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Abstract

This thesis focuses on simulating large molecular systems within and beyond the
Born-Oppenheimer framework from first principles. Two approaches have been

developed for very different but important applications.

The first one is a hybrid method based on classical force fields that predicts the
high-energy ensemble of three-dimensional structures of a class of proteins critical
in human physiology: the G protein-coupled receptors (GPCRs). GPCRs’ functions
rely on their activation marked by a series of conformational changes related to
binding of certain ligands, but the short of experimental structures has hampered the
study of their activation mechanism and drug discovery. Our method, combining
homology modeling, hierarchical sampling, and nanosecond (ns)-scale molecular
dynamics, is one of the very few computational methods that can predict their active-
state conformations and is one of the most computationally inexpensive. It enables
the conformational landscape and the first quantitative energy landscape of GPCR

activation to be efficiently mapped out.

This method, named ActiveGEnSeMBLE, allows the inactive- and active-state con-
formations of GPCRs without an experimental structure to be systematically pre-
dicted. We have validated the method with one of the most well-studied GPCRs,
human g, adrenergic receptor (h3,AR), and applied the method on a GPCR without
an experimental structure, human somatostatin receptor 5 (hSSTRS). Insights on

GPCR activation as well as structure prediction methods are discussed.

The second one is a semiclassical approach for large-scale nonadiabatic dynamics of
condensed systems in extreme conditions, termed Gaussian Hartree Approximated
Quantum Mechanics (GHA-QM). Many nonadiabatic processes related to important
applications (e.g. renewable energy) happen in large systems, but existing excited
state dynamics methods are too computationally demanding for their long timescale
simulations. GHA-QM is based on the electron force field (eFF) framework where
we model electrons as Gaussian wavepackets and nuclei as classical point charges,
and obtain a simplified solution to the time-dependent Schrodinger equation as the
equation of motion. We employ a force field philosophy approximating the total
energy as a sum of electronic kinetic energies, electrostatic energies and a Pauli
correction, which corrects for the lack of explicit antisymmetry in the wavefunctions.

New designs of the Pauli potential and preliminary results on hydrogen systems are



vi

discussed. With the new development, we hope to improve the accuracy and range of
applications of eFF to simulate the nonadiabatic dynamics of hundreds of thousands

of electrons on nanosecond timescale.
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Chapter 1

Introduction

Large and complex chemical systems are ubiquitous in nature, and the understanding
of these systems is critical for the scientific and technological development in some
of the most important areas of the society, such as human health and renewable
energy. Theoretical and computational studies of such systems are essential in
advancing these areas, because they complement experimental studies and are able

to provide insights and key information that experiments cannot provide.

Developments in physics-based models and computing technology have enabled
computational studies of systems people could not imagine being able to study not
many years ago, but the simulation of large molecular systems and long timescale
processes remains one major challenge in the field of computational chemistry. The
ab initio quantum chemistry methods are relatively accurate but computationally
expensive, while the classical force fields are computationally cheaper but not as

accurate, and not able to provide electronic structures.

In addition, there are systems (Case 1) that have a large number of atoms under-
going processes that span a large timescale, whose dynamics are challenging to be
simulated even using classical force fields. There are also systems (Case 2) that
have a size acceptable for a reasonably-long classical simulation, but the nature of
the processes requires methods that take quantum effects into account, and existing
quantum mechanical, mixed quantum-classical or semiclassical methods are either

expensive or not accurate enough, or both.

In this thesis, two computational approaches that respectively aim at dealing with

these two aforementioned cases and their applications will be discussed.

The first one greatly extends the scope of structure prediction and mechanistic study
of a class of membrane proteins called the G protein-coupled receptor (GPCR),
that are "large and slow". When the focus is on a specific system, one could take
advantage of certain features specific to the system to make the simulation more

efficient, and this is the general idea of our approach.

GPCRs exist in many organs of the human body, and play indispensable roles in

human physiology, including but not limited to the senses of vision, taste and smell,
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mood regulation, cell growth and death, hormone secretion, and immune system
regulation. Therefore, they are important drug targets, and 30%-40% of drugs on
the market target on them. However, only ~30 of the ~800 human GPCRs have
three-dimensional (3D) atomistic structures available. In addition, these proteins
are conformationally dynamic in the membrane, but this is very difficult to be
captured in x-ray crystallography. Most of the time they adopt conformations that
are called the inactive states, because these conformations are relatively lower in
energy. An agonist can promote the GPCR to more frequently adopt a collection of
conformations that can accommodate the binding with a G protein or other cellular
effectors such as a B-arrestin. These conformations are called the active states. Most
of the ~30 GPCRs that have experimental structures only have one inactive-state
structure available, and only 5 of them have an active-state experimental structure.
Therefore, there is a great potential for computation to help elucidating the different
conformations of GPCRs along their activation pathways, to study their activation
mechanisms, and to enable rational design of drugs targeting on them. Because of
the greater availability of inactive-state structures, predicting active-state structures
from inactive-state structures would be particularly valuable. However, the long
timescale for a GPCR to transform from its inactive state to active state poses
challenge for computation too. This long timescale means it is hardly feasible for
a brute-force molecular dynamics to take a GPCR from its inactive state to active

state.

To address this challenge, based on the GPCR Ensemble of Structures in Membrane
BiLayer Environment (GEnSeMBLE) method our group developed, we have de-
veloped a new hybrid computational method, ActiveGEnSeMBLE, that combines
homology modeling, hierarchical discrete screening of protein conformations, and
molecular dynamics (MD) simulations, and enables the prediction of active and
inactive GPCR structures systematically. Chapter 2 devotes to the development of
the ActiveGEnSeMBLE methodology and the validation of the method with exper-
imental GPCR structures. The concluding remarks of Chapter 2 also discuss the
outlook of the method from a higher level. Chapter 3 and 4 discuss the applica-
tion of ActiveGEnSeMBLE on a GPCR without an experimental structure, human
somatostatin receptor 5 (hSSTRS). Chapter 3 focuses on the analysis of the active-
state conformations of hSSTRS and the insights the analysis provides on GPCR
activation as well as GPCR structure prediction strategies. Chapter 4 focuses on the
structure prediction of hSSTRS inactive-state conformations and their binding with

antagonists. Chapter 2 and 3 are mainly based on the publication (/), and Chapter



4 is mainly based on the publication (2).

The second one has the goal of simulating the nonadiabatic electron dynamics of
large and condensed systems. These nonadiabatic processes are the pillars of some
important phenomena that hold the key to questions from fundamental science to
creating clean and renewable energy. Simulation methods for excited state dynamics
are not as well developed as ground state dynamics where the Born-Oppenheimer
approximation applies, especially for long timescale dynamics of large systems
with dense electronic states. Because of the requirements in both computational
efficiency and the description of quantum mechanical properties, a semiclassical
method such as the electron force field (eFF) is a reasonable starting point for large-
scale nonadiabatic dynamics. Based on the eFF framework, we have developed the
Gaussian Hartree Approximated Quantum Mechanics (GHA-QM) framework that
has a new and more complete description on the quantum mechanical contribution
to the total energy. Chapter 5 presents the motivation of the work, reviews the
first generation eFF and GHA-QM methods, and discusses our recent efforts on
improving GHA-QM.

GPCR and nonadiabatic dynamics relate in that there are GPCRs that can be photoac-
tivated through nonadiabatic transitions between adiabatic potential energy surfaces
(PESs). These GPCRs, called rhodopsin, have a covalently linked ligand (reti-
nal) that undergoes photoinduced isomerization that promotes the protein to adopt
active-state conformations and enables vision. The photoisomerization is a nonadi-
abatic process. Because GHA-QM is developed with different applications in mind
and has a mean-field assumption, in its current form it may not apply to rhodopsin
photoactivation. There have already been other methods that can better simulate
this process, so currently we do not see the urgency of developing a new method for

simulating photoisomerization in proteins.

