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1 Methods

1.1 Homology modeling

A detail analysis of all possible homologous structures to GlyT2 was initially performed.
For our homology modeling we used both the Prime package of Schrodinger software and I-
TASSER server. Recently obtained high resolution X-ray structures of Drosophila dopamine
(pdb id: 4xpt) and human serotonin (pdb id: 5i6x) transporters were employed as templates
[1, 2]. They shared higher similarity compared to the older bacterial (Aquifexr aeolicus)
structure of leucine receptor (pdb id: 3f3a). The later showed only 22% identity to GlyT2
whereas the pdb id 4xpt and 5i6x structures have 42% and 38% similarity, respectively. For
the aim of our study, the identity of amino acids in the glycine binding site was also very
important. For instance, the serotonin transporter has a 68% identity with GlyT2, which
was much better than that of the bacterial leucine transporter (41%). In summary, several of
the previous models of glycine transporters have been based on the leucine receptor structure
but they should be used with caution. For instance, pdb id 3f3a is populated with more than
one ligand, which can produce significant changes in LBD, and also the similarity of helix
12 (H12) is less pronounced to GlyT2 than those of serotonin and dopamine transporters. A
chimeric model was used in Prime. After comparison of the Ramachandran plots and visual
inspection the I-tasser model was used as an input for our further MD simulations.

1.2 Molecular dynamics

All molecular dynamics (MD) simulations were carried out using the Amber 16 program
[3]. CHARMMS36 force field (FF) was used for the calculations of the apo transporter
form and those bound with glycine (holo form). The GlyT2 was enabled embedded in a
POPC membrane by the CHARMM-GUI membrane builder webserver (charmm-gui.org)
[4]. Membrane orientation was obtained by OPM server [5] and was essentially same as
for serotonin, which was used also for a control run, and dopamine transporters. Default
parameters were employed for both heterogeneous lipids creation. Water thickness of 17.5A
and 0.15M NaCl ion concentration were used. Simulations with NaK were also provided in
order to examine potential difference in Nat and K+ at the 3¢ sodium binding site. These
was mixed model with Na and K ions keeping the system neutral. The number of these ions
was automatically chosen by CHARMM-GUI membrane builder server. The system size
was X=99 A, Y=99 A and Z=152 A and it contained about 98 000 atoms for both the apo
and holo forms. The glycine parameters as calculated by CHARMM General Force Field
(CGenFF) were employed. We used the default relaxation times, as generated for Amber
software, by CHARMM-GUI but used friction coefficient of 2 ps-1 in order to allow higher
temperature (T=303.03K) fluctuations. The non-bonded cutoff was set to 12 A whereas the
force-based switching was 10 A. For these calculations the MC Barostat was used for the
pressure control. After 8000 steps minimization (2500 with the conjugate gradient method),
five equilibration steps were executed and five independent 500-ns-long production runs were
performed for each system. Finally, based on all of these 2.5us MDs we retrieved both average
and cluster (center of the most populated cluster) structures for GlyT2 transporter, which
were used for our further analysis, VS and FEP+ calculations. However, for identified hit



compounds we executed simulations with Amber14SB, along with Lipid 14, and GAFF2
force fields [3]. The reasons were: 1) comparison of the structures produced by different
FFs, which would provide more confidence about the quality of obtained structures and
2) GAFF2 seems to perform better during ligand-protein MD simulations according to our
experience. Another difference is that for these calculations we used Berendsen instead of MC
Barostat because of our recent results [6] showing that the MC Barostat should be used with
caution for ligand sampling in similar systems. For these MD runs, the systems were energy-
minimized in two steps. First, only the water molecules and ions were minimized in 6000
steps while keeping the protein and ligand structures restricted by weak harmonic constrains
of 2 keal mol-1 A-2. Second, a 6000 steps minimization with the conjugate gradient method
on the whole system was performed. Furthermore, the simulated systems were gradually
heated from 0 to 310 K for 50 ps (NVT ensemble) and equilibrated for 3 ns (NPT ensemble).
The production runs were performed at 310 K in a NPT ensemble. Temperature regulation
was done by using a Langevin thermostat with a collision frequency of 2 ps—1, and the
pressure regulation via Berendsen barostat. The time step of the simulations was 2 fs with
a non-bonded cutoff of 8 A using the SHAKE algorithm [7] and the particle-mesh Ewald
method [§]. In both Charmm and Amber simulations we used TIP3P water model. Two
independent 250-ns-long production simulations were executed for all of the hit compounds
complexed with GlyT2.

