit two very closely
related MTases (G9a and GLP). ‘1988 showed less selectivity with significant inhibitory effect on
9 out of 30 enzymes on tested selectivity panel. Similarly, the previously reported SARS-CoV-2
nspl4 inhibitors also showed significant inhibitory effect on human protein arginine
methyltransferases (PRMTs) and BCDIN3D, an RNA MTase (33). However, the substantial

selectivity of ‘4824 against the most likely human off-targets is promising.

Apart from the particular inhibitors that were found, the strategy employed here may hold lessons
for campaigns against the less-studied SARS-CoV-2 targets. Unlike enzymes for which
investigational drug had been developed via similarities with other viruses, such as MPro or RdRp
(2-5,69), the MTase of nsp14 had little inhibitor precedence on which to draw. Moreover, as a
SAM-dependent enzyme with many related human enzymes, chemical novelty was important.
Thus, as may be true with many SARS-CoV-2 targets, we could not leverage knowledge from
previous chemical series other than SAM analogs. The lack of chemical precedence meant that
these screens had a bootstrapping element to them—a small number of successes in early
campaigns enabled us to optimize subsequent ones, contributing to improved hit-rates and
affinities. We do note that our most informative screens—against the 16 million tangible
fragments—occurred late in the campaign. Whereas there may still be skepticism about fragment
docking, our own experience, not only here but also against the SARS-2 enzyme Macl (/4,15)
and in earlier studies (52,53,55), is that fragment docking can reveal multiple chemotypes with
high-ligand efficiency and fidelity to subsequently determined crystal structures. Were we to

begin again, we might have started with the fragment screen, leveraging the interactions it revealed
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for campaigns against the larger, lead-like libraries. Such an approach may be useful against other

understudied viral targets.

Certain caveats merit airing. Our most potent inhibitors are low-uM, weaker than the most potent
of the SAM analogs previously characterized for nsp14, the best of which inhibited in the 100 nM
range (33,66,67). ‘1911 needs additional characterization of its reversible covalent mechanism of
inhibition, limited here by its reversibility in mass spectrometry analysis, and low-uM activity in
the rapid dilution experiments. Of the two molecules tested for viral inhibition in HeLa-ACE2
cells, only one showed modest anti-viral activity, with an ICso value of 133 uM, despite precedence
of antiviral nsp14 inhibitors (70) (Figure 3.7). This may reflect cell-toxicities that occur before
antiviral activity thresholds, barriers to cell-permeability (Table 3.S5), or simply lack of potency.
Understanding these liabilities, and optimizing against them, will inform future compound

advancement.

These caveats should not obscure the key observation of this study, the discovery of new 19
families of nsp14 inhibitors. These new inhibitors are not only diverse among themselves, but
they do not resemble the SAM-related molecules previously described for nspl4 either
topologically or by physical properties. They represent both non-covalent and covalent families,
as well as multiple fragments that tile the binding site, in sites typically adjacent to and partly
overlapping with the modeled sites of the larger, lead-like inhibitors. With the ongoing pandemic,
they are being made openly available without restriction in the hopes that they may support a broad

attack on this key but understudied target for antiviral drug discovery against Covid-19.
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3.5 Figures
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Figure 3.1 Workflow for inhibitor discovery against N7-MTase domain of nspl4 using
molecular docking. (A) SARS-CoV-1 and -2 nspl4 MTase domains targeted with (B) three
molecule subsets in molecular docking: lead-like non-covalent, fragment non-covalent, and
acrylamide and aldehyde covalent electrophiles. (C) Diverse inhibitors discovered from each
docking strategy followed by (D) compound optimization to improve potencies. (E) Best inhibitors
evaluated for additional properties including MTase selectivity and antiviral efficacy.
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Figure 3.2. Ultra-large scale docking identifies three nsp14 inhibitors with novel chemical
scaffolds. 2D chemical structures, concentration-dependent nsp14 MTase inhibition, and docked
poses are represented for compounds ZINC475239213, ZINC730084824 and ZINC61142882 in
panels A, B and C, respectively. SARS-CoV nspl4 and inhibitors are shown in gray and cyan

carbons, respectively, and hydrogen bonds are shown as black dashed lines. The experiments were
performed in triplicate.
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Figure 3.3. Hit optimization of the non-covalent compounds ‘9213, ‘4824, ‘2882. 2D chemical
structures of the parent hit and corresponding analogs with chemical changes represented in pink.
(A) ‘9213 analogs with the nitrile removed have similar ICso values indicating non-covalent
mechanism of action. (B) ‘4824 analogs with the nitrile or vinyl group removed have similar or
more potent ICso values. (C) The ‘2882 analog ‘1988 is just as potent with opening of the bicyclic
group. The ‘1988 docked pose (magenta carbons) is shown in SARS-CoV-2 nsp14 (grey carbons).
The experiments were performed in triplicate.
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Figure 3.4. Fragment inhibitors from 16M docking screen. (A) Three sets of pseuodoatoms,
which define where ligands are sampled in the binding site (“spheres”) used in the docking screens
(56) including the adenine-site spheres (pink), SAM-tail site spheres (blue), and a superset of both.
SARS-CoV-2 nspl4 (grey carbons) with SAH (green carbons). (B) Overlay of all 9 fragment
docking hits in the SAM binding site of SARS-CoV-2 (tan carbons). Docked poses for adenine-
site inhibitors shown (pink carbons) and SAM-tail site inhibitors (cyan carbons). (C) Docked poses
of the best adenine-site fragment ‘0683, and the SAM-tail site fragment ‘6066. (D) Eight adenine-
site fragment hits shown with their respective ICso values. (E) The SAM-tail site fragment hit
*6066. (F) Concentration response curve of ‘0683 in the N7-MTase inhibitory activity assay. For
D and E, ICso values derived from concentration-response curves shown in Supplementary Figure
3. The experiments were performed in triplicate.
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Figure 3.5. Docking 25 million electrophiles reveals aldehyde and acrylamide inhibitors. (A)
Aldehyde docking hits. (B) Concentration-response curve for the most potent aldehyde ‘4975 in
the N7-MTase inhibitory activity assay. (C) Acrylamide docking hits acryl41 and acryl42, with
analog acryl42_10 and inactive analog ZD160-68. (D) Docked poses of ‘4975, ‘1911, and
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Figure 3.6. MTase selectivity of docking-derived inhibitors. (A) Compounds were tested
against a panel of 30 SAM-dependent human protein and RNA MTases. Those with > 50%
inhibition were prioritized for (B) ICso determination. The experiments were performed in
triplicate.
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Figure 3.7. Assessing the antiviral activity of nsp14 inhibitors. (A) HeLa-ACE2 cell-based
antiviral assay used to evaluate inhibition of SARS-CoV-2 infection and cytotoxicity of ‘1988. (B)
Summary of cell viability and antiviral activities of inhibitors in HeLa-ACE2 and A549-ACE2
cells. The experiments were performed in triplicate. CCso, cytotoxicity concentration reducing cell
viability by 50%. ICso, antiviral inhibitory concertation by 50%. nd, not determined.
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Figure 3.S1. Assessment of reversibility of inhibition by rapid dilution. The recovery of
nspl4 activity after incubation with each inhibitor (‘1911, ‘1988, ‘4824) and rapid dilution was
monitored. Nsp14 at 100-fold higher concentration than what required for activity measurement
(1.5 nM) was incubated with each compound at 10-fold of ICso value concentration for 1h at
room temperature. Reaction mixtures were then rapidly diluted 100-fold into the assay buffer
containing substrate RNA and SAM, and recovery of the nsp14 activity was monitored.
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Figure 3.S2. Mechanism of action of inhibitors. Compounds (a, b) ‘1988, (¢, d) ‘4824, (e, f)
‘1911, and (g, h) 0683 were evaluated for their inhibition of SAM and RNA binding. (a, c, e, g)
ICso values were determined at a fixed concentration of RNA substrate (0.25 uM; 5xK,, ) and
varying concentrations of SAM (up to 2.5 uM/10x K,,) and (b, d, f, h) varying concentrations of
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Figure 3.S3. Concentration-response curves of non-covalent fragment hits. Docking hits

shown with their respective concentration-response curves in the N7-MTase inhibitory activity
assay and docked poses. The experiments were performed in triplicate.
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Figure 3.S4. Docked poses of non-covalent fragment hits.
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Supplementary Figure 3.S5. Concentration-response curves of covalent hits. Docking hits
shown with their respective concentration-response curves in the N7-MTase inhibitory activity
assay and docked poses. The experiments were performed in triplicate.
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Supplementary Figure 3.S6. Docked poses of covalent hits.
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Supplementary Figure 3.S7. Evaluating possible covalent binding of compound ‘1911,
acryl42, and acryl42-10 to nsp14 by mass spectrometry. (A) Nsp14 was incubated in the
absence (left) and presence (right) of compound 1911 at 20x molar excess for 2 hours at room
temperature (22+1 °C). Both samples were analyzed by mass spectrometry. No change in
molecular mass of nsp14 upon incubation with compound 1911 confirmed that it is not an
irreversible covalent inhibitor. (B) LC-MS observed mass and peak intensity data of nsp14 with
no compound (left), in the presence of 500 uM acryl42 (middle), or 50 uM acryl42-10 (right).
The peak at 60451 corresponds to nsp14 adduct with acryl42 (middle; fraction adduct 0.238) and
the 60482 peak corresponds to the adduct of nsp14 with acryl42-10 (right; fraction adduct 0.205)
both incubated at room temperature for 18 hours.
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Supplementary Figure 3.S8. Antiviral and cell viability experiments for nsp14 inhibitors.
(A) HeLa-ACE2 cell viability and antiviral assay. (B) Inhibitors and sinefungin in A549-ACE2
cell viability assay. Data shown were performed in triplicate.
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3.6 Tables

Table 3.1. Expanded DOCKovalent electrophile databases.

Database Aldehydes Acrylamides
Name Size # molecules Sfa?fz/l[ds # molecules Sfa?fz/l[ds
Covalent2022.docking.org | 31,000,000,000 6,197,526 848,830 17,680,357 1,404,874
ZINC20 In-Stock 7,517,254 31,554 3,373 21,798 5,612
UCSF SMDC 690,125 615 235 38 24
MLSMR 406,098 908 407 63 27
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Table 3.2. Docking inhibitors are novel, non-SAM like chemotypes.

Molecular Similarity to
Compound name (Lcl\jlo) ‘:]Iil)illl)t SAM (TC)
2D chemical structure # charged groups
H I 386.0 0.09
N 3.44
N © 0
ZINC61142882 . \
(2882) /@4\'\1)_/ 0
y 0]
Br N
H o] 389.0 0.09
N = 3.23
2795161988 4 TO(\O ,\} N N0 0
Br ~NH
H 369.12 0.09
N / 3.05
ZINC475239213 | 0 ~ N N 0
('9213) | =0
0] Z~N
N" H
408.10 0.11
§ / 3.33
N
75347169163 15 | HO N 0
I | | »=o
N
Cl N H
’ 392.13 0.09
/ 3.33
0] N N
ZINC0013428586 - N 0
| Q Y=o
(0] — N
N"H
F
-0 336.11 0.08
2.49
3
ZINC730084824
(14824) 43
-0 336.09 0.11
3.87
3
ZINCOOS()l‘)1613l6 ’s
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Compound name

ICso
M)

2D chemical structure

Molecular
Weight
cLogP
# charged groups

Similarity to
SAM (TC)

75347186953

20

387.01
3.49
1

0.09

75347186947

19

402.01
2.85

0.12

75347186943

40

335.08
1.95

0.09

‘0683

28

221.07
2.33

0.10

‘0626

60

277.00
2.05

0.10

‘5763

62

234.06
0.57

0.04
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Compound name

ICso
M)

2D chemical structure

Molecular
Weight
cLogP
# charged groups

Similarity to
SAM (TC)

‘0772

78

250.01
2.69
0

0.10

‘4975

3.5

343.10
2.96

0.09

‘1911

359.13
3.62

0.08

‘1889

12

285.11
1.92

0.10

acryl42

32

NH

Cl

375.13
231

0.09

acryl4l

39

402.12
4.46

0.08

ald1903

25

353.03
3.45

0.10

acryl42-10

NH

Cl

405.15
1.93

0.12
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Compound name

ICso
M)

2D chemical structure

Molecular
Weight
cLogP
# charged groups

Similarity to
SAM (TC)

SS148¢

0.07

408.12
-3.01
2

0.40

WZ16*

0.19

396.20
-4.58

0.58

DS0464*

473.18
0.30

0.51

JL2756A1%

0.26

514.23
-3.58

0.48

SD0466*

34

465.22
0.64

0.48

MTTR025495°

17

297.09
-0.61

0.57
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Molecular

Similarity to

>N
N ’N HO OH
N S+
N=/ (6] O
NHg*

Compound name 1Cso Welghe SAMTO)
(uUM) cLogP
2D chemical structure # charged groups
compound8 * NH, 617.36 0.46
</N = 2.170
N \N
O
OH
95
H H
N\H/N OH
o} *H,N
compoundl6* 534.17 0.36
-0.94
2
NH3*
0.004 o
o
compound_d5* 0 Cl 756.25 0.40
y+ -0.11
oM 2
OH
0.6 N/\/O
N=\ O o OH
/N
HN N
N
HoN™ °N
compund_25% N H2 489.14 0.44
NN -0.38
L
N N
0.019 HO (@) K
N_ O
) N
HO O’/S\q//
O/
399.15 1.0
-3.97
SAM 3

* Activities reported from literature (33,66,67).
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Table 3.S1. Compound optimization for ‘2882.

ICso I1Cso
2D Chemical Structure 2D Chemical Structure
(rM) (1M)
H
N A
N / O n—NH
\ |
O /o V. \ ’
=N 6 | 18
YR ZINC002325862871
Br 3
(‘2817)
Initial hit ZINC61142882
('2882)
)
0 e NS
\Ow \
LT TS N/
) wf 6 /@\ Y 21
7795161988 N
(‘1988) 71724303092
(°3092)
N X —
L 7 N — 30
ZINC000919327864 s N7/ 5
(“7864) Br
75347191013
(‘1013)
B ! \
/"X e N
HN _ \ l
15 \ : 38
QU o~
ZINCO001141402437 ZINC002325862682
(‘2437) (‘2682)
o 17 28
Za °_<
m_/ O ZINC001444146032
ZINC000918899102 (*6032)
(°9102)
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Table 3.S2. Compound optimization for ‘9213.

2D Chemical Structure ICso (uM) 2D Chemical Structure (Is\f;)
N\\ HY%N/ Y@\(I
(j : = 20 U 27
Initial hit ZINC475239213 ZINC771823888
('9213) (‘3888)
S0 ee YQ(I
° N u>=° 15 31
75347169163 ZINC000475232808
('9163) (‘2808)
nYQ\EI/ \—(
z N g =3
I = ]
X, N 19 o)\©/¢/ 44
ZINC001342858621 ZINC475241593
('8621) (‘1593)
Y@(I/ /H\H/Q\KIN/
@ : S u>= 20 ’ S ﬁ>=° 47
ZINC000475240670 ZINC000355153196
('0670) (‘3196)
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Table 3.S3. Compound optimization for ‘4824.

2D Chemical IC M 2D Chemical ICso
Structure s0 (LM) Structure (uM)
7
N’\OV
43 — 25
\ \
- ZINC000916131631
ZINC730084824 (‘1631)
('4824)
OH . /0'
\07 o
_< 19 7\ 40
\
75347186947 N
6047) 75347186943
(*6943)
20
\
75347186953
(°6953)
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Table 3.S4. Compound optimization for acryl42.