The unifying theme of this thesis is to simulate large molecular systems and their
long-timescale processes. ActiveGEnSeMBLE can be viewed as an exploration
strategy of arugged ground state PES: The system is directly taken to sparsely spaced
grid points on the PES that cover a wide area of the PES, and then refinement of
the grid surrounding selected grid points allows the local minima satisfying certain
physical features to be efficiently discovered. A key ingredient is a selection rule that
is based on suitable collective variables specific to the system. GHA-QM, on the
other hand, simulates systems that nonadiabatic transitions between different PESs

constantly happen (a.k.a. the Born-Oppenheimer approximation breaks down) by
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taking a mean-field approach and doing wave packet dynamics of electrons, with
the total energy being the sum of electronic kinetic energy, electrostatic energy, and
a potential accounting for the Pauli exclusion principle. To sum up, this thesis has
covered the two major classes of problems in large-scale simulations, one within the

Born-Oppenheimer framework and the other one beyond it.
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Chapter 2

Predicting the Conformational and Thermodynamic Landscape of G
Protein-Coupled Receptor (GPCR) Activation: Development of
ActiveGEnSeMBLE

This chapter is based on the following publication:

Dong, S. S.; Goddard, W. A.; Abrol, R. "Conformational and Thermodynamic
Landscape of GPCR Activation From Theory and Computation". Biophys.
J., 2016, 110 (12), 2618-2629. doi: 10.1016/j.bpj.2016.04.028

2.1 Introduction

G protein-coupled receptors (GPCRs) play critical signaling functions for numer-
ous cellular processes, making important targets for therapeutics. Developing such
therapeutics is complicated because the activation of GPCRs that is integral to their
function involves multiple distinct conformations along the pathway for activation.
Moreover, some GPCRs are capable of activating more than one intracellular (IC)
pathway,(/) making it essential to identify multiple active conformations possibly
involved with different functions. In order to understand GPCR activation mecha-
nisms and to carry out structure-based drug design, it is necessary to obtain accurate
three-dimensional structures for each of these important conformations. This creates
a huge problem for structure determination experiments, since it requires stabilizing
each of these structures sufficiently to have an ordered crystal. Indeed, despite huge
efforts and remarkable experimental breakthroughs, there are experimental struc-
tures for only 4% of the ~800 human GPCRs. Of these most are for an inactive
conformation and only 5 are for active-like conformations (when this paper was
published in June 2016, there were only 4). In addition, among those 5 GPCRs with
both the active and inactive structures crystalized, only one (rhodopsin) has more

than one active experimental structure.

There is a huge potential role for theory and simulation to fill in this crystal structure
gap for GPCRs. However, there are major problems using theory to predict the
activation of such complex membrane bound proteins. Millisecond-long molecular
dynamics (MD) simulations have not been successful in following activation from

an inactive state to an active-like state along an activation pathway. In addition,
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the sequence homologies between different GPCRs are low to get structures for all
the remaining GPCRs, most of which would be only possible for inactive struc-
tures. To begin to address this problem, we had developed the GEnSeMBLE (2)
method to predict the ensemble of low energy (stable) 3D structures of GPCRs.
This method has successfully predicted the structures for several Class A and Class
B GPCRs: C-C chemokine receptor type 5 (CCRS),(3) adenosine A3 receptor
(AA3R),(4) cannabinoid receptor type 1 (CB1),(5) taste receptor type 2 member
38 (Tas2R38),(6) olfactory receptor 1G1 (OR1G1),(7) glucagon-like peptide 1 re-
ceptor (GLP1R),(8) prostaglandin D2 receptor (DP).(9) Most of the predictions are
for inactive state structures, but we were able to predict and validate active state
structures of AA3R(4) and CB1.(5)

The GEnSeMBLE methodology starts with several template configurations spec-
ifying the initial helix packing (helix locations, tilts and rotations) for the seven
helical transmembrane domains (TMDs) based either on an experimental structure
of a similar GPCR or based on a previous predicted structure. Then we consider
all possible simultaneous rotations by multiples of 30° about the helical axes for all
seven TMDs. We estimate the energies of all 127 ~ 35 million rotations by calculat-
ing the energies for all combinations of the 12 interacting pairs of helices (BiHelix),
including optimized side chains. We build the best 1000 of these conformations by
energy into seven-helix bundles with optimized side chains and then select ~20 of
the lowest conformations by energy for further consideration. This is done for all
plausible templates to identify which templates are best and which rotations best
accommodate the target sequence. This is followed by an exhaustive sampling of
simultaneous tilts and rotations of the seven helices (SuperBiHelix), leading to ~13
trillion helix tilts/rotation combinations. The energies for all 13 trillion conforma-
tions are again estimated by combining BiHelix energies to identify the best 2000
conformations, which are then built into seven-helix bundles for final side chain
optimization. From this list, the ~20 lowest-energy conformations are selected for

binding to different ligands and for further studies.(2)

Although exhaustive, this conformational sampling tends to be biased toward inac-
tive conformations since a) the available templates are mainly inactive, b) inactive
conformations usually have lower energy than active conformations and the pro-
cedure seeks lower energy structures, c) the agonist that might stabilize the active
configurations are not present during the reduction from 13 trillion to 20 structures.
Even so, GEnSeMBLE has successfully modeled some active GPCRs. In this pa-
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per, we propose a hybrid method, denoted ActiveGEnSeMBLE, that builds upon the
original GEnSeMBLE method to systematically predict multiple potentially-active
conformations of GPCRs. It utilizes a hierarchical sampling scheme that first sam-
ples conformations on a coarse grid followed by another conformational sampling
with a finer grid. In addition, rather than using only energy-based scoring, Active-
GEnSeMBLE method uses both structural and energy information to identify the
higher-energy candidates for active conformations that may reside in local energy
wells stabilized by appropriate agonists or other cellular effectors (e.g. G protein or

B-arrestin).

Herein we first validate the ActiveGEnSeMBLE method against experimental struc-
tures of GPCRs that have been obtained in active conformations with non-covalently
bound ligands: human $; adrenergic receptor (h3,AR),(10, 11) and human M2 mus-
carinic acetylcholine receptor (hM2),(12, 13). [The x-ray structure of the agonist-
bound mouse p-opioid receptor (mOPRM or pOR) stabilized with a nanobody(/4)
was not available at the time of this study, so we did not include it as a test case.]
Then we apply ActiveGEnSeMBLE to predict multiple active and inactive forms of
human somatostatin receptor subtype 5 (hSSTRS), which are discussed in Chapters 3
and 4. We selected hSSTRS because:

a. It plays an important role in anti-proliferation, hormone secretion, and human

diseases such as pancreas cancer;(/5)
b. There is no experimental structure available for use in drug development; and

c. A recent study identified hSSTRS as the most valuable template for homology
modeling of the non-orphan and non-olfactory class A GPCRs that constitute the
majority of this class of GPCRs.(/6)

2.2 Developing ActiveGEnSeMBLE for the systematic prediction of the GPCR
conformations along its activation pathway

Our original GEnSeMBLE method follows the following steps, described in detail

elsewhere:(2)

Step 1: Align the target sequence to the other GPCR sequences homologous up to
an Expect (E) value of 0.1, and use the PredicTM method to determine
the lengths and ranges of the helical hydrophobic core regions. Then use
secondary structure prediction servers to predict helical regions that might

extend beyond the hydrophobic core outside the membrane.