1.3 Virtual screening approach

The structural and ligand-based in silico screens are of great help during drug discovery
nowadays, and their combination has been shown to provide better results than using a
single approach. However, many targets have not had any ligands discovered, thus making
this combination impossible.

In the current study we tested whether the recently introduced structural based phar-
macophore approach in Phase software (Schrodinger package) in combination with docking
followed by rescoring with the new Glide-SP scoring function can achieve reasonable virtual
screening (VS) results. These methods were also tested in our lab on the full (102 targets)
DUD-E benchmark. Surprisingly, we found that the structure based pharmacophore hy-
pothesis created by the docking of more than 600 small fragments (the default number in
Phase) performs well for most of the targets with an average active ligand recovery rate of
10-15% during the first 10% database screen [9] (see Figures and for examples). The
MD prepared structures further increased these values. These results are equal to the ligand
based pharmacophore virtual screening. The docking technique performed much better on
DUD-E set. Early enrichment performance shows on average of about 30% of known actives
are recovered in screening the top-ranked 1% of recovered decoys, similarly to the previous
DUD-E test results. Further, an improvement of the Glide-SP scoring function, as it is also
claimed on Schrodinger website, was confirmed as it is shown on the ACE test target, which
usually produced unsatisfied results previously (Figure S17). However, the main aim of a
real drug discovery project is the very early enrichment performance, i.e. how many active
compounds will be discovered between the first 10 to 50 ligands, which we call here also suc-
cess rate (SR) or efficiency (EF). According to our data the combination of these methods
achieves an impressive result of nearly 75% success rate for all 102 targets, even reaching



often 100%, for the top 10 ligands [9]. Based on our data we developed a new VS protocol
using the top 1% of the pharmacophore search (3.5 million ”lead-like” ZINC compounds in
our case, which were available to download during the execution of the study) as an input
to the docking and scoring by Glide-SP (35,000 ligands). All calculations were performed by
the Schrodinger’s Phase and Glide software packages as implemented in Schrodinger 2017-3
suite [I0]. We hope that our approach will be in help during the drug discovery projects
and in particular in a case that no know ligands are available for the studied protein. The
aforementioned short description provides only some brief introduction to our approach, and
a detailed paper about the topic is underway. Figures S15, S16 and S17 are in support to
the idea that the combination of structural pharmacophore and docking methods is a good
strategy which should be further tested, which has been done also in our study. However,
as this methodology and results were based on X-ray data [9], for us it was also interesting
to find out to which extent it would be applicable for generated by homology modelling
structures as in the case of GlyT2 transporter. As it is evident from the achieved in this
study hit rate of 75 percent it seems that this approach can be successfully applied in a real
hit discovery VS projects. For more description see also the results and discussion part of
the paper.

1.4 Pharmacophore, regular and induced fit (IFD) docking

As it was described above we used the combination of structure-based pharmacophore and
docking approaches as they are implemented in Schrodinger Suite 2017-3. For both of these
methods the default settings were employed. Exceptions were that during pharmacophore
search all points match (4 from 4 pharmacophores (Figure 4)) were requested whereas during
the docking we kept 10 000, instead of 5000, initial docking poses and the rewards of in-
tramolecular H-Bonds were employed as an option (Figure S18). The ligand-protein H-bond
reward was included by default in the Glide scoring function. Thus, we focused on ligands
which are more capable to make H-bonds with the key residues such as Tyr232 and Ser473.
The induced Fit Docking (IFD) [I1] were also performed using the default settings but either
an increased accuracy to XP docking mode or enhanced sampling option were also used to
test results stability. This was done in order to investigate if other docking poses can be
obtained when using a different settings.

1.5 Metadynamics refinements of IFD solutions

Metadynamics refinements of the IFD output poses is an important step in order to find
the accurate binding pose. Very often the regular IFD suggests variety of docking solu-
tions which are similar to two major conformation of the ligand; in our case the aromatic
ring conformation rotated by 180 degree. On the other hands the advanced MD sampling
techniques, such as accelerated MD (aMD) and metadynamics, provide a good opportunity
the most likely binding mode to be recovered [12 6]. In current study we used recently
suggested approach based on execution of several independent metadynamics simulations
and then scoring the ligand docking poses by observed ligand-protein interactions during the
simulations course [I12]. This protocol is now implemented in Schrodinger suite and can be
automatically performed. We used the default settings for these calculations. Essentially,



8 independent 10-ns-long metadynamics simulations were executed for selected two possi-
ble conformations and the pose scores were retrieved as previously suggested (Figure
[12]. For a final screening, we combine the RMSD stability and hydrogen bond persistence
measures, obtained from the metadynamics trajectories into a scoring function whose pa-
rameters have been optimized using the data from the 42 test cases discussed in [12]. For
instance, the stability of Hit 1 for the two likely poses were almost same (after 4ns the
RMSD was below 0.2A) but the H-bonding, persistence was better for the pose one. We
selected the better ranked pose from the metadynamics (represented in blue color in Figure
based on its lower score for further MD simulations In the same case the order of the
rank was changed and the ranked by IFD top compound became second position after the
metadynamics refinement.