Acryl42 11

2D Chemical Structure ICso (M) 2D Chemical Structure (Iu(‘f\f[o)
A S
Acryl42 Acryld2_5
\)J\” /\)LN )]\u/\)l\
7 NI
Acryl42_10 ZD160-68
JoL
>200

NI, no inhibition
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Table 3.S5. Permeability of selected inhibitors and reference compounds.

A-B and B-A permeability data in MDR1-MDCKII cells

Test compound Pupp® (AB), 10 cm/s Papp® (BA), 106 cm/s
1 2 Mean SD 1 2 Mean
Atenolol 1.0 1.3 1.2 0.2 nd nd nd
Propranolol 243 213 22.8 2.1 14.6 12.3 13.5
Ketoprofen 17.3 19.0 18.2 1.2 16.4 16.0 16.2
Digoxin 0.6 0.7 0.6 0.0 10.3 9.6 10.0
7795161988 1.4 1.3 1.4 0.1 0.5 0.4 0.5
75185631911 1.2 1.5 1.3 0.2 0.5 0.4 0.4
75185631889 1.1 1.1 1.1 0.0 0.3 0.3 0.3
75348530683 15.9 16.8 16.4 0.7 13.2 10.9 12.1

2 Apparent permeability
b Efflux ratio is expressed as the quotient of Papp(BA) to Papp(AB)
nd, not determined
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1.6
0.3
0.5
0.0
0.0

0.0
1.6

Efflux
ratio®
SD
nd
0.6
0.9
154
0.3
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0.2
0.7



3.7 Materials and Methods

Non-covalent ultra-large scale docking.

N7-MTase domain of SARS-CoV nspl4 (PDB ID 5C8S) (/2) and the N7-MTase domain of
SARS-CoV2 nspl4 from cryo-EM structure of the nsp10-nsp14 complex (PDB ID 7NOB) were
used in two docking campaigns of >680 million “lead-like” molecules from the ZINC20 database

(http://zinc20.docking.org) (57), and the ZINC22 >1.1 billion “lead-like” molecules

(http://files.docking.org/zinc22), respectively, using DOCK3.7 (37). Forty-five matching spheres

or local hot-spots generated from the crystal pose of SAM/SAH were used in the binding site for
superimposing pre-generated flexible ligands and the different poses were scored by summing the
different energies including; van der Waals interaction energies, Poisson-Boltzmann-based
electrostatic interaction, and Generalized-Born/Surface Area-based ligand desolvation energies
(35,36). Receptor atoms were protonated with Reduce (77), and partial atomic charges were
calculated using united-atom AMBER force field (72). AMBER atom-types were also used for
Poisson-Boltzmann electrostatic potential energy grids using QNIFFT (73), CHEMGRID (74) was
used for calculating van der Waals potential grids, and SOLVMAP (35) was used to calculate the

Generalized-Born/Surface Area grids for ligand desolvation.

The docking setup was optimized for its ability to enrich knows MTase adenosyl group-containing
compounds (SAM, SAH, and Sinefungin) and other known MTase inhibitors including Lly283,
BMS-compd7f, and Epz04777 (41-45), in favorable geometries with high complementarity versus
a set of property matched decoys (46,47). About 50 decoys were generated for each ligand that
had similar chemical properties to known ligands but were different topologically. The best

optimized docking setup was evaluated for enrichment of ligands over decoys using log-adjusted
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area under the curve (logAUC values) (46,47). All docked ligands were protonated with Marvin
(version 15.11.23.0, ChemAxon, 2015; https://www.chemaxon. com) at pH 7.4, rendered into 3D
with Corina (v.3.6.0026, Molecular Networks GmbH; https://www.mn- am.com/products/corina),
and conformationally sampled using Omega (v.2.5.1.4, OpenEye Scientific Software;
https://www.eyesopen.com/omega). Before docking the lead-like libraries, an ‘extrema set’
(46,75) of 61,687 molecules was docked in the optimized system to ensure that the molecules with

correct physical properties were enriched.

Overall, in the prospective screen, each library molecule was sampled in about 3438 orientations,
on average about 187 conformations were sampled over five days on 1000 cores. The top-ranking
300,000 molecules were filtered for novelty using ECFP4-based Tanimoto coefficient (Tc <0.35)
against known inhibitors of MTases. The remaining molecules were then clustered into related
groups using an ECFP4-based Tc of 0.4. From the top 10,000 novel chemotypes, molecules with
>2 kcal mol™! internal strain (38) were excluded and the remaining candidates were visually
inspected for best docked poses with favorable interactions with the SARS-CoV2 active site.

Ultimately, overall 165 molecules were selected for de novo synthesis and testing.

Non-covalent optimization
Analogs for docking hits ‘2882, ‘9213, and ‘4824 were queried in Arthor and SmallWorld 1.4 and

12 billion make-on-demand libraries (http://sw.docking.org, http://arthor.docking.org), the latter

primarily containing Enamine REAL compounds (http://enamine.net/compound-collections/real-

compounds/real-space-navigator). The resulting analogs were further filtered based on Tc > 0.4

and docked to the N7-MTase domain of SARS-CoV2 nsp14. Compounds were also designed by
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modifying 2D structure and custom synthesis by Enamine Ltd. (Kyiv, Ukraine). The docked poses
were visually inspected for compatibility with the site and prioritized analogs were synthesized

and tested for each series, respectively (https://github.com/efink14/Fink 2022 Dissertation).

Fragment docking

The optimized docking setup from the SARS-CoV-2 second non-covalent lead-like screen
described above was used. Three different screens were run with different matching spheres (56)
— those in the adenine-site, SAM-tail site, or all matching spheres (Figure 3.4A), with 15,738,235
docked and 14,406,946 scored, 15,738,278 docked and 14,124,978 scored, and 16,299,173 docked
and 14,908,652 scored, respectively. Each setup was analyzed separately until visualization in
Chimera (49) — the top 300,000 ranked poses were filtered for having torsional strain less than 7
REU total, and single strain of 2.5 REU (38), less than 2 stranded hydrogen bond donors, less than
4 stranded hydrogen bond acceptors, and greater than 1 hydrogen bond to Tyr368, Ala353, or
Gly333 (48). Remaining molecules were visually inspected for having favorable interactions. In
total, 68 compounds were selected for purchasing, 50 from Enamine and 18 from WuXi, and

overall, 53 were successfully synthesized for a fulfilment rate of 82%.

Covalent database curation

SMARTS patterns for aldehydes or acrylamides ([CX3H1](=O)[#6] and ([CD1]=[CD2]-C(=0)-
[NX3]), respectively) were searched in Enamine REAL databases, finding 20 million acrylamides
and 6 million aldehydes. The DOCKovalent 3D files were generated as previously described (58-
60). Briefly, the electrophiles were converted to their transition state product and a dummy atom

was placed indicating to the docking algorithm which atom should be modeled covalently bound
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to the sulfur of the cysteine. Both 2D structures and 3D DOCKovalent files are now publicly

available at http://covalent2022.docking.org. To compare to other public molecule databases, we

used the ZINC20 in-stock set (57), the MLSMR library (62) and the UCSF SMDC library (61),
and searched the same SMARTS patterns for acrylamides and aldehydes. The number of

chemotypes were determined by Bemis-Murcko clustering (76).

Covalent docking and compound optimization

The optimized docking setup from the first SARS-CoV-1 lead-like screen described above was
used, with differences being which residues have been hyper-polarized (75) (Tyr368, Tyr368 and
Ala353, or Tyr368, Ala353, and Gly333, referred to as 1-HP, 2-HP and 3-HP, respectively). For
the acrylamide screen against 1-HP, molecules with docked scores less than 0 were selected for
filtering (top 341,000); those with internal torsional strain less than total strain of 6.5 REU and
single strain of 2 REU (38), molecules with less than 2 stranded hydrogen bond donors and less
than 4 stranded hydrogen bond acceptors were prioritized. Molecules were also selected that
formed at least one hydrogen bond to Tyr368, Ala353 or Gly333 using LUNA (48) leaving 2,423.
After clustering for chemical similarity, 533 were visually inspected in Chimera (49). For the 2-
HP setup, molecules with scores less than 0 (top 440,661) were filtered using the same criteria
with 2,961 molecules remaining, comprising of 622 clusters that were visually inspected. For the
3-HP setup, no molecules passed the strain, IFP, and hydrogen bond filter and were not considered
further. Visual inspection prioritized molecules with the same criterion as above. Lastly, selected
compounds from both 1-HP and 2-HP setups were clustered to select unique chemotypes, and 31

were purchased. Synthesis was successful for 26 for a fulfilment rate of 84%.
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For the aldehydes in the 1-HP setup, the top 894,979 compounds (dock score less than 0) were
filtered to prioritized as the acrylamides were above, with clustering for chemical similarity
leaving 1,340 for visual filtering. For the 2-HP setup, the top 1,494,350 were filtered to 3,548, and
3-HP setup of top 1,494,345 to 3,548 for visual inspection. Compounds were prioritized for the
same interactions as the acrylamides, and finally 61 aldehydes were selected. Synthesis was
successful for 47 of these for a fulfilment rate of 77%, and an overall covalent fulfillment rate of

79%.

Acryl42 analogs acryl42 5, acryl42 11 and acryl42 10 was designed off the acryl42 2D chemical
structure, and synthesized by Enamine; ZD160-68 was designed to test the activity of the
acrylamide warhead. The modeled pose of acryl42 10 was performed in Maestro (version 2021-
2, Schrddinger, Inc.) by manually changing the acryl42 docked pose to acryl42 10 and minimizing

the nspl4-acryl42 10 complex using the Protein Preparation Wizard protocol.

Make-on-demand synthesis
Compounds were purchased from Enamine. Purities of active molecules were at least 90% and

typically above 95% (https://github.com/efink14/Fink 2022 Dissertation).

Synthesis of ZD160-68

[0}

0 0 0
vLN ’\/U\ JL /\)L
H N Pd/C BN N cl
Cl H
Hy, 2hr, rt v/
o” N o
! ZD160-68
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N-(3-(4-(6-chloro-2-oxoindolin-3-yl)piperidin-1-yl)-3-oxopropyl)propionamide (ZD160-68)

To a solution of compound I (5.6 mg, 0.015 mmol) in THF (2 mL), was added Pd/C (10%, 5 mg).
The mixture was stirred under H» atmosphere for 2 hours followed by filtering. The filtrate was
collected and purified by prep-HPLC to yield ZD160-68, white 1 solid (4 mg, 70% yield). 'HNMR
(400 MHz, Methanol-ds) & 7.32 — 7.21 (m, 1H), 7.03 (dt, J= 8.0, 2.2 Hz, 1H), 6.91 (d, J=2.2 Hz,
1H), 4.61 (t,J = 15.8 Hz, 1H), 4.00 (t, /= 13.9 Hz, 1H), 3.50 (q, /= 2.6 Hz, 1H), 3.42 (q, /= 6.3,
5.8 Hz, 2H), 3.11 — 3.00 (m, 1H), 2.63 — 2.52 (m, 3H), 2.36 (d, J = 12.7 Hz, 1H), 2.24 — 2.10 (m,
2H),1.73-1.59 (m, 2H), 1.49 (dq, J=17.2,5.7,4.3 Hz, 2H), 1.14 — 1.08 (m, 3H). MS (ESI) m/z:

[M+H]" calcd for C19H24CIN3O;3 378.8; found 378.3.

Nsp14 expression and purification

For activity assays, nspl4 was expressed and purified as previously described (33). The codon-
optimized gene was also sub-cloned in a modified pET28b with 6x-Histidine and SUMO tag at
the N-terminus. Nspl4 was expressed in E. coli Rosetta2(DE3) PlysS cells, growing in terrific
broth at 37°C, induced at 18°C with 0.4 mM IPTG at OD 600nm of 1.2 for 18 h. Cell pellets were

recovered and stored at -80°C.

For purification, cells were suspended in lysis buffer containing 50 mM HEPES, 500 mM NaCl,
10 mM imidazole, 10% v/v glycerol, 5 mM MgCl>, | mM TCEP pH 8.1 supplemented with EDTA-
free protease cocktail inhibitor tablets (Thermo Scientific). Cells were disrupted by sonication and
lysate centrifuged at 16,000 rpm for 30 min. Nsp14 was purified using a 5 mL HisTrap HP column,
washed with 20 column volumes of lysis buffer with additional 20 and 30 mM imidazole, and

eluted with buffer containing 500 mM imidazole. Protein fractions were exchanged to 50mM
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HEPES, 150 mM NaCl, 5 mM MgCl,, 10% glycerol, and 1 mM TCEP pH 8.0, and incubated
overnight at 4°C with SenP1 protease at a 1:100 mass ratio. SUMO tag was removed using a
MonoQ 10/100 column, pre-equilibrated in 50 mM HEPES, 20 mM NaCl, 5 mM MgCl, and 1
mM TCEP pH 8.0. Nsp14 was in the unbound fraction. As a final step, the protein was purified
using a size exclusion column s200 16/600 in the same buffer for SenP1 digestion. Purest fractions

were pulled together, flash frozen, and stored at -80°C until needed.

Enzyme Inhibition

The inhibitory effect of compounds on the methyltransferase activity of SARS-CoV-2 nsp14 was

assessed using a previously developed radiometric assay (33).

Jump dilution

The recovery of nspl4 activity after incubation with each inhibitor and rapid dilution was
monitored. Nsp14 at 100-fold higher concentration than what required for activity measurement
(1.5 nM) was incubated with each compound at 10-fold of ICso value concentration for 1h at room
temperature. Reaction mixtures were then rapidly diluted 100-fold into the assay buffer containing

substrate RNA and SAM, and recovery of the nsp14 activity was monitored.

Mechanism Of Action
ICso values were determined at a fixed concentration of RNA substrate (0.25 uM; 5xK,, ) and
varying concentrations of SAM (up to 2.5 uM/10x K,,)), and varying concentrations of RNA (up to

0.5 uM; 10x K,) at fixed 1.25 pM (5xK,) of SAM. Linear increase in ICso values as the

176



concentration of substrate is increased, indicated a competitive pattern of inhibition as described

by (77).

Assessment of covalent binding by LC-MS.

To form the protein—ligand (‘1911) complex, nspl4 was incubated with 20 molar excess of
compound for 2hr. at room temperature (20°C) before adding MS running buffer (0.1% FA). The
resulting samples were separated on a HPLC column with 5-95% acetonitrile in water as eluent.
The MS data were analyzed using an Agilent LC/MSD Time-of-Flight Mass Spectrometer

equipped with an electrospray ionization source.

For compounds acryl42 and acryl42-10, an aliquot of pure nspl4 enzyme was thawed on ice,
centrifuged for 10 min at 14,000 rpm, diafiltrated, and concentrated to 40 uM in 50 mM HEPES
pH 8.0, 20 mM NacCl, 5 mM MgClz, 1 mM TCEP. Then, 1 uM nsp14 was incubated alone or in
the presence of 500 uM acryl42, or 50 uM acryl42-10 at room temperature in 100 pL aliquots.
Time points were taken at 0, 2, 4, 8, and 18 h. For each time point, 1pL of the mix was injected
into a Xevo G2-XS QTof Quadrupole Time of Flight mass spectrometer (Waters) using a solution
of 0.05% formic acid at room temperature. Collected spectra from 700 to 1400 m/z were used to
determine protein mass using MaxEnt with a 58500 to 62000 Da range and 1 Da/channel

resolution.
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Compound Selectivity
Selectivity assays were performed as previously described (78). Compounds were tested at 10 pM
in triplicate using radiometric assays. Enzymes with >50% inhibition were prioritized for

concentration-response curves for ICso determination.