Step 2:

Step 3:

Step 4:

Step 5:

8

Generate the structures for the helical regions of the target receptor with
a variety of helical shapes using either (a) OptHelix which generates helical
shape using minimization and molecular dynamics; or (b) homology modeling
based on TMD from known GPCR crystal structures with high sequence

identity to the target protein sequence.

For each template-based structure (using OptHelix or homology helix shapes),
sample 127 ~35 million combinations of simultaneous rotations (n) of all
seven helices (using BiHelix), then select the best 1000 (based on energy)
to build full seven-helix bundles (CombiHelix) with optimized side chains.
From these conformations, select a few diverse structures with lowest pre-
dicted energies as the starting points for the subsequent simultaneous opti-
mization of tilt angles (6, ¢) and helix rotation angles (7). This SuperBiHelix
sampling generally involves (5x5x3)’ ~13 trillion combinations. We then
select the best 2000 that are then built into seven-helix bundles (SuperCom-
BiHelix) from which the best ~20 conformations are selected (by energy) as
the conformational ensemble that might play roles in GPCR function. These
20 conformations are then analyzed in terms of interhelical hydrogen bonds,
particularly whether there are salt bridges between different TMD including
the salt bridge interaction between domains TM3 and TM6, which is asso-
ciated with inactive conformations for many Class A GPCRs.(/7) Typically,
helix shapes based on homology lead to more stable conformations, except
for CB1 (5) and DP (9) where OptHelix was the best.

Use the DarwinDock/GenDock (18, 19) method to validate the predicted
GPCR structures by exhaustive sampling of poses of known agonists and
antagonists (including numerous torsional conformations) over possible bind-
ing regions. It involves assessing the contributions of binding from various
protein residues in the ligand binding cavity (cavity analysis) and often com-
parisons with the binding for a range of ligands (structure-activity relationship

analysis).

Use homology or Monte Carlo procedures to add the loops and the amino
(N-) and carboxyl (C-) terminal segments to the TMD of the predicted ligand-
GPCR structures and optimize the loops through annealing. Build these
complete predicted structures into the lipid membrane surrounded by explicit
water and salt (~60 000 atoms per cell) and carry out modest (10-50 ns)
of MD simulation to validate the stability of the predicted structures. The
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goal of the MD simulations is to allow water and ions to interact with the
ligand-protein complex to relax the predicted structures. Here we analyze the
changes in the strong interhelical interactions within the GPCR and strong
ligand-protein interactions. For a valid structure, we expect to gain new
interactions (sometimes due to water molecules) while not losing the original
strong couplings. Such short MD would not allow an inactive structure to

become activated.

Two GPCRs (rhodopsin and h3, AR) have reported crystal structures in which the
full or partial Ga subunit C-terminus of the G protein is bound to the IC side of
the GPCR. It is believed that these structures capture a stable GPCR active state.
Comparison of these active structures to their inactive state counterparts shows that
the active states have a different packing of the transmembrane (TM) helices and that
TM6 changes shape during activation. In h, AR, bovine rhodopsin (bRho), hM2
and mOPRM, the TM6 IC end moves horizontally away from its position relative
to TM3 in the inactive state with a residue near the hydrophobic plane as the pivot
point, resulting in the TM3-TM6 space on the IC side opening up by about 3-5
A (Table 2.1). Both experiment and previous predictions provide strong evidence
that each GPCR sequence may have multiple active states, with the active states

generally higher in energy (less stable) than the inactive state.(20)

These insights inspired a modification of Steps 2 and 3 of GEnSeMBLE to develop
the ActiveGEnSeMBLE method. In ActiveGEnSeMBLE, for Step 2, the template
for the homology model is based, in addition to an inactive-state crystal structure,
either on an available active-state crystal structure (for validation purposes only),
or on another model based on a hybrid template in which only TM6 comes from
an active-state crystal structure while the other 6 TMs (1 through 5, and 7) come
from an inactive-state crystal structure. In ActiveGEnSeMBLE, Step 3 of GEnSeM-
BLE is replaced by a two-step conformational sampling scheme for SuperBiHelix
that includes a coarse conformational sampling aimed at locating structures in the
active-state potential energy wells followed by a finer conformational sampling
starting from specific potential functionally-diverse conformations identified by the
coarse sampling. Coarse conformational sampling casts a wide net to catch confor-
mations that are potentially active. Specific conformations from coarse sampling
are identified along an activation coordinate by using a geometric criterion prior to
the energetic criterion as described below. Fine conformational sampling starting

from these conformations relaxes them in their local potential energy wells. We
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(lfIr)(geIl]r;) Protein Description | Coupled Protein | R3¢ (A) Rgz) - Rg’g (A)
hB,AR . G protein
(BSN6)(11) active heterotrimer 13.83 412
( 212’5123 5 0) inactive - 9.71 -
bRho active Ga C-terminal 11.44 3.69
(3PQR)(217) | (metarhodopsin II) fragment ' ’
bRho inactive i 775
(1U19)(22) (thodopsin) ' i
G protein
mimetic
hM2
active camelid 11.34 2.84
(4MQS)(13) antibody
fragment
( 3UI(1)1\1/§2) (12) inactive - 8.50 -
G protein
mimetic
mOPRM
active camelid 12.21 5.08
(SCIM)(14) antibody
fragment
(Lgl)?{lggj,) inactive - 7.13 -
(2}1?1? é‘;‘(l; 4 agonist-bound - 7.48 1.34
( 3?3?1%?(% 5) antagonist-bound - 6.14 -

Table 2.1: Comparison of Rz between inactive-state and active-state GPCR crystal
structures. R3¢ is the minimal approach distance between the backbone atoms of
the intracellular ends of TM3 and TM6, defined in Section 2.2. R3¢ of active state

.o p@),
structure is R36 ;

R3¢ of inactive state structure is Rgig.

contend that this procedure is much faster and more efficient than using a standard

MD simulation to identify and relax active-like conformations.

In summary, the ActiveGEnSeMBLE method (Figure 2.1) is as follows:

Step 1: Same as Step 1 of GEnSeMBLE.

Step 2: Same as Step 2 of GEnSeMBLE, except that we include a template based on

an active-state crystal structure (for validation purposes only) and a hybrid




11

Initial values of
(x,y,h,8,¢,n) and Inactive crystal structure template
helix shape
(Templates)

Coarse sampling of BiHelix/CombiHelix and
(8,9,n) for a rough Coarse SuperBiHelix/
potential energy SuperComBiHelix

surface /\

Identifying different Inactive structure: the Potentially active structure: lowest

energy wells by lowest energy structure energy with Rag > Ry + R
TM3-6 distance (Ry) | | with TM3-6 ionic lock 3“36\\
Replace TM6 with TM6
TM6 s_hape from mutated from active
active-state hB,AR template

template structure

Complete sampling of
n: BiHelix/CombiHelix
(optional)

v
Fine SuperBiHelix/SuperComBiHelix |

Fine sampling of
(6,%,n) to obtain
local minimum of |

each well
Seltectetd final InactiveConfs ActiveConfs  ActiveConfs
structures (Type 1) (Type 2)

Figure 2.1: Schematic view of ActiveGEnSeMBLE. R3¢ is the minimal approach
distance between the backbone atoms of the intracellular ends of TM3 and TM6,
defined in Section 2.2. Rglg is that of the inactive structure. R is a distance, usually

chosen around 4 A. Among all cases involved in this paper, the optional step was
only carried out for hRSSTRS structure prediction, and it was found to be unnecessary
as the final selected structures are the same as those without this step carried out.
The sampling space of BiHelix is An from O to 360° in 30° increments. If not
noted otherwise, the sampling space of Coarse SuperBiHelix is A6: 0, £15°; A¢: 0,
+45°, £90°; An: 0, £30°, selected angles from BiHelix/CombiHelix, starting with
the best from BiHelix/CombiHelix. The sampling space of Fine SuperBiHelix is
AG: 0, £15°% A¢: 0, £15°, £30°; An: 0, £30°. The active state template for TM6
is chosen to be h5; AR (PDB ID: 3SN6) in this study because it is by far the only
GPCR co-crystalized with a full G protein heterotrimer.

template based on the inactive-state template with an active-state TM6 for the

active conformation prediction.