1.6 Free energy perturbation FEP+ calculations

All calculations have been conducted using the Schrodinger molecular modelling suite 2017-3
[T0]. Free energy perturbation calculations were performed using the FEP+ methodology,
which combines the accurate modern OPLS3 force field [13], GPU-enabled high-speed molec-
ular dynamics simulations with Desmond MD package [14] , the REST algorithm for locally
enhanced sampling [15], a cycle-closure correction [16] to incorporate redundant information
into free energy estimates. The FEP+ calculations were based on the aforementioned MD
obtained structures and were conducted using the default protocols: The systems were sol-
vated in an orthogonal box of SPC water molecules with buffer width (minimum distance
between box edge and any solute atom) of 5 A for the complex and 10 A for the solvent
simulations. The full systems were relaxed and equilibrated using the default Desmond re-
laxation protocol, consisting of an energy-minimization with restraints on the solute, then 12
ps length simulations at 10 K using an NVT ensemble followed by an NPT ensemble. A total
of 12 X\ windows were used for all calculations. Replica exchanges between neighbouring A
windows were attempted every 1.2 ps. Finally, for the actual FEP+ pre-REST (prior REST)
and REST calculations we employed our new FEP+ sampling protocol which demonstrated
superior results especially with MD derived structures [6, [I7] . Thus, for these FEP+ simu-
lations we employed 2x10 ns/\ pre-REST and 8 ns/A REST calculations. We analyzed the
convergence of the free energies (deltaG) during the course of our FEP+ calculations. All
calculations were run on Nvidia Pascal architecture GPUs (cluster of 8xGTX 1080Ti GPUs).

1.7 ADMET

All ADMET calculations were performed by QikProp as implemented in Schrodinger suite
2017-3 [10]. QikProp predicts the widest variety of pharmaceutically relevant properties -
octanol/water and water/gas log Ps, log S, log BB, overall CNS activity, Caco-2 and MDCK
cell permeabilities, log Khsa for human serum albumin binding, and log ICs, for HERG
K*-channel blockage - so that decisions about a molecule’s suitability can be made based on
a thorough analysis. QikProp bases its predictions on the full 3D molecular structure; unlike
fragment-based approaches, it can provide equally accurate results in predicting properties
for molecules with novel scaffolds as for analogs of well-known drugs.



The ADMET profile of Hitl is not optimal and should be optimized. It does not show
either some activity pertinent to CYP, HERG K+, androgen and estrogen receptors, or PgP
as predicted by our calculations, but features not good membrane permeability, orally ab-
sorption, and water solubility as well as a logBBB ratio of 3. However, after FEP+ guided
lead optimization currently underway in our lab, this hit may be relatively easy transformed
to a promising preclinical drug candidate. The computational ADMET profiles of the com-
pounds were attached as separate excel sheet as part of the Supporting Information. We
also speculate that due to the presence of the carbonyl group in Hitl as a key functional
group in the interactions with the first sodium ion and the binding as a whole, as in the case
of ALX1393, this inhibitor will be reversible (not like Org-25543) and thus will not produce
undesired toxic affects due to decreasing GlyT2 expression levels [I8]. This is also supported
by our MD calculations (Figure S4 and Movie S1), which clearly indicated that the first
NA+ unbinding leads also to the Glycine unbinding due to the loss of Carbonyl-Sodium
interactions. The calculated Hit2 ADMET profile was superior, indicating superior BBB
penetration and no significant interactions with major proteins that can produce side ef-
fects. Additional selectivity screening against the remaining members of these transporters
and an additional optimization will be necessary. We are continuing these efforts toward
improved drug development for chronic pain management.