Antiviral and cytotoxicity assays

For compounds ‘1911 and ‘1988, two thousand (2,000) HeLa-ACE2 cells were seeded into 96-
well plates and incubated for 24 h. Two hours before infection, the media was replaced with a new
media containing the compound of interest, including a DMSO control. Plates were then
transferred into the biosafety level 3 (BSL-3) facility and 1,000 PFU (MOI = 0.25) of SARS-CoV-
2 was added, bringing the final compound concentration to those indicated. SARS-CoV-2/WAI
variant was used as indicated. Plates were then incubated for 48 h. Infectivity was measured by
the accumulation of viral NP protein in the nucleus of the HeLa-ACE2 cells (fluorescence
accumulation). Percent infection was quantified as ((Infected cells/Total cells) — Background) x
100, and the DMSO control was then set to 100% infection for analysis. Cytotoxicity was also
performed at matched concentrations using the MTT assay (Roche), according to the
manufacturer’s instructions. Cytotoxicity was performed in uninfected HeLa-ACE2 cells with
same compound dilutions and concurrent with viral replication assay. All assays were performed

in biologically independent triplicates.

Cell viability for compounds ‘9163 (‘9213 analog), ‘1631 (‘4824 analog), acryl42-10 (acryl42
analog), acryl42, ‘4975, ‘0683, ‘1889, ‘1988, ‘1911, and sinefungin (Sigma-Aldrich #S8559) was

measured using Cell Titer-Glo® Luminescent cell viability assay’s standard protocol (Promega,
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Madison, WI, USA). Briefly, 2 x 10* A549-ACE2 cells/well were seeded in 96-well plates and
incubated at 37°C and 5 % CO;. The next day compounds were added to the cells at the
corresponding concentrations and further incubated for 48 h. Prior luciferase measurement, cells
were equilibrated for 30 min at room temperature before addition of a 1:1 ratio of CellTiter-Glo®
Reagent and cell culture media. Mixture was incubated for 10 min in the dark while constant
shaking to allow cell lysis. Luciferase measurement was performed in a Tecan Infinite® 200 PRO

(Tecan Group Ltd., Ménnedorf, Switzerland) with a 0.5 sec integration time.

Statistical analyses.
Data was analyzed using Prism 8.0 (GraphPad, San Diego, CA). For dose response curves, data

was fitted to the four-parameter logistic equation.

Data availability
The identities of compounds docked in this study are freely available from ZINC15, ZINC20,

ZINC22, and covalent2002 databases (http://zincl5.docking.org, http://zinc20.docking.org,

http://files.docking.org/zinc22, http://covalent2022.docking.org). Active compounds may be

purchased from Enamine or are available from the authors. All other data are available from the

corresponding authors on request.

Code availability
DOCK3.7 is freely available for non-commercial research

(http://dock.compbio.ucsf.edu/DOCK3.7/), as is DOCKovalent. Web-based versions are freely

179



usable by all (http://blaster.docking.org/). The ultra-large libraries used here are freely available

(http://zinc15.docking.org, http://zinc20.docking.org, http://files.docking.org/zinc22).
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Gloss to Chapter 4
In this chapter, I demonstrate the usefulness of multiple docking strategies and chemical subsets
in a pandemic drug discovery project; this time we aimed to interfere with the SARS-CoV-2 main
protease (MP™). This project began before Chapter 3’s Nspl4, and actually even before the
pandemic hit the U.S. As we watched cases increase and spread across Asia and Europe, scientists
published the genome of Covid-19/SARS-CoV-2 and quickly the first protein structures were
determined, including M. Thankfully MP™ exists in other coronaviruses and is decently well
studied for its mechanism and inhibitor discovery. Larger pharmaceutical companies could pull
from vaults of past projects, and often previous coronaviral work was to focused on MP™ inhibitors.

Early on, everyone jumped on the same idea to develop SARS-CoV-2 MP™ inhibitors.

It was helpful to have many groups working at once. We learned a lot from broader strategies in
the ‘drug discovery’ toolbox, such as experimental crystallography screens with different types of
inhibitors, and the massive structure-activity-relationship effort developing in real time by the
open-source Moonshot Consortium. Our contributions included a goal we have for almost every
project: discover multiple new chemical scaffolds that work against our protein of interest. Here
we discovered over 35 new chemotypes that can inhibit MP™ through non-covalent or covalent
mechanisms. Some of these chemical scaffolds have been identified by other groups, but others
have not, especially as we continued to seek novelty in a second docking screen 1.5 years after the
first. We also show with the crystallography expert, Isha, that the computationally predicted
protein-ligand interactions are recapitulated experimentally. Overall, this work showcases a

pipeline that may serve useful if we have another pandemic driven drug discovery situation.
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4.1 Abstract

Antiviral therapeutics to treat SARS-CoV-2 are much desired for the on-going pandemic. A well-
precedented viral enzyme is the main protease (M), now targeted by an approved drug and by
several investigational drugs. Facing viral resistance, there remains a call for new inhibitor
chemotypes; the best strategy to find them remains much debated. Adopting a structure-based
approach, we docked 1.2 billion non-covalent lead-like molecules and a new library of 6.5 million
electrophiles against the enzyme structure. From these, 29 non-covalent and 11 covalent inhibitors
were identified in 37 series, the most potent having an ICso of 29 uM and 20 puM, respectively.
Several series were optimized, resulting in low micromolar inhibitors. Subsequent crystallography
confirmed the docking predicted binding modes and may template further optimization. While the
new chemotypes may be interesting in themselves, and may aid further optimization of MF
inhibitors for SARS-CoV-2, the modest success rate also reveals weaknesses in our approach for
challenging targets like MP™ versus others where it has been more successful, and versus other

structure-based techniques against M itself. These will be considered.
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4.2 Introduction

SARS-CoV-2 encodes two cysteine proteases that have essential roles in hydrolyzing viral
polyproteins into nonstructural proteins, enabling virus replication. The main protease (MF™, also
known as 3CL protease) cleaves 11 different sites in viral polyproteins (7,2). While M is highly
conserved across other coronaviruses such as SARS-CoV-1 and MERS, it has no close human
homolog (3-5). This makes it attractive for potential pan-coronavirus targeting, and for selective

action.

The therapeutic potential of MP™ inhibitors was substantiated by the approval of Paxlovid in
December 2021. The treatment combines nirmatrelvir, which covalently inhibits M, with
ritonavir, which slows nirmatrelvir’s metabolism (6). Nirmatrelvir was optimized from PF-
00835231, an inhibitor of the SARS-CoV-1 MP™ developed in response to the 2002 SARS
outbreak (7). Meanwhile, other potent MP™ inhibitors are advancing through the drug development
pipeline. Among them is the orally active MP™ inhibitor S-217622 (8), which has entered clinical
trials. Other inhibitors show much promise (4,9-17), including a non-covalent MP™ inhibitor from
the international Covid-19 Moonshot consortium, an advanced pre-clinical candidate (/8-20), and

more experimental molecules that show promise (217).

Notwithstanding these successes, both the resistance that may be expected to emerge (22,23), and
the inevitable liabilities of the early drugs support the discovery of new scaffolds. Accordingly,
we targeted the structure of MP™ for large library docking, seeking new starting points for lead
discovery. Docking a library of over 1.2 billion “tangible” (make-on-demand) lead-like molecules

and 6.5 million tangible lead-like electrophiles from Enamine REAL space
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(https://enamine.net/compound-collections/real-compounds) led to MP® inhibitors from 37

scaffolds, with affinities ranging from the low uM to 200 uM. Crystal structures for eight of the
new inhibitors bound to MP™ largely confirmed the docking predictions, while cell-based antiviral

activity for two of the new inhibitors supports their further optimization (Fig. 4.1).

While the multiple chemotypes explored here, and their crystallographic structures, may template
further optimization of M inhibitors, a feature of these studies was docking hit rates between 7
and 15%, with hits often in the mid-uM range. These rates and affinities are substantially worse
than observed in many GPCRs, integral membrane proteins, transporters, and enzymes like -
lactamase (24-33). Meanwhile, the optimized affinities reached here were meaningfully worse than
those achieved by approaches such as fragment-based discovery, both against MP™ itself and
against other SARS-2 targets, like macrodomain (34,35). What we might learn from these

differences for future studies will be discussed.

201



4.3 Results

Assay development and substrate design

MPr is the fifth nonstructural protein (Nsp5) encoded by SARS-CoV-2 and is a homodimeric
cysteine protease with a catalytic diad comprised of Cys145 and His41. MP™ has a P1 primary
specificity determinant of glutamine and a preference for aliphatic residues in the P4 and P2
positions, while alanine and serine are preferred in the P1’ position (36) (Fig. 4.1D). The catalytic
cycle is typical of many cysteine proteases, with the catalytic Cys145 primed by proton transfer to
His41 and formation of an acyl enzyme intermediate via nucleophilic attack of Cys145 at the
scissile peptide carbonyl function. The thioester intermediate is then hydrolyzed by an attacking

water to free the catalytic cysteine and initiate another catalytic cycle (37).

Crucial to inhibitor testing was the design and synthesis of an optimal substrate, as was done
previously for SARS CoV MP™ (38) (Fig. 4.1). The endogenous Nsp substrates of MP™ were
compiled and a consensus sequence was observed that closely matched the individual sequence of
the Nsp7 cleavage site (ATLQAIAS) (Fig. 4.1B). This sequence was flanked with an N-terminal
Lysine-MCA fluorophore and a C-terminal DNP-quencher. Noting the preference for nonpolar
residues at multiple sites, we were concerned that this substrate would have low solubility.
Accordingly, two D-Arginines were coupled to the N-terminal Lysine-MCA to increase solubility
(Fig. 4.1A). This Nsp7-like substrate yielded a favorable Km of 12 uM and a kca/Km of 93,000
M 151, 3.5-fold better than that of the commonly used commercial substrate (Nsp4: AVLQSGFR,;
Keat/Km = 26,500 M s71) (2); this substrate was used in all enzyme inhibition assays (Fig. 4.1C).
This more efficient Nsp7-like peptide is readily synthesized and provides the field with an

optimized MP™ substrate.
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In early proof-of-concept testing, we observed an intolerance of MP®™ activity to high
concentrations of DMSO, introduced when evaluating inhibitors and substrate itself from DMSO
stocks, perhaps reflecting oxidation of the catalytic cysteine. The increased solubility of the D-
Arginine-modified substrate mitigated the DMSO effect by reducing the volume of DMSO needed
in substrate aliquots. In addition, we found that ethanol and acetonitrile were better tolerated by
the enzyme, though these solvents have issues with volatility (Fig. 4.S1A). These observations
highlight the importance of controlling and minimizing the addition of organic solvents in MP®
activity assays and provide alternatives when DMSO is unsuitable. We also found that small
amounts of non-ionic detergent were crucial for retaining MP™ activity in our in vitro assays.
Removing the 0.05% Tween-20 we used in our assays resulted in no observed substrate cleavage.
Activity could be recovered by increasing addition of bovine serum albumin (BSA); these effects
may reflect MP™ sequestration on by reaction-well polymer and highlight the need of detergent or
enzyme stabilizing additives (Fig. 4.S1B). We tested three previously reported compounds under
our assay conditions. The covalent inhibitor nirmatrelvir had a similar ICso as reported (6), and
while two non-covalent inhibitors (PET-UNK-29afea89-2 and VLA-UCB-1dbca3b4-15) had ICso
values 2- to 5-fold higher versus reported values (/8), this likely reflects simply different substrate
concentrations and K, values in the different assays (see Methods). These rates provide a reference

for comparing the different inhibitors.

Non-covalent docking screen and compound optimization for M?™ inhibitors
Seeking new inhibitors, we began with a SARS-CoV-2 MP™ crystal structure in complex with an
a-ketoamide covalent inhibitor (PDB 6Y2G) (39). To define hot-spots for ligand docking in the

active site, we modeled a complex of SARS-CoV-2 MP™ bound to a non-covalent SARS-CoV MPr
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inhibitor (PubChem SID87915542) (41) (non-covalent inhibitor complex crystal structures of the
enzyme from SARS-CoV-2 were at that time unavailable). The crystal structure of the non-
covalently ligated SARS-CoV MP™ (PDB 3V3M) (41) was structurally aligned onto the SARS-
CoV-2 structure, the atomic coordinates of the a-ketoamide inhibitor were replaced with those of
the non-covalent SARS-CoV MP™ inhibitor SID87915542 (ICso = 4.8 uM) (41) and the complex
was energy-minimized (Methods). After calibration of the docking parameters (42) (Methods),
approximately 225 million neutral molecules, mainly from the lead-like subset of the ZINC15
library (43) (molecular weight (MWT) ranging from 250-350 amu and clogP <4.5) were docked
against M. Another 110 million molecules with 350 < MWT < 500 were docked in a separate
screen. Docked molecules were filtered for intramolecular strain (44) and selected for their ability
to hydrogen bond with Gly143, His163, or Glul66, and make favorable non-polar contacts with
Met49 and Aspl87. Ultimately, 220 molecules were prioritized, of which 194 (88%) were
successfully synthesized by Enamine. Enzymatically, compounds were first tested at a
concentration of 100 uM using the fluorescence-based substrate cleavage assay, and 19 showed
>30% inhibition of enzyme activity and were prioritized for full concentration-response curves.
Concentration-response experiments revealed 12 molecules with ICso values < 300 puM, a hit rate
of 6% (12 hits/194 molecules tested); ICsos ranged from 97 to 291 uM (Table 4.1, Fig. 4.S2.1,

Fig. 4.52.2).

As DMSO had been observed to lower enzyme activity, the actives, initially tested from 10 mM
DMSO stocks, were re-tested against MP™ from 30 mM acetonitrile (ACN) or ethanol (EtOH)
stocks. Eleven compounds showed clear dose-response with ICso values ranging from 30 to 200

uM. Although covalent docking was not employed in this campaign, we noted three initial docking
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hits (ZINC338540162: ICs)[ACN] = 30 uM, ZINC271072260: ICs)[ACN] = 143 uM and
ZINC795258204: ICso[DMSO] = 177 uM) could, in principle, inhibit M"™ covalently as they
contain warheads (nitrile, aldehyde) known to react with catalytic cysteines. Several initial docking
hits were tested for colloidal aggregation using dynamic light scattering (DLS) and off-target
counter screens against malate dehydrogenase (MDH) and AmpC B-lactamase (45,46) (Fig. 4.S3).
In DLS experiments, some scattering higher than 10° is observed indicating potential aggregation.
While a few compounds e.g., ‘3312 showed unspecific inhibition of MDH, off-target activities
were reversed by addition of 0.01% Triton X-100. As the MP™ enzymatic assay is run with 0.05%
Tween-20, an even stronger disruptor of colloidal aggregation than 0.01% Triton-X 100, we

deemed the weak aggregation of these compounds irrelevant to their activity on MP™,

We focused on four initial hits (ZINC346371112: ICso[ACN] = 98 uM, ZINC301553312:
ICso[EtOH] = 63 uM, ZINC813360541: ICso[ACN] = 90 uM and ZINC553840273: 1Cso[ACN]
= 88 uM) for structure-based optimization. We used the SmallWorld search engine (NextMove
Software, Cambridge UK) (47) to identify purchasable analogs of these inhibitors within a 12
billion compound version of the REAL library (https://enamine.net/compound-collections/real-
compounds/real-space-navigator), docking each analog into the MP® structure to assess
complementarity. Between 10-20 analogs of each of the four inhibitors were selected for testing
in the initial round of optimization (Fig. 4.2). For two initial hits, ‘0541 and 0273, more potent
analogs were identified in two to three rounds of this analog-by-catalog approach. The 0273
analogs 74924562413 and 74946671001 had ICso values of 13 uM and 5 uM, respectively (Fig.
4.2A). Analogs of the initial docking hit ‘0541, such as Z4929615577 and Z4929616137, reached

similar potencies of 10 pM and 8 puM, respectively (Fig. 4.2G).
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Crystal structures of the non-covalent inhibitors

To investigate how the docked poses of the new inhibitors corresponded to their true binding
modes, and to inform further optimization, crystal structures of three of the optimized non-covalent
inhibitors were determined with resolutions ranging from 2.12 A to 2.59 A. For the ‘0273 analog,
SG-0001 (ICso = 55 uM, Fig. 4.2A-C), the crystal structure revealed only moderate density for the
ligand. Still, the predicted binding pose compared well with the experimentally determined pose,
with a Hungarian (symmetry corrected) root mean square deviation (RMSD) of 2.2 A. The
isoquinoline group of SG-0001 is inserted in the S1 subpocket, hydrogen-bonding with His163;
this was also predicted for the pyridone carbonyl in the parent molecule ‘0273 (Fig. 4.2B,C, Fig.
4.S4). However, the tetrahydrobenzoxazepine ring, predicted to bind in the S2 subpocket in ‘0273,
appeared much less buried in the SG-0001 experimental structure. The crystal structure of MP™ in
complex with the ‘0541 analog ‘5548 superimposed with high fidelity to the docking-predicted
pose, with an RMSD of 1.1 A (Fig. 4.2E, Fig. 4.84). Here, the compound’s hydantoin core
hydrogen bonds with the backbone amine of Glu166 and Gly143. In addition, the crystal structure
of MP™ in complex with ‘6111 confirms the predicted biding pose (RMSD = 1.4 A) with the
isoquinoline placed in the S1 subpocket and the hydrophobic spirocyclic indane group occupying

the S2 pocket (Fig. 4.2F, Fig. 4.54).
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A second docking screen for non-covalent inhibitors of M?r°

As our studies progressed, other groups identified potent inhibitors with scaffolds resembling our
own?!. We therefore performed a second docking campaign, seeking to incorporate insights
emerging from our own results and those from other studies (Methods) emphasizing the discovery

of novel chemotypes.