Step 3.1: Sample the orientations of the helices using BiHelix/CombiHelix as in GEnSeM-
BLE followed by a coarse SuperBiHelix/SuperComBiHelix (A¢ from -90° to
90° in 45° increments; A8 =0, £15° and Anp =0, £30° as in GEnSeMBLE). In
contrast to GEnSeMBLE, in which we select the conformations correspond-
ing to 20 lowest-energy states for further analysis, in ActiveGEnSeMBLE
we measure the distance between the TM3 and TM6 IC ends (R36) of 1000
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lowest-energy structures generated during coarse conformational sampling.

We also measure R3¢ for the inactive-state template, and denote it as Rgé).

To select potential active-state structures from the coarse conformational sam-

pling we will search for the lowest-energy structure with Rz - Rgié) >4 A We

denote the selected structures S2.1 (for the case with hybrid or active-state

initial template) and S3.1 (for the case with inactive-state initial template).

Potential inactive-state structures from the coarse conformational sampling

(S4.1) are selected using the same criteria as those in GEnSeMBLE.

The definition of R3¢ and the rational behind its usage are as follows:

— Defining the distance between the TM3 and TM6 IC ends (R3¢)

We define R34 to be the minimal approach distance between the IC ends
of TM3 and TM6 backbone atoms. We do not define it as the distance

between the two residues 3.50 and 6.30 (denoted in the Ballesteros-

Weinstein numbering scheme)(26) that usually form a salt bridge in the

inactive-state crystal structure because pure rotations of TMs 3 and 6 can

increase the distance between these two (or any two) residues without

opening any space between the two TMs for Ga to couple to the receptor.

In order to calculate R3¢, we use the following algorithm:

i)

iif)

The GPCR is oriented such that its hydrophobic plane is in the x-y
plane (z=0), the extracellular (EC) end has positive z-coordinates,
and the IC end has negative z-coordinates. For the IC ends of
domains TM3 and TM6, the one with the less negative z-coordinate

value is named as shortTM, and the other one as longTM.

Select a range of neighboring residues ry, 1, ..., 1, starting from the
most intracellular residue of shortTM. In our example here we used
n = 4 because there are usually 4 residues per turn on a peptide
a-helix.

For each given residue rm selected in ii), determine the z-coordinate
zm for each of its backbone atoms. Calculate all distances between
the shortTM backbone atoms in rm and the longTM backbone atoms
with z-coordinate in the range (zm-Azic, Zm+Azgc). In general, the
value of Azjc is chosen to be 5.4 A since this is the height of one
turn of the a-helix. For structure prediction steps, Azgc is chosen to

be 5.4 A. For analyzing the trajectory from the MD simulation step



Step 3.2a:

Step 3.2b:
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discussed below, the value of Azgc is chosen such that z,,+Azgc is
about the same as the least negative z-coordinate of the Ga subunit
C-terminus in the Ga-coupled case. For the structure-prediction
cases discussed in this article, the latter choice of Azgc gives the

same R3g value as choosing Azgc =5.4 A.

iv) The smallest distance among all distances between TM3 and TM6

calculated in iii) is R3¢.

This definition provides a robust geometric and steric measure of the IC
distance between TM3 and TM6, which correlates with the potential of

G protein coupling to the active conformations.

— Using R3¢ values to facilitate selection of the active state candidates

(a)
36°

state structure be Rgig. Define ARz = Rgg - Rgé. Class A GPCRs h3;AR
and bRho were crystalized with the G protein or the C-terminus of the
Ga subunit in complex with the GPCR, and they both have ARz ~ 4 A
(Table 2.1). For hM2 and mOPRM, their active states were crystalized
with a G protein mimetic camelid antibody fragment and their AR3z¢ are

Let R3¢ for the active state structure be R,., and that for the inactive

about 3 A and 5 A, respectively. Since the G protein couples to the
receptor with the C-terminus of the Ga subunit inserted into the IC side
of the GPCR in between TM3 and TMG6, it is reasonable to estimate
AR36 by adding the diameter of a peptide a-helix (2.3 A) to a C-C single
bond length (1.5 A) which leads to 3.8 A. Thus we take AR36 > 3 A as
a reasonable target separation to locate active-like conformations. We
show below that our final predicted active hSSTRS structures result in
ARz ~ 3.5 A.

The structure S2.1, S3.1 or S4.1 is used directly as the starting structure of a
finer SuperBiHelix/SuperComBiHelix (¢ from -30° to 30° in 15° increments;
0 and i similar to GEnSeMBLE).

The structure S3.1 has its TM6 replaced by a TM6 shape from an existing
active state crystal structure according to method described in Appendix A.
The resulting structure S3.1b is then used as the starting structure for fine
conformational sampling (A¢ from -30° to 30° in 15° increments; A6 and An
similar to GEnSeMBLE).
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To select final active-state candidates, check whether the lowest-energy struc-

@it)
36 >3
A. If it does, then select this structure as a potential active-state conformation

ture from Step 3.2a) or Step 3.2b) at least satisfies the criterion R3s - R

for the target protein. If it does not, then check the second lowest-energy
structure and so on. This step is carried out separately for different initial
templates to have a set of candidate structures diverse in TMD shapes. The
final inactive-state candidates are again selected using the same criteria as
those in GEnSeMBLE.

Same as Step 4 of GEnSeMBLE.

Same as Step 5 of GEnSeMBLE, except that we also do MD simulation of
the docked active-state candidates with the agonist bound and the G protein

bound.

2.3 Validating ActiveGEnSeMBLE: Methods

Structure prediction

Starting from the TMD of crystal structures of each validation case, h,AR (PDB
ID: 3SN6, 2RH1) and hM2 (PDB ID: 4MQS, 3UON), we did Step 3 following
the ActiveGEnSeMBLE protocol as described above. The energy Ecng was used

in energy ranking and is defined in Appendix A. The resulting active and inactive

conformations were compared to those observed in experimental structures.

Molecular dynamics of h3,AR crystal structures

We did MD simulation of hB,AR starting from its active-state crystal structure
(PDB ID: 3SN6) and inactive-state crystal structure (PDB ID: 2RH1). The MD was

carried out for the following cases with explicit lipid and water environment:

Agonist + active GPCR + Ga,
Agonist + active GPCR,
Active GPCR (apo) + Gays,
Active GPCR (apo),

Agonist + inactive GPCR,

Inactive GPCR (apo),



15

* Gag, and

* Agonist.

We chose the agonist to be BI-167107 which is in the binding site of the active-state
crystal structure for h3; AR. Only the Ga subunit of the G protein is included in the
simulation because our main focus is on the binding interface between the GPCR
and the G protein, which only involves the Ga subunit and the GPCR. The case
“active GPCR (apo) + Gay” starts from the equilibrated ‘““agonist + active GPCR

(apo) + Gay” with the agonist removed.