1.8 Development of an in-vitro cell system for screening of small
molecules

GlyT2

To set up a cell assay for screening and testing of GlyT2 inhibitors, we cloned the human
GlyT2 gene into the expression vector pcDNA3.1 and used it for transfection and selection
of porcine endothelial aortic (PAE) stable cell lines. We selected PAE cells as our preferred
model cells because the cells firmly attach to the plastic and do not overexpress ectopic
proteins, Moreover, they are flattened which allow easy visualization of the plasma membrane
by conventional fluorescence microscopy. After selection of stable cell lines, we analyzed the
localizatiporters in PAE cells, we measured [3H] Glycine uptake over different concentrations
of substrate (Figure 4B). The cell line exhibited specific transport defined as the difference
between [3H| Glycine uptake from GlyT2 cells minus parental PAE. This kinetic analysis
shows a Michaelis-Menten behavior with an affinity for glycine of 12.3 uM and a Vmax of
8.2 nmol/min/mg (Figure [S7). These results together validate that this cell line has the
correct localization and good quantities of functional GlyT2, making this cell line ideal for
screening of a novel class of specific inhibitors.

GlyT1

Porcine Aortic Endothelial (PAE) cells stable cell lines expressing mouse GlyT1la were
grown in 24-well plates with a high confluency of 90-100 percent. First, confluent cells
were washed twice with 0.25mL of reaction buffer (10mM HEPES pH 7.4, 135mM NaCl,
2mM KCI, ImM CaCl2, ImM MgSO4 and 10mM glucose). After washes, we added 0.25mL
of reaction buffer with 4 Ci of [3H] glycine per mL, and a final concentration of 500 M
of cold glycine along with the inhibitor in different concentrations for 10 minutes at 37C.
After 10 minutes, we terminated glycine uptake by washing the cells twice with 0.25mL of



cold reaction buffer without [3H] glycine and glucose. Lastly, we extracted [3H] glycine by
incubating the cells with 0.25mL of 0.2N NaOH for one hour at room temperature. Then,
we proceed to measure protein concentration using the Bradford method. Glycine uptake
was measured using scintillation spectroscopy and glycine specific transport was calculated
by subtracting the transport of wild type PAE cells.



2 Figures
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Figure S1: 2D representation of Glycine-GlyT2 interactions as identified by our MD studies.



Figure S2: 3D representation of the 3" sodium binding site.
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Figure S3: (a) 3D and (b) 2D representation of the K+ ion position in the 3" sodium binding
site.
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Figure S4: Identified unbinding path of the second Na™ ion in GlyT1.
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Figure S5: Identified unbinding paths of the second Cl~ ion in GlyT2. With white arrows
are shown the unbinding paths of Cl~ (left) and neighboring first sodium ion.
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Figure S6: Metadynamics IFD pose prediction results for Leadl. Two docking possess, with

rotated by 180 degree aromatic ring, were submit for these calculations and most likely pose
was revealed by these runs.
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Figure S7: Stable expression of the human GlyT2 and GlyT1b in PAE cells. (A) Cells
were fixed with 4% paraformaldehyde followed by staining with anti-GlyT1 or anti-GlyT?2
antibodies and CY3-conjugated secondary antibodies. (B) The GlyT2 cells were subjected
to uptake assay and the kinetic constants calculated with Sigma Plot 12 software.

H2N 1,, COOH

O O 5

L

OH

F (b) ALX5407

(a) ALX1393

Figure S8: Structural representation of (a) ALX1393 and (b) ALX5407. Note that these
compounds and discovered herein hits have a COOH group, which interacts with the first
NA+ ion, wheres in the irreversible Org-25543 inhibitor it is not present.
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GlyT1a activity with ALX5407 inhibitor
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Figure S9: Inhibition curves of GlyT1 activity by ALX5407 inhibitor.We obtained sigmoidal
curves and calculated IC50 values via Sigma Plot.
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Figure S10: Inhibition of GlyT1 activity by Hit1.
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Figure S11: Inhibition of GlyT1 activity by Hit2.
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Figure S12: Inhibition of GlyT1 activity by Hit3.
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Figure S13: 3D representation of Hit 3-GlyT2 interactions as identified by our MD studies.
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Figure S14: 3D representation of Hit 2-GlyT2 interactions as identified by our MD studies.
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Figure S15: An example of structural based pharmacophore screen results obtained by Phase
software (Schrodinger package version 2017-3) on DUD-E. The random selected targets on

the figure show a reasonable results.
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Figure S16: An example of the combination between structural based pharmacophore and
docking screen results obtained by Phase and Glide software (Schrodinger package version
2017-3) on DUD-E. The random selected targets on the figure show an impressive result.
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Figure S17: An improved Glide-SP scoring function was detected based on ACE test case
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