The new docking screen targeted the SARS-CoV-2 M crystal structure in complex with MAT-
POS-b3e365b9-1 (MPro-x11612.pdb) (/8), a non-covalent ligand reported by the COVID-19
Moonshot consortium. Compared to the previous docking template (PDB 6Y2G), the MAT-POS-
b3e365b9-1-bound site is slightly smaller, with the 2-turn alpha helix between Thr45 and Leu50,
and the loop between Arg188 and Alal91 shifted inwards by roughly 2 A, constricting the shape
of the P2 sub-pocket. After calibration of docking parameters, ensuring the model prioritizes 15
previously reported MP™ inhibitors against different decoy sets (42,48), we used the ZINC library
(https://cartblanche22.docking.org/) to dock 862 million neutral compounds with 18-29 non-

hydrogen atoms from the Enamine REAL database (Methods).

High-ranking docked molecules were filtered for novelty by removing those with ECFP4-based
Tanimoto coefficients (Tc) greater than 0.35 to 1,716 SARS-CoV-2 MP™ inhibitors (Methods).
Roughly 9,500 of these were graphically evaluated for favorable contacts, and 146 compounds
were de novo synthesized by Enamine Ltd. Of these, 17 inhibited MP™ with ICso values < 200 uM
(Table 4.2, Fig. 4.S2.3, Fig. 4.S2.4) for a hit rate of 12% (17 hits/146 tested). To our knowledge,
none of the new actives fell into scaffolds that have been previously reported for M. Compared

to the first docking screen, several initial hits from the second screen showed slightly higher
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activity, such as Z3535317212, with an ICso value of 29 uM. For ¢7212, the docked pose suggests
hydrogen bonds between the compound’s dihydrouracil core and Glul66 as well as Gly143, in
addition to hydrogen bonds between the compound’s pyridinol group (Fig. 4.S2.3). Five docking
hits (Z5420225795: ICso = 40 uM, Z1669286714: ICso = 110 uM, Z.1355254448: ICs0 = 110 puM,
ZINC5420738300: ICso = 160 uM, Z2195811405: ICso ~200 uM) share a common ketoamide
functional group predicted to form one hydrogen bond to Glul 66, however, we note that ketoamide
might also inhibit MP™ through covalent linkage to Cys145. As in the first docking campaign, hits
were tested for colloidal aggregation. A few compounds (7900, ‘8488, ‘1405, ‘8300) had higher
DLS scattering or caused >50% inhibition of MDH in the absence of detergent, which was reversed
by 0.01% Triton X-100 (Fig. 4.83). We therefore conclude that the measured activities of those
compounds at M, in presence of 0.05% Tween-20, originate from specific on-target actions, but
care should be taken when using related scaffolds in detergent-free experiments. Taken together,
the actives from this campaign explored ten different scaffold classes with ICso values better than

150 uM. These scaffolds represent new points of departure for M inhibitor discovery.

A covalent docking screen targeting M*™ Cys145.

In addition to non-covalent inhibitors, we also sought electrophiles that could covalently modify
the catalytic Cys145. We searched the 1.4 billion molecules in the ZINC15/ZINC20 (43,47)
databases for three Cys-reactive covalent warheads: aldehydes, nitriles, and o-ketoamides.
Precedence for covalent inhibitor design is seen with a range of targets, including KRAS G12C
anticancer therapeutics (sotorasib, GDC-6036) (49,50), FGFR4 inhibitor (roblitinib) with an
reversible aldehyde warhead in clinical trials (57), antivirals for HCV with ketoamides

(boceprevir, telaprevir) (52,53), a sickle cell hemoglobin stabilizer aldehyde inhibitor (GBT440)
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(54), and the SARS-CoV-2 nitrile MF"® covalent inhibitor nirmatrelvir (6). While aldehydes,
especially, are reactive electrophiles, previous work has demonstrated the viability of electrophile
swapping to less reactive groups, or to irreversible groups for development goals (55-57).
Dockable 3D molecules were built for covalent docking with DOCKovalent (58,59) (Methods).
The molecules and their DOCKovalent files for the final 6.5 million molecules are openly-

available at http://covalent2022.docking.org.

We then docked 3.6 million nitriles, 1.5 million aldehydes, and 1.4 million a-ketoamides against
MP (PDB 6Y2G) (39). The top-ranked molecules were filtered for torsional strain (44), for
favorable enzyme interactions, and clustered for chemical diversity using an ECFP4-based best
first clustering algorithm (Methods). Remaining molecules were visually prioritized for favorable
interactions with His41, Cys145, Gly143, Thr26, or Glul66. Ultimately, 35 aldehydes, 41 nitriles,
and 21 a-ketoamides were selected for synthesis, of which 27, 31, 16, respectively, were
successfully made and tested for activity against M (Methods). Those compounds with single-
point percent inhibition >50% at 100 phM—a more stringent criterion than we had used earlier—

were prioritized for full concentration-dose-response assays.

Defining actives as molecules with ICso < 150 uM, the hit rate for covalent docking was 15% (11
actives/74 compounds tested); the most potent had an ICso of 20 uM (Fig. 4.3, Fig. 4.S5). Eight
others had ICso values 25 to 100 uM. Initial nitriles and aldehyde docking hits had activities as
low as 20 uM in compound ‘5103, and 55 uM in compound ‘3620, respectively. None of the a-

ketoamides were potent enough to be considered active. Initial docking hits were evaluated for

potential MP™ inhibition through colloidal aggregation as described above (Fig. 4.S3). Some DLS
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scattering or non-specific inhibition is observed in the AmpC and MDH enzymatic assays.
However, adding 0.01% Triton X-100 in the MDH inhibition assay largely recovered enzymatic
activity and eliminated any non-specific inhibition, suggesting that the measured activities in the
detergent-containing MP™ enzymatic assays are not caused by aggregation (also confirmed by

subsequent crystallography, see below).

The covalent inhibitors had diverse chemotype and their docked poses explored different enzyme
sub-pockets (Fig. 4.1, Fig. 4.3, Fig. 4.S5). In the S1’ pocket, hydrophobic interactions were made
by compounds ‘3620, ‘6345, ‘6792 in their docked poses. Hydrogen bonding with His163 in the
S1 pocket was made by 5103, ‘0431, ‘2961 in their docked poses. Several compounds, such as
0892 and 0292, occupied the S2 and S3 pockets, making non-polar interactions with Met49 and
Phel81. Other compounds appeared to span the binding site between the S1 and S2/S3 pockets,
e.g. ‘5156 hydrogen-bonding with Glul66. Many compounds, such as ‘3620 and ‘6792, formed

hydrogen-bonds with the peptide backbone atoms of Cys145, Ser144 and Gly143.

We sought to optimize several of the new covalent inhibitors, focusing on the aldehyde ‘3620 with
an ICso of 55 uM. These analogs were identified through multiple strategies, including simply
seeking readily available “make-on-demand” congeners that fit in the enzyme site, using
SmallWorld and Arthor (NextMove Software, Cambridge, UK) (47), or testing perturbations to
what seemed to be key interactions. From these studies emerged 39 analogs with ICso values better
than €3620. The most potent analog 7021 had an ICso of 1 uM acted as a reversible inhibitor (Fig.
4.S6). Other analogs ranging from 2 to 48 uM had changes to different benzene substituents or

bicyclic systems of ‘3620 (Fig. 4.4, Table 4.S1, Fig. 4.S7).
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In its docked pose, the pyridine nitrogen of 7021 hydrogen bonds to Gly143 (Fig. 4.4B). To test
the importance of this interaction, the phenyl analog of the pyridine, compound ‘4218, was
synthesized and tested. This molecule lost all measurable activity (ICso > 200 uM), consistent with
the importance of the pyridine hydrogen bonds (Fig. 4.4C). However, it is also likely that the more
electro-deficient pyridine ring makes the aldehyde more reactive towards the catalytic Cys145.
Meanwhile, removing non-polar groups from the distal phenyl ring of 7021, as in analogs ‘9313
and ‘9112, increased ICso values to 22 uM and 35 uM, respectively, indicating more hydrophobic

bulk was preferred in the shallow subsite in which this substituted phenyl was docked.

Crystal structures of the covalent inhibitors.

To investigate how the docked poses of the covalent inhibitors corresponded to true binding
modes, and to aid further optimization, crystal structures of five aldehyde inhibitors complexed
with MP were determined: 7021 (ICso = 1 uM), 9121 (ICso = 6 uM), 8252 (ICso = 6 uM), ‘9218
(ICso = 12 uM), and “7356 (ICso = 26 uM), with resolutions ranging from 1.90 A to 2.17 A (Fig.
4.4B, Fig. 4.4D, Fig. 4.S8). The structures of these compounds recapitulated the docking
predictions with high fidelity, with all-atom Hungarian RMSD values ranging from 0.78 A to 1.75
A (Fig. 4.4B). Consistent with the docking and with the results of the analogs, the pyridine nitrogen
in each inhibitor hydrogen bonds with Gly143 and the thioacetal adduct hydrogen bonds with the
backbone of Cys145 in the oxyanion hole of the enzyme. The hydrophobic groups on the distal
aryl ring interact with residues in the S2/S3 pockets, including Met49 and Phe181 (Fig. 4.4B, Fig.

4.4D, Fig. 4.S8).
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Lead inhibitors are antiviral with pan-coronaviral M*™ inhibition.

With the progression of covalent and non-covalent inhibitor optimization, we tested several
compounds in an RT-qPCR viral infectivity assay in HeLa-ACE2 cells. Compounds ‘7021 and
7356 had antiviral ICso values of 6.2 uM and 19.5 uM, respectively, consistent with their in vitro
ICso values of 1 uM and 26 uM (Fig. 4.5A, Table 4.S2). Meanwhile, no measurable antiviral
activity was observed for the covalent aldehyde ‘6690, the covalent nitrile ‘5103, and the non-
covalent compound ‘6137, with in vitro ICso values of 2 uM, 20 uM, and 8 uM, respectively. What
separates the antiviral actives from the inactives remains unclear. We also tested ‘7021 for its
ability to inhibit M™ of other coronaviruses, SARS-CoV-1 and MERS (Fig. 4.S9). 7021 inhibited
the SARS-CoV-1 M with an ICso of 8 uM, similar to its SARS-CoV-2 MP™ ICso of 1 uM,
however it was a weaker inhibitor for the MERS MP™ with an ICso of 50 uM (Fig. 4.5B, Table

4.83).
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4.4 Discussion

From this study emerged 132 MP™ inhibitors with ICso values less than 150 uM, covering 37
different scaffold classes (Fig. 4.3, Table 4.1, Table 4.2). Of these, 15 inhibitors in 3 scaffolds
inhibited the enzyme with ICso values less than 10 uM. The best covalent inhibitor, '7021, was
confirmed to act reversibly (Fig. 4.S6), likely reflecting the fast-on/fast-off kinetics characteristic
of aldehyde covalent inhibitors. We also present an optimized MP™ substrate for future inhibitor
characterization (Fig. 4.1). To dock the electrophile library, we first had to create it, drawing on
aldehydes, nitriles, and a-ketoamides in the expanding library of tangible molecules. This resulted
in a library of over 6.5 million new electrophiles, which is openly available to the community at

https://covalent2022.docking.org. Crystal structures of eight of the new inhibitors closely

corresponded to the docking predictions (Fig. 4.3, Fig. 4.4). Two of the new aldehyde inhibitors
had antiviral activities close to those of their enzymatic ICso values, suggesting that further

optimization of this class for on-enzyme potency may presage antiviral activity (Fig. 4.5A).

While the strengths of this study were the identification of multiple new MP™ inhibitor scaffolds,
with subsequent crystal structures supporting the docking predictions, the work also revealed
liabilities of the docking strategy we adopted. Docking large libraries of lead-like molecules
against G protein-coupled receptors (26,27,29,60) and other integral membrane proteins (25,28)
with well-formed orthosteric sites and well-defined ligand-recognition hot-spots can have hit rates
in the 25 to 60% range, whereas the hit rates against M?™ were in the 6 to 15% range. A similar
trend is true for the potency of the docking hits against M, which were in the 20 to 100 uM
range, not the low- to mid-nM range found against the integral membrane proteins. The low lead-

like hit-rates against MP™ resemble those against other soluble proteins such as B-lactamase (26,61)
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and the macrodomain of SARS-CoV-2 (34,35), or even against allosteric sites or peptide binding
sites in GPCRs (62-64). Like MP™, these targets are characterized by more open, solvent-exposed
binding sites, lacking the high-complementarity typical of the small molecule GPCRs and other
membrane receptors. This deficit can be partly overcome in sites with well-defined ligand-
recognition hot spots, which can guide docking campaigns. Thus, in lead-like non-covalent and
covalent (58) docking versus -lactamase it has been possible to find relatively potent hits directly
out of docking, notwithstanding sometimes low hit rates, and to optimize these to mid-nM potency
fairly rapidly. The same may be true for typically more challenging peptide (24) and lipid
receptors (65), where hot-spot recognition can help lead-like docking and optimization.
Confronted with a target like MP™, with its solvent-exposed, relatively flat interface and, certainly
when this study began, lack of ligands to define receptor hot spots, a more fragment-based
approach may have advantages to the larger and more complicated lead-like molecules prioritized
here. As was observed in studies by the Covid Moonshot (/8), and in our own experience versus
the orphan SARS-CoV-2 enzyme Macl (34), fragment screens and fragment docking had much
higher hit rates and could be used directly for optimization, but they also could be used to define
and identify hot-spots enabling subsequent docking of lead-like libraries with better hit-rates and
affinities (35). Such fragment based approaches, may find broad use against structurally-enabled

viral enzymes that are under-characterized for ligand recognition.