MD simulation We used AMBER force field engine implemented in NAMD
2.9.(27) The conjugate gradient method was used in minimization. The Nosé-
Hoover Langevin piston pressure control was used in the NPT dynamics. The 51 ns

MD simulation followed the protocol detailed in Appendix A.

Energy analysis of the MD trajectories We used the self-interaction energy
function of NAMD 2.9 to do a single-point energy calculation of each component
in the complexes along the trajectories obtained from MD simulation above. A
minimization of 5000 steps was carried out on each frame before the single-point
energy was calculated. The energies were computed for the receptor, the Ga protein,
the ligand, and for the interactions of Ga/ligand with the receptor, for whichever
non-solvent molecules present in the complex to be studied. We then clustered the
complexes along each trajectory that were saved every 100 ps such that complexes
within an RMSD of 2 A of each other were grouped into one family. The families
were then classified as “inactive”, “intermediate”, or ‘“active” states which are
defined as R3¢ < 10 A, 10A < Rz < 13 A, and Rz > 13 A, respectively. For each of
these activation states of a trajectory, the mean value of the energy of each component
was calculated, which is labeled ER, Eg, EL, ELRr, Erg, or EL rg With the component
in consideration in the subscript. R denotes the receptor, G denotes the Ga protein,
L denotes the ligand, LRG denotes the ligand+receptor+Ga complex, LR denotes
the ligand+receptor complex, and RG denotes the receptor+Ga complex. We also
calculated the corresponding standard deviations. We were then able to calculate
the total energy of the receptor plus the stabilization from the interaction between

the receptor and the ligand and/or the Ga protein as follows:
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]}€+R§1}teraction = EII:II;{S - EII:RG - EéRG
E]Iz-if-linteraction = E]I:RR - E]I:R
ERRJE}interaction = Egg - EEG
E RR+interacti0n = ERR :

The total energy of the system, with the internal energy of the ligand and the Ge

protein also considered, was calculated as follows:

LRG _ pLRG
ETotal - ELRG

IR _ LR, G
Erym = Efr +Eg

RG _ RG , pL
Ero = Erg + EL

R _ R, L, G
Etgm = ER +EL +Eg.

The superscript indicates which MD simulation case the energy is from, and the

subscript indicates which components of the case were grouped to obtain the energy.

2.4 Validating ActiveGEnSeMBLE: Results and Discussion

Structure prediction

We validated the ActiveGEnSeMBLE method with h8, AR and hM?2 receptor sys-
tems, which have both their active-state and inactive-state structures crystalized. For
bRho, its ligand, retinal, is covalently bound to the GPCR. As this does not represent
the majority of Class A GPCRs which do not have covalently bound ligands, we did
not consider bRho as a validation case. In addition, it is nontrivial to quantify the
energies of the receptor with and without the ligand for a covalently bound ligand to
account for the effect of the receptor-ligand interaction energy on the thermodynamic
state of the receptor system. Figure 2.2 summarizes the methods tested, with each
final structure sharing the same numbering as the method that generated the struc-
ture. Starting from an active-state structure, an inactive-state structure, and a hybrid
structure mixing active state (TM6) and inactive state (TM1-5 and TM?7) helices,
we compared the best final structures from different methods with the active-state
crystal structure. The structural features and energy value of the last node in every
pipeline in Figure 2.2 (i.e. the final structure of each method) are summarized in
Table 2.2, with further details in Table 2.3. We assumed that the energy values
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and R3¢ values are the only information that will be available in selecting candidate
structures for prediction of an unknown structure. For h8, AR and hM2, using the
active-state crystal structure as a starting structure aiming at predicting active-state
structures (Methods 1.x), the procedure is able to reproduce the TM orientations in
the active-state crystal structure (Table 2.2 and 2.3). This is a good but necessary
test of the overall methodology and the force field as they are able to identify a con-
formation close to the experimentally observed conformation out of (5x3x3)” ~374
billion conformations sampled. Similarly, using the inactive-state crystal structure
as a starting structure aiming at predicting inactive-state structures (Methods 4.x),
the procedure is able to reproduce the TM orientations in the inactive-state crystal
structure (Table 2.2 and 2.3).

Sample for a Identify different Modify Obtain local
Starting rough potential wells TM6 minimum of
Structure | energy surface Potentially active shape each well
TMs only | Coarse SuperBiHelix| structure: lowest | Replace TM6 | Fine SuperBiHelix

sampling (A6: 0°,
+£15°% A@: 0°, +45°,
+90°; An: 0°, £30°)

energy structure with
Rs6 > R36(i) +R
Potentially inactive

with TM6 from
active crystal
structure

sampling (A8: 0°,
+15°% Ag: 0°, £15°,
+30°; An: 0°, £30°)

structure: lowest

energy structure
9y Reproduced
Active-state crystal ° 1.1 active-state
structure * ° 1.2 crystal
TM6: active-state 2.1 structure
crystal structure; A T 22
Other TMs: ® Predicted
inactive-state » %3.1 active-state
crystal structure // o 3.2 structures
Inactive-state 3.3
. - L 4 ®
crystal structure i ~ 41 T e
ﬂ """"""" .42 """ "1 Reproduced |
® ' @ - oo ! inactive-state !

crystal
structure

E |
Figure 2.2: Methods for validating inactive- and active-state predictions using
hB,AR and hM2 as test cases. The black node indicates that the corresponding
step is applied to the structure from the previous black node on the same line on the

left. Each number beside a black node denotes the optimal structure obtained from
the method that is denoted by the same number.

Next, as a test of ActiveGEnSeMBLE on more practical cases, we find that both
active-state prediction methods either starting from the inactive-state crystal struc-
ture or the hybrid structure (Methods 2.x and 3.x, see rows with the first column 2.x
and 3.x in Table 2.2) can reduce the RMSD of the predicted active-state candidate
to the active-state crystal structure by 1.0 A for hB8>AR and 0.8 A for hM2. These
numbers are significant as the RMSD between the inactive-state and active-state
crystal structures are 2.48 A and 2.30 A for hB3,AR and hM2, respectively. Com-
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Method Description hp,AR hMm2
Structure /

Method Method Name
Identifier Samplin: Ecni | RMSD to Target R, Ecxi |RMSD to Target R
Tal? etg Starting Structure Sampling Method (kcal [Crystal Structure (}:(’ (kcal | Crystal Structure (ANS
& mol™) (A) mol™) A)
Active crystal R Active Active crystal None R 0.00 137l - 0.00 11.14
structure State structure
Inactive . .
crystal AS‘i:t\; N A‘:g‘iﬁ;‘al None - 248 971 - 230 8.55
structure )
1.1 |AfromA_Coarsq ’zf;‘l‘;e AC;Z:CSE{:‘“I Coarse -146.8 0.04 13.68|-168.5 037 1115
12 AfromA_Fine | Active | Active crystal Fine after Coarse  |-146.8 0.04 13.68|-168.5 037 1115
state structure
Active Active crystal
2.1 AfromH_Coarse) sfate TM6 + inactive Coarse -158.0 1.41 15.12f -96.9 1.55 13.60;
other TMs
Activ Active crystal
22 AfromH_Fine S(I.:atec TM6 + inactive Fine after Coarse -196.9 1.48 14.64(-100.3 1.69 13.45
other TMs
3.1 Afroml_Coarse ’zf;‘l‘;e I“agxz;‘ry:‘al Coarse 95.0 1.79 12.85| -77.4 1.94 14.45
. Active | Inactive crystal . -1272 2.68 1520
32 Afroml_Fine tat truct Fine after Coarse -114.5 1.86 13.41
state structure -111.6 1.92 1522
Active Inactive crystal Fine after replacing TM6
33 AfromIH_Fine state structur); of 3.1 result by active  |-169.5 1.47 14.03(-113.2 1.52 14.44
crystal structure TM6
Inactive Inactive | Inactive crystal
crystal o A None - 0.00 9.71| - 0.00 8.55
structure i
41 Ifroml_Coarse I“:‘{Z‘t‘:e I“agxz;‘ry&s‘al Coarse 2206 0.07 9.72|-168.8 0.04 8.54
42 Ifroml_Fine | [active | Inactive crystal Fine after Coarse ~ |-220.6 0.07 9.72|-168.8 0.04 8.54
state structure