These caveats should not distract from the key observations of this study. Large library docking
of both lead-like molecules and covalent electrophiles has revealed 11 scaffold families of MP®
inhibitors (Fig. 4.3, Table 4.1, Table 4.2), the best of which act in the low uM range (Fig. 4.2,

Fig. 4.4). Whereas neither hit rates nor affinities rose to levels seen against targets with well-
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defined binding sites, eight crystal structure of characteristic lead molecules confirmed the docking
poses (Fig. 4.2, Fig. 4.4), suggesting that, notwithstanding the lower hit rates, when the docking
was right it was right for the right reasons. These structures may template the further optimization

of these new MP™ inhibitors, several of which show initial antiviral activity against the virus.
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4.5 Figures

A

H,N___NH

e

HN

NH,

HZNIHM§%Hf$%H\ﬁH¢

O,

Substrate Sequence

AVLQ|SGFR
VTFQ|SAVK
ATVQ|SKMS
ATLQ|ATAS
VKLQ|NNEL
VRLQ|AGNA
PMLQ|SADA
TVLO|AVGA
ATLQ|AENV
TRLO|SLEN
PKLO|SSOA

Scissile Bond

(@)

0.06

0.04

Velocity (uM/s)
o
o
N

OZN NO,

~

Ky=12.7 uyM
Vmax= 0.059 pM/sec
K= 1.18 sec

KK, = 93,000 M sec”

cat ' M

[MPro]= 50 nM

Chemical Libraries

Ox

1.2 billion non-covalent
6.5 million covalent

' DOCKovalent
DOCK3.7
DOCK3.8

(0]
a*omn\s o

20 40 60
[Substrate](uM)

Filter Top-ranked Docking Results
Ligand strain
Protein-ligand interactions
Unique chemotypes
Visual inspection

l

In Vitro Testing
395 Docking Predictions Tested
9% Non-covalent hit rate
15% Covalent hit rate

8 Crystal structures
2 Anti-viral activity
1 Pan-viral activity

Figure 4.1. Substrate design and assay development allows structure-based inhibitor
discovery. (A) The chemical structure of the optimized NSP7 substrate shown as a schematic (top)
of the substrate sequence highlights the role of each residue (bottom). The substrate contains the
P4-P4" NSP7 extended substrate sequence (blue), the fluorophore (yellow), the fluorescent
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quencher (purple), and the residues for increasing solubility (green). (B) A list of the viral
polypeptide NSP sequences (P4-P4’) that are cleaved by MPro (left). The sequence logo
highlighting the substrate specificity of MY, yielding a P4-P4’ consensus sequence:
ATLQ(S/A)XXA (right). (C) The Michaelis-Menten kinetics for the NSP7 substrate with MP™
yield parameters indicative of an optimized, efficient substrate. (D) SARS-CoV-2 M active site
(PDB 6Y2G) (39) (green; sub-pockets S1’, S1, S2, S3, S4), shown here with substrate preferences
(pink; P1', P1, P2, P3, P4) (modeled after PDB 3SNE) (40), was used to dock 1.2 billion non-
covalent molecules and 6.5 million electrophile molecules. Top-ranked molecules were filtered
and 395 were synthesized for in vitro testing. Some docking hits were prioritized for compound
optimization, crystallography, pan-viral enzymatic activity, and cell-based antiviral activity. For
C, experiments were performed in triplicate.

217



ZINC553840273 PV-001851653353 Z4946671001
ICEN =88 M l ICLo¥s01 = 40 M ICEMso) = 5 uM
,g ]
N XN
Y\Q wr L

0273_3247 SG-0001 Z4924562413

ICEES = 90 uM ICoMSol = 55 M ICoMs0) = 13 pM

d HN C145, 1
= M49

Solved
Pose

SG-0001 | 8DII
RMSD =22 A

ZINC553840273
Docked pose

D 0 E N F 0

A " o\ A =N

@LN%N@ e "\
0 N A o)

ZINC813360541 74929615548 0 24929616111
ICAN =94 uM ICOVsOl = 30 pM ICDVSAl = 25 yM

24929615548 | 8DIG | 24929616111 |8DlH/ / Solved
RMSD=11A N RMSD = 1.4 A ~ Pose
(0] (0]
N4 =N HNJ{N =N
sl X
o ( 0
o \ 7/
24929615903 24929615577 24929616137
ICI2459) = 60 UM ICE¥s) = 10 uM ICEMs) = § uM

Figure 4.2. Non-covalent compound optimization to low-pM potencies. (A) Progression of the
0273 scaffold. (B) Predicted binding pose of ‘0273. (C) Comparison of crystal structure (grey
protein, red compound) and docked complex (green protein, blue compound) of SG-0001 (PDB
8DII). (D) Predicted binding pose of ‘0541. (E), (F) Comparison of crystal structures and docked
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complexes of ‘5548 (PDB 8DIG) and ‘6111 (PDB 8DIH), respectively. (G) Additional ‘0541
analogs with improved affinities. The 2fo-fc ligand density maps (blue contour) are shown at 1 .
Hungarian root mean square deviations (RMSD) were calculated with DOCK6.
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Figure 4.3. Covalent hits from 6.5 million virtual screen. Dose response curves for (A) aldehyde
and (B) nitrile docking hits. ICso values shown. All measurements were done in triplicate.

220



z o

y b 0/\<)\
Cl

‘9113 IC50 = 22 uM

) | ” g V
52
\

N
z o

|
B X o

‘9121 1C50 = 6 uM 92181C50 =12 uM ‘8252 1C50 = 6 uM 7356 1C50 = 26 uM
F Br. x> N
Z /0
Lf e I
e A A
U d IC50 = 9 uM
‘6690 1C50 =2 uM  ‘61171C50=7 pM ¢ ‘9220 1C50 = 33 uM ‘9202 1C50 = 13 uM -

Figure 4.4. Compound optimization of aldehyde 3620. (A) Docked pose of docking hit ‘3620.
(B) Crystal structure (pink carbons) and docked pose (blue carbons) comparison for analog ¢7021
(RMSD 1.29 A; PDB 8DIB). (C) Hypothesis testing analogs of 7021 included removing the nitro
in ‘9113 and the chlorine in ‘9112, both with weaker inhibition. Analog ‘4218 replaced the
pyridine with a benzene eliminating inhibition. (D) Crystal structures of additional ‘3620 analogs
comparing experimental (pink carbons) and docked (blue carbons) poses (RMSDs of 1.75 A, 0.78
A, 1.18 A, and 0.84 A, respectively; PDB 8DIC, 8DIE, 8DID, 8DIF, respectively). (E) Analogs
with different benzene substituent orientations (6690, ‘6117) inhibit MP™ at similar potencies.
Substituents oriented like 9220 were weaker inhibitors. (F) Examples of the most potent larger
hydrophobic analogs of “3620. For A-F, MP™ protein structure is PDB 6Y2G (green carbons) used
in docking or from the solved structures (white carbons). Hydrogen bonds shown with dashed
lines. The 2fo-fc ligand density maps (blue contour) are shown at 1 . ICso values are shown with
concentration response curves in Fig. S7. All measurements were done in triplicate.
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Figure 4.5. Antiviral activity and pan-coronaviral M?™ inhibition by covalent analogs. (A)
7021 and “7356 inhibit SARS-CoV-2 infectivity with minimal impacts on cell viability. (B) 7021
also inhibits SARS-CoV-1 and MERS-CoV MP™, All measurements were done in triplicate
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Solvent Response Curves
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Figure 4.S1. Assay optimization for solvent and detergent. (A) The effect of solvents on

enzymatic activity of MPro. (B) Activity loss from removal of detergent rescued with addition of
BSA.
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Figure 4.S2.1. Non-covalent docking hits or compounds with >30% inhibition from first
virtual screen.
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Figure 4.S2.3. Non-covalent docking hits from second virtual screen.
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Figure 4.S3. Evaluating aggregation potential of initial docking hits and potent analogs.
(A,C) Enzymatic inhibition by aggregation tested against AmpC and MDH (with or without 0.01%
Triton X-100 detergent). (B,D) Compounds observed in DLS for forming colloidal-like particles
where values above 10° have the potential for aggregating.
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Figure 4.S5. Docked poses of covalent hits. (A) Aldehydes. (B) Nitriles. Covalent bonds
between the warhead and Cys145 and not explicitly modeled in docking.
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Figure 4.S6. Reversibility of compound “7021. Both 2X and 10X concentrations of enzyme and
7021 inhibitor were co-incubated for 1-hour. By Le Chatelier’s princiciple, the 10X incubation
should lead to more inhibited enzyme product. Both 2X and 10X incubations were diluted to 1X
concentrations with final substrate concentration of 1X NSP7. Both co-incubations yielded the
same velocity, evincing concentration dependent diffusion of the enzyme-inhibitor complex, thus
evincing the reversibility of the ‘7021 compound.
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Figure 4.S7. ‘3620 analogs with improved potencies. ICso values in Table 4.S2.

233



HID " 164 185 SN
163 GLU
166
v
PHE
140 g ASN
LEU 142
HID Jal

‘7356

GLN
192
\ ci
ASN
142
LEU LEU
1 THR 27
190 \
LEU GLN TZ:"
e MET 189 \
cYs 49
a2 / ’ Br I
&
/ \ ASP VA
THR Tﬁ:“ a7 = 186
25 A 4
PHE
His 181
3 ¢
7021 8252
HIE
163
HIS "\ HIE EEY HIE /
Vel 163 / 7 b '~ VET__ 164
MET
PRO 165
165 168 -
ASP
e TYR ® TN va PHE
166 L 54 _ 186 &l
';RG
/ws P
Br
LEU LN o
GLN 27 P5Rz° 189 o V4
189 \ ~N*
I Cl THR THR
p 26 190
ARG
Ly )
THR
h:fs; 25
GLN /
VAL / 192 /
186 ‘/ THR MET /
- cvs & Y /
—————=_ a0
G cvs /‘/ ASN
as / 28
/
/ THR
MET TYR / 24 LEU
49 54 VAL / \ 27
a2 TR THR o’
AL HIS PRO 25 N g
————
‘ p 39 3
9105 9121
. MET === HIS
'sw -~ 165 164
166 | \
7 HEN
LEU 163
167
ASN
142
> \ N ) Charged (negative) Polar
41 ) Charged (positive) ) Unspecified residue
PHE Glycine Water
VAL 140 ' 2 2
5 Hydrophobic Hydration site
\ ) Metal X Hydration site (displaced)
sp [ Distance —e Pi-cation
27 "
Laer. — H-bond — Salt bridge
- , Halogen bond Solvent exposure
PHE gs THR — Metal coordination
a 26 . " .
181 \ e—e Pi-Pi stacking
GLN HIS P
189 -
LN gD
THR — 192
MET 190
49
TYR
54

Figure 4.S8. LigPlot visualization of MPro-covalent inhibitor interactions in newly solved

structures.

234



15 - b

10 —e- SARS-CoV-1

-2 MERS-CoV
—4+— SARS-CoV-2

RFU/s

— 1

0 I I 1 1
0 50 100 150 200

Substrate (uM)

Figure 4.S9. Pan-viral enzymatic activities. Michaelis-Menten kinetics were ran side-by-side
with the optimized NSP7 substrate for SARS-CoV-2 (green), SARS-CoV-1 (black), and MERS
(red) major proteases. Km values were found to be 12uM, 30uM, and 90uM for SARS-CoV-2,
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4.6 Tables

Table 4.1. Hits from the first non-covalent docking screen.

Chemical Structure Compound ID IC30 [uM] Chemical Structure Compound ID IC30 [uM]
(solvent) (solvent)
cl
\Cﬁ L~
214 (DMSO) @/LN N Q 275 (DMSO)
N _ ZINC346371112 98 (ACN) L\< \_/ ZINC813360541 94 (ACN)
| NG o Br
= N
<> 225 (DMSO) OJ\ Oyj\ 200 (DMSO)
/©/N _ ZINC894230117 164 (ACN) QVN\“/\/N A ZINC553840273 88 (ACN)
o N 0
N
N N:\N
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e .
&:N{NEN ZINC1339780091 121 (ACN) \ ZINC336912805 177 (ACN)
(o}
o~ |
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\ 0
/\ng P ZINC433294115 97 (DMSO) Oﬁf«s‘o ZINC271072260 143 (ACN)
o
HO o 0”
cl o}
/ NN F N -
AN 290 (DMSO) T@AN ° 281 (DMSO)
\Q/ J NH ZINC618071006 200 (EtOH) 0P ZINC338540162 <30 (ACN)
o
\N]
N
| ~
b 23
122 (DMSO) ) 291 (DMSO)
N ZINC301553312 63 (EOH) ‘%}NwiQ ZINC915668084 184 (ACN)
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Table 4.2. Hits from the first non-covalent docking screen.
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Chemical Structure Compound ID IC50 Chemical Structure Compound ID IC50
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Table 4.S1 Analogs of covalent docking hit ‘3620 with improved potencies.

Compound IC50 [uM] Compound IC50 [uM]
N N
= | <0 (“) /Ero
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Table 4.S2. Antiviral activities.

Compound | Antiviral ICso* [uM] Antiviral 1Coo? [uM] CCio® [uM]
7021 6.2 7.3 8.03
7356 19.53 19.9 6.93

2 Efficacy in RT-qPCR viral infectivity assay in X cells.

bReduction in cell viability (cytotoxicity).
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Table 4.S3. Pan-viral activities of ¢7021.

Viral MPro IC50 [uM]
MERS 50
SARS-CoV-1 8
SARS-CoV-2 1
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Table 4.S4. Crystallographic statistics.

outliers (%)

Ligand 5548 7356 6111 SG-0001 9121 7021 ‘8252 9218
PDB ID 8DIG $DIF SDIH $DII 8DIC SDIB $DID SDIE
38.64 -
Resolution 72.62 -2.45 48.44 -1.98 4439 -2.12 48.6 -2.59 38.13 -2.09 38.73 -2.17 38.22 -1.95 1.9
range (A) (2.538 -2.45) (2.051 -1.98) (2.196 -2.12) (2.683 -2.59) (2.165 -2.09) (2248 -2.17) (2.02 -1.95) | (1.968 -
1.9)
Space group P212121 P1211 c121 1121 P1211 Pl1211 P1211 P1211
b e 16072'7770‘2 44.897, 53.624, 114.102, 45.041,53.835, | 44.346,53.814, | 44.911,53.72, | 44.238, 53.666, ‘5“3“%?’
105,704 115.04 53.917,45.258 115.11 115.824 115.527 115.632 5110
90,
a,b,c (%) 90, 90, 90 90,101.151,90 | 90,101.253,90 | 90,101.13,90 | 90,100.459,90 | 90,100.833,90 | 90,100.938,90 | 101.062,
90
Total 52786 (4222) 74588 (6993) 29895 (2343) 17080 (1724) 63019 (6332) 56799 (5689) 76834 (7688) 83998
reflections (8382)
Unique 26433 (2151) 37368 (3516) 14998 (1188) 8552 (864) 31556 (3170) 28435 (2848) 38463 (3848) 42036
reflections (4194)
Multiplicity 2.0 (2.0) 2.0 (2.0) 2.0 (2.0) 2.0 (2.0) 2.0 (2.0) 2.0 (2.0) 2.0 (2.0) 2.0 (2.0)
Completeness 94.67
% 97.69 (80.05) 99.03 (92.87) 96.99 (77.24) 99.74 (99.77) 98.17 (98.84) 98.18 (98.41) 98.14 (98.54) (79.45)
0 .
Mean Isigma(l) | 10.82 (1.33) 13.42 (1.00) 19.51 (1.83) 8.81(0.84) 8.94 (0.98) 8.68 (0.89) 7.58 (0.98) (gg;)
Wilson B-factor 44.04 36.71 48.65 56.27 39.01 40.42 30.04 33.18
0.05895 0.01881 0.06999 0.05198 0.05847 0.05816 0.1022
R-merge (0.6349) 0.0362 (0.8374) (0.4432) (0.9217) (0.7831) (0.8779) (0.7736) (1.824)
0.08337 0.08226 0.1446
R-meas ©0.8979) 0.0512 (1.184) | 0.0266(0.6267) | 0.09899 (1.304) | 0.07351 (1.107) | 0.08269 (1.242) (1.094) ©.579)
) 0.05895 0.01881 0.06999 0.05198 0.05847 0.05816 0.1022
R-pim (0.6349) 0.0362 (0.8374) (0.4432) 0.9217) (0.7831) (0.8779) (0.7736) (1.824)
cCl12 0.997 (0.513) 1(0.41) 1(0.625) 0.995 (0.333) 0.999 (0.474) 0.998 (0.397) 0.998 (0.513) (8'23?)
cc* 0.999 (0.823) 1(0.763) 1(0.877) 0.999 (0.707) 1(0.802) 1(0.754) 1(0.823) (8'233)
Refinement
Reflections 40479
used in 26397 (2118) 37312 (3502) 14996 (1188) 8548 (862) 31513 (3163) 28394 (2844) 38390 (3844) 3371)
refinement
Reflections 2128
sl o R 1317 (116) 1835 (176) 723 (54) 419 (45) 1615 (173) 1341 (143) 1894 (224) 74
0.2138 0.2574 0.2534
R-work ©3321) 0.2432(0.3608) | 0.2114 (0.3256) | 0.2164 (0.3640) | 0.2275(0.3419) | 0.2267 (0.3265) 0.3563) ©0.3559)
0.2717 0.2915 0.3032
R-free ©3771) 0.2955(0.3532) | 0.2760 (0.3358) | 0.2672(0.3837) | 0.2764 (0.3772) | 0.2814 (0.3331) ©0.4119) (03935)
CC(work) 0.954 (0.748) 0.957 (0.639) 0.964 (0.698) 0.957 (0.515) 0.959 (0.639) 0.962 (0.651) 0.954 (0.698) (8'232)
CC(free) 0.922 (0.479) 0.953 (0.613) 0.963 (0.738) 0.947 (0.420) 0.932 (0.465) 0.955 (0.574) 0.948 (0.514) (8'3(1)8)
Number of non- 4589 4365 2317 2347 4502 4579 4531 4604
hydrogen atoms
macromolecules 4540 4269 2267 2310 4433 4506 4413 4509
ligands 25 42 25 25 38 42 38 42
solvent 24 54 25 12 31 31 80 53
Protein residues 601 585 303 303 599 599 591 605
RMS(bonds) 0.008 0.01 0.008 0.002 0.009 0.004 0.015 0.009
RMS(angles) 0.94 0.99 1.01 0.57 0.98 0.7 1.14 0.92
Ramachandran
2 94.76 97.68 96.62 96.66 97.23 98.11 97.33 97.45
favored (%)
Ramachandran 5.24 232 3.38 3.34 26 1.72 2.49 2.38
allowed (%) i i i i i i ) i
Ramachandran
outliers (%) 0 0 0 0 0.17 0.17 0.18 0.17
Rotamer 0 0.23 0 0 043 0 0.21 0
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Ligand 5548 ‘7356 ‘6111 SG-0001 9121 7021 ‘8252 ‘9218
PDB ID 8DIG 8DIF 8DIH 8DII 8DIC 8DIB 8DID 8DIE
Refinement
Clashscore 7.5 3.99 4.71 5.48 6.71 3.84 8.22 5.1
Average B-
49.4 40.26 56.53 63.66 44.1 48.58 3391 37.93
factor

macromolecules 49.35 40.11 56.35 63.09 43.98 48.12 33.78 37.84
ligands 60.21 54.15 73.4 122.98 61.63 99.97 55.66 50.55
solvent 48.32 41.14 55.62 49.68 39.64 46.39 30.93 35.8

(One crystal for each structure)

* Values in parentheses are for the highest-resolution shell.
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4.7 Materials and Methods

Expression and purification of M*™

All reducing agents were added to buffers immediately before use. We received nsp5 cloned into
pGEX6p-1 with a N-terminal GST tag and MP™ cleavage-site SAVLQ|SGFRK and an HRV-3C-
cleavable C-terminal 6xHis tag from Rolf Hilgenfeld. This bacterial expression plasmids were
transformed into One Shot™ BL21(DE3)pLysS Chemically Competent E. coli (Thermo). The
expression for MP™ in E. coli was modified from the expression previously described (39). In brief,
a transformed clone of BL21(DE3)pLysS E. coli was added to a 50 mL culture of 2xYT media
supplemented with 2% glucose and 100 pg/mL ampicillin grown overnight at 37°C. 30 mL of
overnight culture were used to inoculate 1 L of 2xYT media supplemented with 100 pg/mL
ampicillin The inoculated culture was shaken at 225 rpm at 37°C and then induced when culture
OD600 reached 0.8 (after ~3 h) by adding 1 mL of 1 M IPTG. After 5 h of expression at 37°C, the
culture was centrifuged at 9,000 rpm for 15 min. Supernatant was discarded and cell pellet stored
at -80°C. The frozen cell pellet was thawed on ice in 30 mL of 20 mM Tris 150 mM NaCl pH 7.4
buffer. The resuspended sample was sonicated until lysis was complete. Sonicated cell lysate was
clarified by centrifugation at 15000 rpm for 30 min. 3 mL of Super Ni-NTA Affinity HP Resin
beads (Protein Ark) equilibrated with wash buffer (20 mM TRIS 150 mM NaCl 20 mM imidazole)
were incubated with 57 mL of the clarified supernatant for 1 h at 4°C. Beads were centrifuged at
200 rpm for 2 min and the supernatant was decanted. The Ni-NTA beads were washed with ~3
column volumes of wash buffer.. Hexahistidine tagged protein was eluted with 1 mL fractions of
elution buffer (20 mM Tris 150 mM NaCl 350 mM Imidazole). Fractions containing protein were
pooled and then buffer exchanged into 20% Glycerol 20 mM Tris 150 mM NaCl pH 7.4 using

Amicon concentrators. 3C protease was added in a 5:1 ratio of MP™ to 3C protease and incubated
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overnight at 4°C. A 2 L of culture yielded 2.28 mg of MP™ following 3C cleavage. 3C protease
and 6xHis-tag were removed by incubation with Ni-NTA beads. The active dimer was isolated
with a MonoQ™ 5/50 GL column (GE Healthcare). MonoQ column equilibrated with buffer A
(20 mM Tris I mM DTT pH 8) and the protein sample was then loaded onto the column and eluted
with a linear gradient of buffer B (1 M NaCl 20 mM Tris 1 mM DTT pH 8) 0 mM to 500 mM

NaCl over 20 column volumes.

MPr Inhibition assay

A fluorescence-quenched substrate with the sequence HoN(d-Arg)(d-Arg)-K(MCA)-ATLQAIAS-
K(DNP)-COOH was synthesized via the Fmoc solid-phase peptide synthesis as previously
described (66). Kinetic measurements were carried out in Corning black 384-well flat-bottom
plates and read on a BioTek H4 multimode plate reader. The quenched fluorogenic peptide had a
final concentration of Ky = 12.7 uM, and MP™ had a final concentration of 50 nM. The reaction
buffer was 20 mM Tris, 150 mM NaCl, 1 mM EDTA, 0.05% Tween-20 (v/v), and 1 mM DTT, pH
7.4. Compounds were incubated with protease prior to substrate addition at 37 °C for 1 h. After
incubation, the substrate was added, and kinetic activity was monitored for 1 h at 37 °C. Initial
velocities were calculated at 1 to 30 min in RFU/s. Velocities were corrected by subtracting the
relative fluorescence of a substrate-only control, and fraction activity was calculated using a
substrate-corrected no-inhibitor control where DMSO was added instead of a drug. Kinetics
measurements were carried out in triplicate. SARS-CoV-1 and MERS MP™ were both purchased
from Bio-Techne (catalogue #: E-718-050 and E-719-050, respectively). Ky was derived with the
NSP7 substrate for each protease (Fig. 4.S9), which was the substrate concentration used for each

protease for comparative dose-response curves. Enzyme concentration was 50 nM for SARS-CoV-

246



1 and 100 nM for MERS. The same assay buffer described above was used for all kinetic assays

with each protease.

Non-covalent molecular docking

The protein template was modeled based on the crystal structure of the M dimer in complex with
a covalent alpha-ketoamide inhibitor (PDB 6Y2G) (39). All water molecules except for HOH 585
and HOH 602, which are located at the dimeric interface, were deleted. The binding pocket of the
crystal structure’s chain A was selected for docking. The alpha-ketoamide inhibitor was replaced
by the non-covalent SARS-CoV inhibitor SID87915542 (41). Here, the SID87915542-bound MP™
crystal structure (PDB 3V3M) was aligned onto the SARS-CoV-2 MP™ crystal structure in order
to project SID87915542 into the SARS-CoV-2 MP™ binding site. Next, the modeled protein-ligand
complex and selected water molecules were prepared for docking with the protein prepwizard
protocol of Maestro (Schrdodinger,Inc. v. 2019-3) (67). Protons were added with Epik and
protonation states were optimized with PropKa at pH 7. The C-terminus (Ser301) of each protein
monomer structure was capped with N-methyl groups while the N-termini (Serl) were positively
charged. Subsequently, the modeled complex was energetically minimized using the OPLS3e
force field. To better accommodate the modeled non-covalent ligand SID87915542, the CE atom
of Met49 was displaced by 1.7A from its initial position in the covalently ligated crystal structure

(PDB 6Y2G).

Computational docking was performed using DOCK3.7 (68). Precomputed scoring grids for
efficient quantification of van der Waals interaction between MP™ and docked molecules were

generated with CHEMGRID (69). Using the AMBER united-atom partial charges (70),
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electrostatic potentials within the binding pocket were computed following the numerical solution
of the Poisson-Boltzmann equation with QNIFFT (77). The partial charges of the hydrogen at the
epsilon nitrogen of His163, as well as the hydrogen atoms of the backbone amines of Gly143 and
Glul66 were increased by 0.4 elementary charge units (e). In turn, the partial charges of oxygen
atoms of the corresponding backbone carbonyl groups were decreased by 0.4e to maintain the
initial net charge of each residue (42). The low dielectric protein environment was extended by 1.2
A from the protein surface, as previously described (64). Similarly, the low dielectric boundary
was extended by 0.7 A from the protein surface for the calculation of ligand desolvation scoring
grids with SOLVMAP (72). The atomic coordinates of SID87915542 (PDB 3V3M) (41), the
alpha-ketamide inhibitor of the initial crystal structure (PDB 6Y2G) (39), BDBM512845 (PDB
4AMDS) (73), as well as fragment hits MAT-POS-7dfc56d9-1 (MP*-x0161) (18) and AAR-POS-
d2a4d1df-5 (MP-x0305) (18) obtained from the Covid-19 Moonshot screening efforts, were used

to generate 80 matching spheres (68) for ligand placement in the docking calculations.

The obtained docking parameters were evaluated based on their ability to prioritize 34 previously
reported ligands of SARS-CoV MP™ obtained from the Chembl database (74), against a
background of 1,805 property matched decoys generated with the DUDE-Z approach (48). In
addition, an ‘Extrema’ set (27,42) of 194,921 molecules, including compounds with net-charges
ranging from -2 to +2, was screened against the docking model in order to assess the parameters’

ability to prioritize neutral molecules.

Using the ZINCI15 database (43), 225,327,212 neutral molecules mainly from the lead-like

chemical space, i.e. molecular weight (MWT) between 250 and 350 amu and calculated (c)logP <
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4.5, from the make-on-demand compound libraries from Enamine Ltd. and WuXi Appetec.
(Shanghai, China), were screened. Thereby, 219,305,079 molecules were successfully scored with
each molecule sampling on average 3,588 orientations and 425 conformations which resulted in
the evaluation of approximately 148 trillion complexes in roughly 70 h on a 1,000-core computer
cluster. In addition, 110,898,461 molecules with 350 < MWT < 500 and clogP < 4.5 from ZINC15
were screened in a separate docking campaign. 107,486,710 compounds were successfully scored,
each exploring on average 4,175 orientations and 540 conformations within the binding pocket.

Nearly 90 trillion complexes were scored in roughly 45 h using a 1,000-core cluster.

From each docking screen, the predicted binding poses of the 500,000 top-ranked molecules were
analyzed for internal molecular strain (44). Molecules that passed the strain criteria (total strain
<6.5 TEU; maximum single torsion <1.8 TEU), were judged by their ability to form hydrogen
bonds with Gly143, His163 (S1 subpocket) or Glul166 and proximity to residues forming the S2
subpocket such as Met49 or Asp187. Finally, 120 compounds, selected from the lead-like docking
screen, were ordered from Enamine Ltd., of which 105 were successfully synthesized (87.5%) in
addition to 100 molecules of larger MWT that were ordered from the second docking screen, 89

of which were successfully synthesized by Enamine Ltd.

A second docking campaign for non-covalent inhibitors was performed against the crystal
structure of MP™ in complex with MAT-POS-b3e365b9-1 (MF-x11612) (/8) from the Covid-19
Moonshot consortium. All water molecules except HOH6 and HOH300 were removed and the
protein-ligand complex structure was prepared for docking following the protein prepwizard

protocol of Maestro (Schrodinger v. 2019-3) as described above.
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As described above in the previous docking campaign, the partial charges of the hydrogen atoms
at the epsilon nitrogen of His163 and the backbone amine of Glul66 were increased by 0.4e,
whereas the partial charges of corresponding backbone carbonyl oxygen atoms were decreased by
0.4e to maintain the net charge of each residue. For calculating electrostatic scoring grids, the low-
dielectric volume of the protein was extended by 1.9 A from the protein surface (based on surface
mapping spheres generated by Sphgen). In addition, the low dielectric boundary was extended by
1.0 A from the protein surface for calculating ligand desolvation scoring grids with SOLVMAP.
The atomic coordinates of MAT-POS-b3e365b9-1 were used to generate 45 matching spheres for
ligand placement with DOCK3.8. The performance of the obtained docking grids was evaluated
by their ability to enrich 15 previously reported SARS-CoV-2 M inhibitors over 650 property-
matched decoys or an Extrema set containing 153,256 molecules with net charges ranging from -
2 to +2, molecular weight between 300 and 500 amu. Finally, 862,382,088 neutral compounds

with 18-29 heavy atoms from the Enamine REAL chemical library were screened using the

ZINC22 database (http://files.docking.org/zinc22/). Molecules with strained conformations (total
strain > 8 TEU, maximum single strain > 3 TEU), were excluded by the docking program.
778,517,250 molecules were successfully scored, each sampled in approximately 836
conformations and 3,439 orientations, leading to the evaluation of roughly 905.8 trillion complexes

within 481h on a 1000-core computer cluster.

21,284,498 compounds scored lower than -35 kcal/mol and the poses of top scoring 5,004,192
compounds were extracted. 214,580 compounds formed favorable interactions with key residues

such as His163, Glul66 and the P2 subpocket, 181,866 of which obtained ECFP4-based TC
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coefficients of less than 0.35 to the 1,716 known SARS-CoV and SARS-CoV-2 MP™ inhibitors
reported in the literature (2-4,7,9,10,12,13,15,18,21,39,41,75-90). Finally, roughly 9,000 top-
ranking compounds were visually inspected, and 167 molecules were ordered from Enamine Ltd.,

146 of which (87.4%) were successfully synthesized.

Covalent molecular docking

Cysteine-reactive warheads of aldehydes, nitriles, and alpha-ketoamides were searched in the
ZINC20/Enamine REAL databases of 1.4 billion molecules using their respective SMARTS
patterns (ketoamides O=[CRO]([#6])[CRO](=O)N[#6]; aldehydes [CX3HI1](=O)[#6]; nitriles
[CX4]-C#N). This returned 25.7 million nitriles, 2.5 million aldehydes, and 1.5 million
ketoamides. Molecules were filtered to have at least one ring, and to be fragment to lead-like
molecular weights (<350). Three-dimensional “dockable” conformations were generated with
molecules in their transition-state form and a dummy atom in place for the covalent docking
algorithm to indicate which atom should be modeled covalently bound to the Cysteine sulfur
(58,59). Overall, 6.5 million molecules were docked — 3.6 million nitriles, 1.4 million ketoamides,

and 1.5 million aldehydes.