Table 2.2: Summary of structural features and energies of h3 AR and hM?2 optimal
structures generated from different methods. The “Structure Identifier” corresponds
to the numbers in Figure 2.2. Each RMSD value is between the backbone atoms of
the resulting optimal structure of the particular method and the backbone atoms of
the active-state crystal structure preprocessed according to Appendix A. For hM2,
the second best choice of 3.2 is also listed for comparison. Unlike h3, AR for which
the inactive state is 73.8 kcal mol~' more stable than the active state, this value
for hM2 is only 3.7 kcal mol~!. Therefore, the number of seven-helix bundles
built from SuperBiHelix results is increased to 2500 to capture more candidates
in the active-like regime. (For hB;AR, building 1000 or 2500 bundles has the
same the final results shown in this table.) While hM2’s lowest-energy structure
from Afroml_Fine that satisfies the active-like R3¢ criterion (upper row of 3.2 in
the table) has a much larger RMSD than Structure 3.1 to the active-state crystal
structure, the second-lowest-energy structure (lower row of 3.2 in the table) has
an improved RMSD comparing to 3.1. This suggests selecting a small number of
diverse structures from the potential energy well may help in active-state structure
prediction as well.



a)
Structure / RMSD to
Method Ecni crystal active| Rjq
Identifier Method Name | A8 (°) Ag (°) An (°) (keal mol ™) (A) (A)
H1 -
H7 |[H1 |H2[H3|H4|H5| H6 [H7|H1[H2[H3|H4[H5|H6|H7
Active
crystal
structure - - ==l N/A 0.00 13.72
Inactive
crystal
structure - - - - N/A 2.48 9.71
1.1 AfromA_Coarse 0 0 f[o]oJofof o0 fo]Oo]O]O]O]O]O]|O]| -146.8 0.04 13.68
1.2 AfromA Fine 0 ofolojofof o fo]joJoJoJo]Jo]O]|O]| -146.8 0.04 13.68
2.1 AfromH_Coarse 0 0 fo]JoJofof o0 fo]o]JoJOoJO]JO]O]O]| -158.0 1.44 15.12
2.2 AfromH Fine 0 0]0[0]-15/0( 15]15]0|0]|0[0]O]O[O] -196.9 1.48 14.64
3.1 Afroml_Coarse 0 0 f[o]o]ofo[-45[0]0]0]0]0]0]-30]0 -95.0 1.79 12.85
3.2 Afroml Fine 0 0 [0]0]-15[0[-75[{30]{0]0]0]0]0]-6010] -114.5 1.86 13.41
3.3 AfromIH_Fine 0 0 [o]o]15{0f 15f15]0]0]0]0]0]O0]0O]| -169.5 1.47 14.03
4.1 Ifroml Coarse 0 ofojojofof o fo]jo]JoJoJoJo]o]O]| -220.6 2.47 9.72
4.2 Ifroml Fine 0 0o fojojofof o fo]jo]JoJoJoJOo]O]O]| -220.6 2.47 9.72
b)
RMSD to
Structure / Ecni | crystal
Method (kcal [ active | Rsg
Identifier | Method Name A8 (°) Ao (°) An (°) molH| (&) (A)
H1|H2[H3|H4|H5[H6|H7|H1{H2[H3|H4|H5|H6|H7|H1[{H2[H3|H4|H5|H6|H7
Active
crystal
structure - === - - - - - - - - - NA 0.00 |11.14
Inactive
crystal
structure - Sl -l INA 2.30 |8.55
1.1 |AfromA Coarsel 0[0]0]0]0[0]O]O[O0[O0]450[0]0]J0of0of0]O]O|O]O]168.5] 0.37 |11.15
1.2 AfromA Fine [0]0]0]O0]O[0]O]O|Of[O]450[0]0]0f0f0]O]O|O]O]168.5] 0.37 |11.15
2.1 IAfromH Coarse[ 0[0]0]0|0[0}15/0[0[0]0]0[0]900[0[0]0]0[-3010]-96.9] 1.55 |13.60
2.2 AfromH Fine |0]0[0]0[{0[0]0]|0]0]0|-15/15]15]-60{0]0]0f[0]0]-30]0|-100.3] 1.69 [13.45
3.1 Afroml Coarse[0[0]0]0[15[15F15/0[0[0]0]0[-900]0[0[0]0]0[0]0]-77.4] 1.94 |14.45
0]0]0[0(30]15]0f{0]0]0]15[15[-600 0 [0[0]0]0[30[0]0[127.2] 2.68 [15.20
3.2 Afroml Fine [0]0]0]0][15[15]0]0[0[0]-15/30[-60]15]0f[0f[0]0]O0[0]0]|-111.6] 1.92 |15.22
3.3 AfromIH Fine|O0[0f0]o]Jofofo]JoJoJofo]i5]0f15]0]0]of0|0]-30{0]113.2 1.52 [14.44
4.1 Ifroml Coarse [0]|0]0JOJO|0JOJOfOofo]JoJoflo]JoJofOo[O]O]O|O]O]|-168.8] 0.04 |8.54
4.2 Ifroml Fine [0]0]JoJo|o|oJoJofofojoJoflo]Jo]ofofo]JOo]O|O]O]|-168.8] 0.04 |8.54

Table 2.3: Summary of structural features and energies of a) h,AR and b) hM2
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optimal structures generated from different methods. The “Method Identifier” cor-
responds to the numbers in Figure 2.2. Each RMSD value is between the backbone
atoms of the resulting optimal structure of the particular method and the backbone
atoms of the active-state crystal structure. For TM4, none-zero A¢ values do not
have as big an effect as A¢ on the orientations of other TMs because the absolute
value of 6 for TM4 is close to zero.
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paring different methods that start from inactive-state crystal structure or the hybrid
structure (Methods 2.1 with 3.1 as well as Methods 3.3 with 3.2 in Table 2.2), it
can be seen that replacing inactive-state TM6 shape with active-state TM6 shape
further lowers the RMSD value between the candidate structure from sampling and
the actual active-state crystal structure by 0.4 A more. This implies that the active-
like TM6 shape plays an important role and may be necessary for a high-accuracy

computational prediction of active-state GPCR structures.

From the coarse sampling results, two structures are picked. One is for the inactive-
state prediction (Structure 4.1 of Figure 2.2, Tables 2.2 and 2.3), and the other is for
the active-state prediction (Structure 3.1 of Figure 2.2, Tables 2.2 and 2.3). From
the energy profiles in Figure 2.3 (h8,AR) and Figure 2.4 (hM2), it can be found that
the fine samplings can effectively achieve lower energies while keeping R3¢ of its
lowest-energy final structures in the active-like energy well to be similar (within 1
A) to the starting structures of the corresponding fine sampling. In other words, the
fine sampling helps to locate the local minimum of a potential energy well (defined
by R36) even when the activation coordinate R3¢ was not sampled explicitly. These
potential energy profiles, while being crude, are also consistent with the hypotheses
that structures with R3¢ that deviate more than 3-4 A from Rgé correspond to
potential energy wells with higher energy local minima. In addition, they show that
there are multiple higher-energy potential energy wells, which is consistent with
biophysical evidence for multiple active states for a given GPCR. Furthermore, the
recently published arrestin-bound receptor structure (28) was used to match arrestin
to all the minimum energy structures of these energy wells for hg>AR. We found
conformations for h3, AR that could accommodate arrestin but not the Gy protein
(Figure 2.5). This is also consistent with the hypothesis that some of these different
active states might be capable of activating different signaling pathways by coupling
to different regulators. These results demonstrate that ActiveGEnSeMBLE method
is able to predict functionally distinct active-like conformations of GPCRs that might
be responsible for coupling to different signaling pathways. The method has the
potential to map out the activation landscape of a GPCR for multiple signaling

pathways efficiently.