The protein was prepared in DOCK3.7 (68). Pose reproduction of the truncated covalent molecule
of PDB 6Y2G 39) (smiles of dockable ligand:
O=CINCC[C@H]1CC[C@]([SiH3])(C(NCC2=CC=CC=C2)=0)0) was checked for the docking
setup. Default generated grids were used for electrostatic (radius size 1.9A) and VDW scoring,
and no matching spheres were used in docking calculations as they are not used by the covalent

docking DOCKovalent (58,59) algorithm. For covalent docking, the Cys145 SH group was
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indicated as the anchor for molecules screened. The distance was slightly relaxed from the C-C
bond distance to 1.85A. For His41 protonation, aldehydes, nitriles, and neutral ketoamides used
HID, while negative ketoamides used HIP. Each warhead was docked separately with a total 6.5

million molecules screened. Accordingly, each warhead was also processed separately.

For the aldehydes, the top 300,000 ranked molecules were evaluated for torsional strain (44), and
those with a total torsional strain greater than 9.8 (around 3.7 incurred due to strain on atom types
on the warhead and this was disregarded, therefore total energy was 6) and single torsional strain
greater than 2.5 were excluded (155,386 left). Molecules making more than 1 hydrogen bond to
the protein, having no hydrogen bond clashes, no unpaired hydrogen bond donors (56,969 left)
were prioritized. Remaining molecules were clustered for chemical similarity based on ECFP4-
based Tanimoto coefficient (Tc) of 0.5. Viable poses filling the S1°, S1 or S2 sites were selected
during visual inspection. A total of 35 aldehydes were selected for make-on-demand synthesis of
which 27 were successfully synthesized. For the nitriles, the top 100,000 ranked molecules were
evaluated for torsional strain (17,424 left), then filtered for favorable interactions (6,201 left).
Lastly, we visually inspected remaining molecules for favorable hydrogen bonds formed with
His41, Gly143, Thr26, Glul66, or Cys145. Finally, 41 compounds were ordered for synthesis (31
were successfully obtained). For the ketoamides the top 393,000 ranked molecules with scores less
than 0.0 were evaluated for torsional strain (121,234 left), and favorable interactions with the
enzyme (37,267 remained). Visual inspection focused on those making hydrogen bonds with
His41, Cys145, Gly143, Thr26. In total 21 molecules were prioritized and 16 were successfully

synthesized.
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Make-on-demand synthesis
Non-covalent and covalent compounds purchased from docking screens, as well as analogs, were

synthesized by Enamine Ltd. (https:/github.com/efink14/Fink 2022 Dissertation). Purities of

molecules were at least 90% and most active compounds were at least 95% (based on LC/MS data)

(https://github.com/efink14/Fink 2022 Dissertation).

Compound optimization
Optimization of docking hits ZINC346371112, ZINC301553312, ZINC813360541,
ZINC553840273, <3620, 0431, ‘4589, ‘5103, ‘5156, ‘6246, ‘6792, ‘0292, ‘2826/°0892 were

attempted (https:/github.com/efink14/Fink 2022 Dissertation). Analogs were designed for

desired chemical perturbations or searched in SmallWorld and Arthor catalogs and synthesized by
Enamine Ltd. For ‘3620, compounds were also designed from the “7356 and ¢7021 crystal
structures and were modeled with covalent docking or with Maestro (v. 2021-2, Schrodinger, LLC)

ligand alignment.

Protein crystallization

Both covalent and non-covalent compounds including 7021, ‘9121, 8252, ‘9218, 7356, 5548, 6111
and SG-0001 were co-crystallized with SARS-CoV2 MP™, Before setting up crystals, 10 mg/ml
of protein was incubated with either 0.3 mM of covalent compounds or 1.5 mM of non-covalent
compounds on ice for 1 h. Crystals were set using vapor diffusion hanging drop method at 20 °Cin
conditions including 0.1 M Tris pH 7.4 and 20% PEG 8000; and 0.1 M MES pH 6.5, 20% PEG
6000. Crystals took 3-4 days to grow for all compounds. Before data collection, crystals were cryo-

cooled in a solution containing reservoir solution and 25% glycerol.
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Structure determination and refinement

The MP™ inhibitor compound datasets were either collected at the Advanced Light Source
beamline 8.3.1 (Lawrence Berkeley laboratory) or SSRL beamline 12-2 beamline (Stanford,
United States) at a temperature of 100K. The diffraction datasets were processed using XDS (91)
and CCP4 software’s suite (92). AIMLESS (93) was used for scaling and merging. Molecular
replacement was performed either using PHASER (94) using the protein model from PDB entry
TNG3 (95) as the search model. The bound ligand in the PDB 7NG3 was removed from the search
model during molecular replacement, giving unbiased electron density for ligands in the initial
electron density maps. The initial model fitting and addition of waters was done in COOT (96)
followed by refinement in REFMAC (97). Geometry restraints for the ligands were created in
eLBOW-PHENIX (98) and following rounds of refinement were carried out in PHENIX.
Geometry for each structure was assessed using Molprobidity and PHENIX polygon. Datasets
have been deposited to the PDB with PDB IDs 8DIB, 8DIC, 8DID, 8DIE, 8DIF, 8DIG, 8DIH and
8DII. Statistics for data collection and refinement are in Table 4.SS. The ligand symmetry
accounted RMSDs between the docked pose and experimental pose were calculated by the

Hungarian algorithm in DOCK6 (99).

Antiviral and cytotoxicity assays

Two thousand (2,000) HeLa-ACE?2 cells were seeded into 96-well plates and incubated for 24 h.
2 h before infection, the medium was replaced with a new media containing the compound of
interest, including a DMSO control. Plates were then transferred into the biosafety level 3 (BSL-
3) facility and 1,000 PFU (MOI = 0.25) of SARS-CoV-2 was added, bringing the final compound

concentration to those indicated. SARS-CoV-2/WA1 variant was used as indicated. Plates were
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then incubated for 48 h. Infectivity was measured by the accumulation of viral NP protein in the
nucleus of the HeLa-ACE2 cells (fluorescence accumulation). Percent infection was quantified as
((Infected cells/Total cells) — Background) x 100, and the DMSO control was then set to 100%
infection for analysis. Cytotoxicity was also performed at matched concentrations using the MTT
assay (Roche), according to the manufacturer’s instructions. Cytotoxicity was performed in
uninfected HeLa-ACE2 cells with same compound dilutions and concurrent with viral replication

assay. All assays were performed in biologically independent triplicates.

Dynamic Light Scattering (DLS)

Samples were prepared in filtered 50 mM KPi buffer pH 7.0 with final DMSO concentration at
1% (v/v). Colloidal particle formation was detected using DynaPro Plate Reader II (Wyatt
Technologies). All compounds were screened in triplicate at roughly 2-fold higher concentration
than reported ICso (concentrations can be found at

https://github.com/efink14/Fink 2022 Dissertation). Analysis was performed with GraphPad

Prism software version 9.1.1 (San Diego, CA).

Enzyme Inhibition Assays for Aggregation

Enzyme inhibition assays were performed at room temperature using using CLARIOstar Plate
Reader (BMG Labtech). Samples were prepared in 50 mM KPi buffer pH 7.0 with final DMSO
concentration at 1% (v/v). Compounds were incubated with 4 nM AmpC B-lactamase (AmpC) or
Malate dehydrogenase (MDH) for 5 min. AmpC reactions were initiated by the addition of 50 uM
CENTA chromogenic substrate. The change in absorbance was monitored at 405 nm for 1 min 45

sec. MDH reactions were initiated by the addition of 200 uM nicotinamide adenine dinucleotide
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(NADH) (54839, Sigma Aldrich) and 200 pM oxaloacetic acid (324427, Sigma Aldrich). The
change in absorbance was monitored at 340 nm for 1 min 45 sec. Initial rates were divided by the
DMSO control rate to determine % enzyme activity. Each compound was screened at roughly 2-
fold higher concentration than reported the ICso value in triplicate (concentrations can be found at

https://github.com/efink14/Fink 2022 Dissertation). Data was analyzed using GraphPad Prism

software version 9.1.1 (San Diego, CA). For detergent reversibility experiments, inhibition was
screened near IC;5 with or without 0.01% (v/v) Triton X-100 in triplicate. Enzymatic progress was

performed/monitored as previously described (45, 100).

Statistical analyses
All statistical analyses were performed on the GraphPad Prism version 8.0 or 9.1.1 software.

Changes only at the 95% confidence level (P<0.05) were considered as statistically significant.

Data availability.

All crystallographic structures have been deposited in the PDB as 8DIB (7021), 8DIC (‘9121),
8DID (8252), 8DIE (‘9218), 8DIF (‘7356), 8DIG (°5548), 8DIH (‘6111), 8DII (SG-0001). The
identities of compounds docked in non-covalent screens can be found at ZINCI15/ZINC20

(http://zinc15.docking.org and http://zinc20.docking.org) and ZINC22

(http:/files.docking.org/zinc22/). The covalent compounds have been deposited in

http://covalent2022.docking.org along with their DOCKovalent files. Active compounds may be

purchased from Enamine Ltd. All other data are available from the corresponding authors on

request.
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Code availability
DOCK3.7 and DOCK3.8 are freely available for non-commercial research from the authors;
commercial licenses are available via the UC Regents. An open-source web-based version of the

program is available without restriction to all (https://blaster.docking.org), as are the Arthor and

Small World analoging tools used in this study.
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Gloss to Chapter 5
Finally, the expansion of accessible chemical space and virtual databases used in molecular
docking screens is considered here. Thanks to companies like Enamine, the number of molecules
we can use for virtual screening is constantly growing because of their exploration of small
building blocks and reliable reactions that can combine them into not already existing molecules.
Reaching one billion molecules was a landmark achievement in the lab, and now we are
approaching 10 billion. We hope this increase is useful with a ‘bigger is better’ approach, but to
double check this is the case the lab has conducted experiments to simply ask “Is bigger really

better?”

Here, I build off ideas from Jiankun Lyu’s work (Lyu et al. Nature 2019, Alon et al. Nature 2021,
and Lyu et al. Nat Chem Bio 2022) in asking similar questions in context of a new use case of
virtual screening and chemical databases. We are interested in finding compounds that modulate
not just one protein (like ‘normal’) but instead a pair of desired proteins. The idea being molecules
that can modulate multiple proteins or nodes in a complex disease state physiological network
could have increased efficacy or benefit compared to only modulating one of the proteins alone;
we define this is as polypharmacology. The disease network of pain is the primary application as
the lab and field look to discover new analgesic therapies with improved efficacies without the

opioid side effects, or other side effects associated with a single protein therapeutic.

The work in the following chapter is in its preliminary stages but will take two paths: 1)
Retrospective analysis performed on model systems will be used to probe how successful virtual

screening for polypharmacology might be, and 2) prospective test cases for pairs of proteins
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implicated in pain will be explored. The work has given me an opportunity to learn larger coding
and data management skills, and work on many more protein systems. It brings the total number
of proteins I have performed some type of computational work with up to ~22, and I am likely
forgetting some. The work also allowed me to think about the technique differently than a typical
discovery project of applying the pipeline of setup optimization, virtual screen, and compound

selection.

Overall, the work starts to showcase the growth of databases beyond 500 million increases the
number of shared top-ranked molecules that we could consider in looking for polypharmacology
ligands; this is true for both model systems and for a prospective test pair of proteins involved in
pain. As the work continues, it holds great opportunity to be applied in the continued search for
nonopioid (or at least, not only opioid) receptor pain therapeutics development. I sincerely hope

one day society has safer analgesics available and sees some relief to the opioid epidemic.
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5.1 Introduction

Traditionally, small molecule drug discovery projects desire highly selective drugs, active only on
one protein target of interest. Often this is because additional activities on other proteins may
produce side effects. However, there are existing therapeutics that modulate multiple proteins for
a net efficacious effect that could not be achievable with a single protein activity. Their
polypharmacology activities modulate a set of proteins that are typically nodes of related cellular

circuitry for increased, either synergistic or additive, effects (/-3).

There are many instances where drugs with polypharmacology are beneficial. For example, dual
or triple reuptake inhibitors modulate multiple neurotransmitter transporters for increased
psychological effects (4), including the FDA-approved drug duloxetine. This is also true for
complex pathways in cancer biology, where chemotherapy drugs will inhibit multiple subtypes of
histone deacetylases (HDACsS) (), kinases, or enzymes in the folate synthesis pathway. Another
use case for polypharmacology is offsetting side effects conferred by activity on a single target.
Atypical antipsychotics antagonize the dopamine-2 receptor (D2R) for the desired efficacy, but
this produces D;R-caused dyskinesia side effects; however, with the additional serotonin->a
receptor (SHT2aR) antagonism the D2R-caused side effects are reduced without affecting efficacy
(6). Opioid receptor modulators also are known to have polypharmacology, including the dual p-
opioid receptor (LOR) and k-opioid receptor (kOR) agonist morphine, and the dual pOR agonist
and kOR antagonist buprenorphine (7). The dual receptor agonism of morphine increases analgesic
efficacy, and the mixed agonist-antagonist profile of buprenorphine enables pain and opioid use
disorder treatment while offsetting side effects of morphine (or other dual opioid receptor

agonists)-induced mood disorders and addiction.
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Virtual screening ultra-large chemical databases has been successful for a range of protein targets
(8—12), typically with 20-60% hit rates and new chemotypes with nM to uM activities (9, //—14).
The technique has been applied to polypharmacology only a few times with limited success (15),
and only smaller libraries of 3 million molecules were screened. Currently ZINC22 (/6) is over
5B and growing quickly towards 10B, with chemical space existing at much higher order of
magnitudes (/2). Here, we simulate how this increase in chemical space could affect the use of
virtual screening to discovery molecules with designed polypharmacology. In addition, we apply
the technique in a prospective polypharmacology docking campaign targeting the serotonin

transporter (SERT) and pOR, proteins involved in the complex pain neuroscience network.
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5.2 Results

Database growth enriches for shared top-ranked molecules in model systems

Previous work has utilized model systems (//), or proteins with well characterized active
molecules, to study the effect of perturbations to docking parameters. We looked to do the same
and identified polypharmacology model systems that have ligands or FDA-approved drugs with
multiple activities contributing to efficacy or offsetting side effects (Table 5.1). The protein pairs
different on axes of therapeutic application, protein class (transmembrane receptor, transporter,
enzyme), binding sites, and overall protein similarity. Docking setups were prepared and 900
million ZINC22 molecules were virtually screened against each protein using DOCK3.8. All
molecules scored in each of the protein docking screen were considered in this simulation of
database growth and analysis (see Methods). Database sizes started at 10 thousand molecules and
increased 5-fold up to 500 million molecules for a total of 10 sizes. When analyzing docking
screens and selecting compounds to purchase, typically only the best scoring results are considered
because the hit rate will fall as docked scores increase (get worse) (/2, 13). We applied that logic
here and only considered the top-ranked molecules by rank number or by percent, typically not

looking beyond the best-ranked 10%.