MD simulation and analysis
So far, only qualitative energy landscapes have been generated for GPCR activation,
among which the most well-studied case is h, AR.(29) To obtain a quantitative

energy landscape that may provide more insights into GPCR activation, and to have



21

Energy Profile From Sampling h3,AR Conformations
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Figure 2.3: Potential energy profile from sampling h3, AR conformations. The
black curve illustrates how our sampling results can be qualitatively translated
into a potential energy curve using R3¢ as the x axis and does not quantitatively
represent any real data. Results of the coarse sampling starting from the inactive-
state crystal structure are in blue circles. Starting from structure 3.1, results of
methods that generated structures 3.2 and 3.3 are shown in red crosses and red
squares, respectively. Starting from structure 4.1, results of the fine sampling that
generated structure 4.2 are in green dots. Every blue arrow points from a starting
structure toward the optimal structure from the fine sampling of the corresponding
method.

a strategy that can facilitate the understanding of activation of GPCRs for which only
predicted structures are available, we carried out MD simulation of h5,AR starting
from its crystal structures as described in Section 2.3. The analysis of R3¢ during
the MD simulations showed that the inactive conformation with and without the
agonist remains inactive (Figure 2.6), the Gag-bound active conformation remains
stable during MD, and the active conformation not bound to the Ga; slowly loses its
activity (decrease in R3¢) during the 51 ns MD simulation as expected (Figure 2.7).
In addition, the apo-GPCR on average always has a slightly smaller R3¢ value than
the agonist-bound GPCR towards the end of the 51 ns, which is consistent with

the picture that the agonist shifts the equilibrium towards more activated states.
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Energy Profile From Sampling hM2 Conformations
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Figure 2.4: Potential energy profile from sampling hM2 conformations. The black
curve is an illustration showing how our sampling results can qualitatively be trans-
lated into a potential energy curve using R3¢ as the x-axis and does not quantitatively
represent any real data. Results of the coarse sampling starting from the inactive-
state crystal structure are in blue circles. Starting from Structure 3.1, results of
methods that generated Structures 3.2 and 3.3 are shown in red crosses and red
squares respectively. Starting from the Structure 4.1, results of the fine sampling
that generated Structure 4.2 are in green dots. Every blue arrow points from a
starting structure towards the optimal structure from the corresponding sampling
method.

We then grouped the conformations in corresponding trajectories by Rse, with
“inactive”, “intermediate”, and “active” states defined as R3¢ < 10 A 10A < R36 <
13 A, and R3¢ > 13 A, respectively, and calculated ER interaction fOr €ach group. Note
that each of the “inactive”, “intermediate”, and “active” state here contain multiple
3D conformational states that satisfy the respective R3¢ criterion. The resulting
energy landscape (Figure 2.8) is overall consistent with the qualitative picture from

experiments [Figure 2.9 adapted from ref.(29)].

For agonist-bound (BI-167107 being the agonist) and apo-GPCR systems, our
inactive-state energy is lower than the active state but higher than the interme-
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Figure 2.5: Predicted minimum-energy h3> AR structure (cyan) in one of the energy
wells can accommodate arrestin (green) but not Gag (yellow). An energy well is
defined by clustering the structures with R3¢ values within 0.25 A of each other. We
positioned the Gay protein and the arrestin by aligning h8, AR (orange) in its Ga-
coupled crystal structure (PDB ID: 3SN6)(/1), bRho (grey) in its arrestin-coupled
crystal structure (PDB ID: 4ZWJ)(28) and bRho (pink) in its Ga-C-terminus-
coupled crystal structure (PDB ID: 3PQR)(27) to the predicted h3,AR structure
without changing the relative orientation within each crystal structure. We find the
minimum energy structure of h3,AR in the R3s ~ 12.4 A well clashes with Gas
but not with arrestin. It is hard to determine by speculation whether it distinguishes
arrestin with the Gj protein because the C-terminus helix of Ga, subunit (red) co-
crystalized with the active-state bRho is similar in position with the part of arrestin
inside the GPCR. (Therefore, similar analysis was not carried out on hM2 which
couples with the G; protein instead of Gy in vivo.) This structure is from the
ensemble of structures generated using Method 3.2 which uses the inactive-state
TM shapes for all TMs. It is characterized by A@ = 0 for all helices; A¢ = -15°, 0,
0, 15°, 0, -30°,15°;, Ap =0, 0, 0, 0, 0, -30°, 0 with the values ordered from TM1 to
TM?7. It has Ecng = -114.1 keal mol™!.

diate state (Fig. 3). This is a signature of BI-167107-bound h5; AR as opposed to

isoproterenol-bound h3,AR and has been found in these experiments.(29)

When the Ga protein is present, both agonist-bound and apo-GPCR energies are
significantly lowered for the “active state”, which is the only group of states that
can accommodate the G protein. This finding for the agonist-bound GPCR’s energy
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Fluctuation of Rss During 51 ns of MD
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Figure 2.6: Fluctuation of Rz of h32, AR during 51 ns molecular dynamics simu-
lation starting from the inactive-state structure.

lowering upon coupling with Ge is consistent with experiments. Apo-GPCR cou-
pled with the G protein is not in the picture of the experimental energy landscape,
but we are able to do MD simulation and analysis of this system, and rationalize
our finding on its relative energy. To be specific, our results suggest that if an
apo-GPCR can indeed couple with the G protein, its energy will be lowered upon
coupling but not as low as the agonist-bound GPCR. This explains the basal activity
of h3, AR and suggests that an agonist is able to increase the activity of a GPCR by
shifting the equilibrium from the apo-GPCR+Ga complex towards the more stable
agonist+GPCR+Ga complex.

Furthermore, the agonist-bound GPCR has lower energy than the apo-GPCR for
all other states as well, including the inactive states. This is also what has been
found in the experiments.(29) As the agonist-bound “intermediate state” remains
the lowest-energy state among the three, and the energy is lowered to a greater extent
than the other states, this supports a second route for GPCR activation, which starts
from an increased equilibrium population of the intermediate state upon binding
with the agonist. As the agonist-bound receptor is more dynamic in conformation
than apo-GPCR,(29) the agonist-bound receptor can then be stabilized by the G
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Figure 2.7: Fluctuation of R3¢ of h3, AR during 51 ns molecular dynamics simula-
tion starting from the active-state structure.

protein as it transits from the intermediate state to the active state.