We first asked how many molecules are randomly shared in the docking results at different
thresholds and how it changes as the databases increase (Fig. 5.1). The simulations demonstrated
a low percent of molecules are shared, with the highest number or percent shared occurring in the
500 million database and top 50 million ranked molecules. These values were used to establish a

baseline to which further analysis could be compared back to.
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For the following non-random analysis, each database chunk is sorted by DOCK scores. Here, as
the database size increases from 10 thousand to 500 million, the number of shared top-ranked
docked results increases (Fig. 5.2). In the top-ranked 50 million subset of the 500 million database
the number of shared molecules is 10-16 million in the three model systems (or 17 to 21%), and
in the top-ranked 5 million the number is to 400 to 840 thousand (or 8-17%). Extrapolation using
the linear regression of the log-log plots (Table 5.S1), in larger 10 billion databases the number of
shared compounds may increase to 7 to 16 million in the top-ranked 5 million, 18 to 39 million in
the top-ranked 10 million, and 166 to 290 million in the top-ranked 50 million. In past single target
docking campaigns, typically <1% of the top-ranked results are analyzed in post-screen filtering
steps. Logically, we may need to look at more top-ranked compounds as they will be double

filtered (against two proteins) and up to 10% may be considered but merits further investigation.
g p p y g

As a control, the enrichment of shared top-ranked results was compared back to the random overlap
baseline values. At each top-ranked subset of all database sizes, the number of shared molecules
is larger than observed in the random results (Fig. 5.3). For the SHT2aR-D2R results, the highest
enrichments are in the 500 million database top 50 thousand and top 100 thousand ranked results
with 779- and 674-fold more shared molecules versus random, respectively. The enrichment is
next highest in the 500 million database top 10 thousand and top 500 thousand results with 187-
and 136-fold more than random, respectively. The same four top-ranked subsets of the fOR-kOR
and SERT-DAT 500 million databases are also the highest enriched, but lower in the 50 thousand

and 100 thousand top-ranked results with all never higher than 200-fold enrichment over random.
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The highest enrichment is occurring in the mid-top-ranked results and not at the highest ranked
results (1,000 or 5,000) or when including a larger subset of top-ranked results (from 1 to 50
million). This could indicate the larger databases have more molecules that score well on a single
target, here in the top 1,000 or 5,000 with low enrichment and decreases the number of top-ranked
molecules that are scoring well on both proteins; this has previously been observed as a
phenomenon that occurs with larger chemical databases (/7). However, with the highest
enrichment occurring in the mid-top-ranked results and not in the larger 1 to 50 million subsets,
this indicates the database growth and increased single-target scoring molecules do not push the
shared molecules completely to the bottom results to which we would consider for post-docking
screen analysis. If that were the case, the highest enrichment would occur in the 1 to 50 million

databases.

As previously mentioned, historically docking results look at top results by the top number of
ranked compounds, usually 300 thousand, and usually is <1% of the total size of the chemical
library docked. The analysis is converted now to looking at the top-ranked percent of results,
starting at similar top-ranked thresholds of 0.01 to 1% and including a larger threshold up to 10%.
The percent of shared molecules increases with database growth, also seen above (Fig. 5.4). The
slopes of the log-log plots for SHT2aR-D2R are very similar with the largest being the top-ranked
10%; this is also true for HOR-kOR and SERT-DAT with even larger slopes of the top-ranked
10%. There are some deviations from the linear regression, including at the top-ranked 10% of the
10 thousand database of SHT2aR-D2R, the top-ranked 10% of the 50 million databases for all three
model systems, and at all top-ranked percent thresholds of the three model systems. The reason

for the deviation is unclear.
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We return to ensuring the increase in top-ranked results is occurring at a rate higher than the
random overlap using the fold-enrichment of the top-ranked docking results at different percent-
thresholds. A surprising trend emerges in the SHT24R-D2R simulation, where an increase in the
fold-enrichment hits a plateau after 3 5-fold increases in the database size, for example the increase
the top 1% of results starting at 100 thousand hits the plateau at 5 million (Fig. 5.5, Table 5.S2).
The trend is present in pOR-kOR and SERT-DAT, but less of a distinct plateau is present in the
top 1% ranked data. For all three of model systems, the first plateau to emerge with database
growth is the top-ranked 10% shared molecules. This could be worrying, as increasing the
databases from 5 million to 500 million does not increase the enrichment of shared molecules
versus random overlap and could be a continuing trend as databases increase further towards 10

and 20 billion molecules.

Characterizing prospective polypharmacology pair SERT-pOR for pain

Finally, with some initial understanding into the effect of chemical library growth in
polypharmacology docking campaigns, we pursue a prospective test-case with application in pain
therapeutics. Combinations of protein pairs are prioritized for many reasons, including a) each
protein is involved in pain physiology, b) the proteins are considered ‘druggable’ and even further,
‘dockable’ with a high-confidence modeled or experimentally protein structure, and c) share
similar ligand preferences (including, but not limited to, formal charge, cLogP, and molecular
weight). One pain polypharmacology pairing prioritized is SERT-pOR, and there is some
precedence for pain polypharmacology ligands for these in the literature (/8, /9). When comparing

the binding site, the are similar with key recognition of cationic ligands by D98 in SERT and D147
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in pOR. SERT ligand recognition is primarily driven by hydrophobic interactions and pi-pi
interactions with F335, F341, and Y176, along with additional hydrophobic residues A169, V343,
and L443 in the pocket. pfOR has hydrophobic residues to complement those in SERT, such as
Y 148 which is proximal to the D147 in pOR as Y176 in SERT is with D98, Y326, W133, W318,
and many valines and isoleucines. pOR also has more hydrophilic residues primed for hydrogen
bonding in the binding site whereas SERT has less available to be similarly exploited. The
experimental crystal structures were solved in SERT with a small molecule and in pOR with a
small synthetic peptide causing the pOR site to be larger. Other pOR small molecule-bound
experimental structures have been determined and may be considered for a more compatible

template with SERT. (Fig. 5.6A-B).

The above analysis discussed above was also applied with SERT-pOR (Fig. 5.6C-E). The random
overlap with increasing database sizes remains low and constant, whereas the shared top-ranked
results do increase with database growth. When comparing the enrichment of the shared molecules
compared to the random overlap, the largest enrichment growths are seen at the mid-tier top-ranked
thresholds of 10 to 100 thousand similar to the polypharmacology model systems. For the 500
million database, the top 1 million to 50 million ranked results contains 420 thousand to 12 million
shared molecules. This will be the first prospective case where these molecules are filtered as
normally performed in a single target docking screen and then selected for synthesis. It will be

determined here how many remain viable at two targets compared to on a single target alone.
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5.3 Discussion

From this retrospective analysis, notable conclusions emerge. First, the number of molecules
shared in top-ranked docking results between pairs of polypharmacology model systems increases
as databases increase from 10 thousand to 500 million (Fig. 5.2). This increase appears to be
greater than the chance for random overlap (Fig. 5.1), indicating continued expansion of the
chemical databases would be beneficial to increasing the number of shared molecules for potential

selection for synthesis and purchasing.

Second, the largest enrichment of molecules compared to random is at the middle tiers of top-
ranked results, usually 10,000 to 100,000 and not at the highest top-ranked threshold of 1,000 nor
the lowest at 10 to 50 million (Fig. 5.3). This aligns with previous work (/7), showing the larger
databases improve DOCK scores in the very-top-ranked results, in that the polypharmacology
enrichment would be negatively impacted and thus the top 1 or 5 thousand results would not see
the highest polypharmacology enrichment. Also in previous work (12, 13), the experimental hit
rate falls as you go down the docking ranked list by DOCK energy. The analysis here does not
look past the top 10% ranked molecules with this decrease in ‘hit’ prevalence. It is promising the
polypharmacology enrichment is not occurring at the highest rate for the top-ranked 10 or 50

million subsets as it likely approaches the region of hit rate decrease.

Third, the same analysis applied to the prospective pair of SERT-pOR reveals similar trends as

observed in the polypharmacology model systems (Fig. 5.6). In contrast to the model systems,

these top-ranked results will be filtered, selected for 3D-complementarity against the two targets,
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and purchased for make-on-demand synthesis. These results will extend the retrospective analysis

towards a case study of using molecular docking for polypharmacology ligand discovery.
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5.4 Future Directions

Finally, future directions are discussed here for the most immediate work to follow the culmination
of this overall dissertation. For the retrospective analysis, this will be considered against the
remaining model systems in Table 5.1. that move away from GPCRs and transporters. Additional
characterization of the top-ranked results will consider chemotypes rather than just identical
molecules, ensuring a large number of diverse chemical scaffolds are being enriched. We will also
see if any known polypharmacology-like ligands are appearing in the top-ranked results as a
positive control, and if those increase with database growth. We will also consider how many
shared molecules or chemotypes might be needed to pursue further filtering and selection of
compounds for synthesis. Finally, across the model systems we will explore how hit rates change

from a single target to a pair of targets.

For prospective polypharmacology for pain, we currently are pursuing the SERT-pOR system as
well as aoAAR-SERT and a2aAR-pOR. All three receptors have implications in pain, recognize
similar cationic ligands, and have successful single target docking campaigns in which we can
build off. Following these case studies, using molecular docking for polypharmacology discovery
could be applied in other disease states where perturbations of multiple proteins is beneficial over

a single target, including chemotherapy, antibiotic, antiviral, and other psychiatric therapeutics.
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5.5 Figures
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Figure 5.1. Random overlap of shared top-ranked molecules are not enriched with database
growth. Polypharmacology model systems SHT2aR-D2R (A), pOR-«OR (B), and SERT-DAT (C)
with database growth from 10K to 500M molecules. The number of shared molecules at different
thresholds (1K to 50M) of randomized docking data does not increase as databases grow.
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Figure 5.2. The number of shared top-ranked molecules increase with database size.
Polypharmacology model systems SHT2aR-D2R (A), pfOR-kOR (B), and SERT-DAT (C) with
database growth from 10K to 500M molecules. The number of shared molecules at different
thresholds (1K to 50M) of top-ranked docking data increases with database growth.
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Figure 5.3. Enrichment of shared molecules is greatest at mid-top-ranked docking results.
Polypharmacology model systems SHT2aR-D2R (A), pOR-kOR (B), and SERT-DAT (C) number
of shared molecules enriched over random overlap increases as databases grow. The largest
increase is at the 10K to 500K top-ranked molecules.
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Figure 5.4. Docking results in the top-ranked percent thresholds increases with database size.
Polypharmacology model systems SHT2aR-D2R (A), pOR-kOR (B), and SERT-DAT (C) with the
percent shared of top-ranked molecules in different thresholds of percent (0.01% to 10%) increases
with database growth.
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Figure 5.5. Enrichment of shared molecules over random reaches a plateau at different
thresholds of percent top-ranked results. Polypharmacology model systems SHT2aR-D2R (A),
HOR-kOR (B), and SERT-DAT (C) show increased enrichment of shared top-ranked molecules
compared to random until a plateau is reached with each subset. Raw data located in Table 5.S2.
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Figure 5.6. Database growth analysis with prospective polypharmacology pair SERT-pOR.
Binding sites of experimental determined structures for SERT bound to ibogaine (A) and pOR
bound to DAMGO (B). Residues within SA are shown as sticks. Salt bridge indicated with dashed
line in both protein-ligand complex. (C,D,E) Polypharmacology analysis with increasing databases
show similar trends as model systems.
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5.6 Tables

Table 5.1. Polypharmacology model systems.

Protein Ligand with Binding site Binding site Protein
pair polypharmacology identify (%) similarity (%) similarity
SHT2AR | Risperidone, atypical 62 77 60
D2R antipsychotic
MOR Morphine, analgesic 74 96 69
KOR (or Bup)
SERT Duloxetine, 83 92 74
DAT antidepressant
DHFR Methotrexate, 44 67 na
TS chemotherapy
EGFR Lapatinib, 94 100 63
HER2 chemotherapy
HDAC2 Vorinostat, 70 88 66
HDACS8 chemotherapy

na, not applicable
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Table 5.S1. Enrichment of shared molecules linear regression results.
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Table 5.S2. Fold enrichment of top-ranked percent thresholds over random.

SHT2AR-D2R
Database size Top-ranked threshold
Top 0.01% Top 0.1% Top 1% Top 10%
10K na na na 0.0
50K na na na 0.1
100K na na 0.1 0.7
500K na na 0.7 7.5
IM na 0.2 2.6 5.7
SM na 4.2 38.4 5.4
10M 0.7 17.0 30.5 5.4
50M 20.6 177.1 28.8 5.4
100M 72.9 141.0 28.8 5.4
500M 779.4 136.0 28.7 5.4
MOR-KOR
Database size Top-ranked threshold
Top 0.01% Top 0.1% Top 1% Top 10%
10K na na na 0.0
50K na na na 0.1
100K na na 0.1 0.7
500K na na 0.7 7.5
IM na 0.2 2.6 5.7
SM na 4.2 38.4 5.4
10M 0.7 17.0 30.5 5.4
50M 20.6 177.1 28.8 5.4
100M 72.9 141.0 28.8 5.4
500M 779.4 136.0 28.7 5.4
SERT-DAT
Database size Top-ranked threshold
Top 0.01% Top 0.1% Top 1% Top 10%
10K na na na 0.0
50K na na na 0.1
100K na na 0.1 0.7
500K na na 0.7 7.5
IM na 0.2 2.6 5.7
SM na 4.2 38.4 5.4
10M 0.7 17.0 30.5 5.4
50M 20.6 177.1 28.8 5.4
100M 72.9 141.0 28.8 5.4
500M 779.4 136.0 28.7 5.4

na, not applicable
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5.7 Materials and Methods

Model system characterization

For protein binding site identity and binding site similarity, the pair of receptors were aligned and
residues within 5 A of the antagonists were used for calculations. Binding site identity was
determined by the number of residues identical/total binding site residues. Binding site similarity
classified residues into the following groups: 1) nonpolar, aliphatic amino acids: Gly, Ala, Val,
Leu, Met, Ile; 2) polar, uncharged amino acids: Ser, Thr, Cys, Pro, Asn, Gln; 3) aromatic residues:
Phe, Tyr, Trp; 4) positively charged: Lys, Arg, His; and 5) negatively charged residues: Asp, Glu.
The percent similarity was determined by the number of similar residues/total binding site
residues. BLAST (20) of the two protein sequences was used to determine overall protein

similarity.

Molecular docking

The 5SHT2aR with risperidone (PDB code 6A93) (27), D2R with haloperidol (PDB code 6LUQ)
(22), and DAT with cocaine (PDB 4XPB) (23) were used for docking calculations. SERT (10),
HOR and «OR (24) setups were used from previous work. Receptors were protonated with
REDUCE (25) for DAT and in Maestro (version 2019-4, Schrodinger, Inc.) for DR and SHT2aR;
the latter two were also minimized in Maestro Protein Preparation Wizard protocol using OPLS4
force field. Control calculations used [UPHAR-BPS database (26) annotated antagonists and
property-matched decoys (//), and were optimized by logAUC and quality of docked poses, as
described before (27). 900 M ZINC22 (16) screen using DOCK3.8 were performed for all 6
receptors with 613 to 840 million scoring on each receptor. All molecules that received DOCK

scores were used for database simulations.
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Retrospective Simulations

The docking results for each receptor were shuffled 20 times. From those, subsets of 10,000 to 5
million molecules were selected to simulate database growth. The ‘random subsets’ for each
database were selected at random for 1,000 to 50 million (if possible). Each database was sorted
by DOCK scores (most negative = top-ranked). The top-ranked subsets were selected for 1,000 to
50 million molecules (is possible). Only up to the top-ranked 10% is evaluated, except for the 500
million database, where up to 20% is used to enable linear regressions of the log-log plots. All of
this was done for each single receptor. Then overlap in the results for the pairs of receptors were
identified, SERT-DAT, SHT2aR-D2R, pOR-kOR, and prospective pair SERT-pOR. Simple linear
regressions were run on data in log-log plots to determine the slopes for comparison of different

datasets using GraphPad Prism (v. 9.1.1).

Code availability
DOCK3.8 is freely available for non-commercial research; commercial licenses available from the

UC Regents. Open-source web-based DOCK is located at http://blaster.docking.org.
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