The above analysis is based on the quantitative energy landscape plotted with
ER+interaction» Which is chosen because we would like to eliminate the possible inter-
nal energy changes in the Ga and the ligand caused by Gea not coupling with the
other subunits of the G protein and by the ligand strain, which may not be captured
accurately by the computational methods. Nevertheless, energy profiles of Er and
ETotal are shown in Figure 2.10 and Figure 2.11, respectively. Although Eto is
qualitatively the same as ERiinteraction for h32 AR, later we would see that they are
different for hNSSTRS (Figure 3.9). The energy profile of the receptor by itself (ER)
shows that the receptor is actually destabilized by the G protein if the agonist is not
present. Combining with the previous analysis, we conclude that, upon the GPCR
coupling to the G protein, it is the interaction between the G protein and the GPCR
that stabilizes the system, instead of the G protein directly lowering the energy of
the GPCR by itself. This insight was lacking from experimental profiles, but we are

able to deduce it from our analysis.



26

—6500
—7000
>
® -7500}
~ L
) . ks
c L R
L -8000- 1 N
i \» °. ' . VI
L1 N | /
- — —apo i
_8500] ———w/ agonist i
“““““ w/ Ga I
‘‘‘‘‘ w/ agonist + Ga I
_I -
-9000
Inactive Intermediate Active

Figure 2.8: Energy landscape of hf>AR activation from MD simulation. The
horizontal bars are ER,interaction calculated as described in Section 2.3. The curved
lines are fictitious energy surfaces, with the barriers being qualitative and the minima
defined by the corresponding ERinteraction Values. Inactive, intermediate, and active
states in the figure are defined as R3¢ < 10 A 10A < R3¢ < 13 A, and R3g > 13 A,
respectively.

4 No ligand . 4 No ligand ,
Isoproterenol Isoproterenol + Nb80 ,'(
BI167107 BI167107 + Nb80 \ o

>
o 3
< b
& &
Activation Activation

Figure 2.9: Qualitative energy landscape of hf8>,AR from experiments. This figure
is adapted from Manglik et al. 2015. Cell 161:1101-1111 with permission.

2.5 Conclusions and Future Work
We have presented a new, to our knowledge, method for GPCR structure prediction,

termed ActiveGEnSeMBLE, that overcomes the conformational sampling limits
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obtained according to Section 2.3. “Inactive”, “intermediate”, and “active” states in
the figure are defined as R3¢ < 10 A, 10 A < R3¢ < 13 A, and R3¢ > 13 A respectively.

of MD simulations. This method can be used to identify multiple energetically
accessible conformations for a GPCR that might play a role in its activation in
addition to multiple lower-energy structures that might correspond to in inactive
states. We validate ActiveGEnSeMBLE by predicting the active h3,AR and hM2
crystal structures. We found that ActiveGEnSeMBLE sampled the orientations of
the TM helices and located structures in various energy wells spanning the range
of TM3-TMG6 distances (R3¢) traversed in the process of activation. Subsequent
analysis finds a local minimum in each of these energy wells that was close or iden-
tical to a crystal-structure conformation with a similar R3¢ value. MD simulations
of the crystal structures of hf3,AR with and without the G protein and the agonist
generated energy profiles that are consistent with the qualitative energy landscape
of h3, AR obtained from experiments, providing information about how the ligand
and G protein may play are role in activation. These results indicate that the agonist
alone is not enough to stabilize the active state and that the Ga C-terminal chain
needs to be bound to the GPCR to promote activation, in agreement with conclusions

from experiments.
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bars are Etya calculated according to Section 2.3. “Inactive”, “intermediate”, and
“active” states in the figure are defined as R3g < 10 A, 10 A < R36 < 13 A, and R3¢
> 13 A respectively.

Combined with results from applying ActiveGEnSeMBLE to hSSTRS, which are
discussed in the next chapter, it is confirmed that ActiveGEnSeMBLE is an effective
new method in predicting active-state conformations of at least class A GPCRs. To
our knowledge, it enables the first quantitative energy profile for GPCR activation

that is consistent with the qualitative profile deduced from experiments.

Future work can follow two directions: First, we could calculating the free energy
instead of potential energy to generate the energy landscape of GPCR activation.
This free energy profile should be quantitatively more accurate than a potential
energy profile. Second, we could apply ActiveGEnSeMBLE on a large number of
different GPCRs to map out their energy landscape of activation and compare the
differences in their activation mechanisms. This will allow us to study GPCR acti-
vation systematically, and to further study the interactions between different GPCRs
and their signaling pathways. This is highly meaningful not only for understanding
the fundamentals of biology, but also for designing more effective drugging strate-

gies, such as combining several drugs that respectively target on several selected
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GPCRs to diminish drug resistance.

In addition, the ActiveGEnSeMBLE strategy is possible to be generalized to other
macromolecules that the conformations and energetics from the large-scale motion
of well-defined and relatively-rigid domains are of interest. As discussed in Chap-
ter 1, apart from the hierarchical screening of grid points on the potential energy
surface, a key ingredient of ActiveGEnSeMBLE is a selection rule that is based
on suitable collective variable(s) specific to the target system. The identification of
such variables in this thesis was based on human observation of available data to find
the most prominent features, partly because of the small size of the available data
set and the uncertainty in data being too large for more subtle features. However,
with generalization of our strategy in mind, a more systematic identification process
(e.g. applying a feature selection algorithm) can be more proper for certain systems

that more high-quality data is available.
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Chapter 3

The Activation of Human Somatostatin Receptor 5 (hSSTRYS)

This chapter is based on the following publications:

Dong, S. S.; Goddard, W. A.; Abrol, R. "Conformational and Thermodynamic
Landscape of GPCR Activation From Theory and Computation". Biophys.
J., 2016, 110 (12), 2618-2629. doi: 10.1016/j.bpj.2016.04.028

Dong, S. S.; Abrol, R; Goddard, W. A. "The Predicted Ensemble of Low
Energy Conformations of Human Somatostatin Receptor Subtype 5 and the
Binding of Antagonists". ChemMedChem, 2015, 10 (4), 650-661. doi:
10.1002/cmdc.201500023

3.1 Introduction

Somatostatins (SSTs) are regulatory peptides involved in inhibition of a number of
endocrine and exocrine secretion functions through somatostatin receptors, which
are G protein-coupled receptors (GPCRs). (I, 2) They regulate the secretion of
factors such as insulin and growth hormone. All five somatostatin receptor subtypes
(SSTRs) are able to down regulate cell proliferation, but they vary in a number of
other functions such as the regulation of ion channels.[1a] Thus, their effects on
cell proliferation and apoptosis are of interest for developing nonpeptidic agonists to
enhance tumor growth suppression.(3) The subtype 5, SSTRS, forms heterodimer
with SSTR2 and presents enhanced cell growth inhibition ability.(4)

Of the five human somatostatin receptor subtypes (hSSTRs), hSSTRS is the only
one that has different affinities for the two endogenous ligands SST-14 and SST-28,
which are cyclic peptides with 14 and 28 residues respectively.(5) SSTRS has a higher
affinity for SST-28, which is shown to suppress glucagon-like peptide-1 (GLP-1)
secretion more effectively than SST-14.(6, 7) Therefore, hSSTRS antagonists are
potentially useful in diabetes treatment. Indeed, it has been shown that certain
nonpeptidic antagonists are able to improve glucose tolerance in rodent models of
type 2 diabetes.(8)

Two peptide-based somatostatin mimics, octreotide and vapreotide, have been com-

mercialized to treat various diseases or conditions such as metastatic carcinoid tu-
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mors and esophageal variceal bleeding. In recent years, a number of small-molecule
agonists and antagonists have also been published.(9-12) However, to the best of
our knowledge, none have passed clinical trials. We expect that designing higher
potency and higher selectivity small-molecule ligands would be useful to minimize

off-target side effects.

For rational design of improved hSSTRS ligands, it is essential to know the molecular
details of the receptor binding pockets for both the active and inactive states. Since
no experimental structures are available for any of the SSTRs, to predict the 3D
structures of hSSTRS5, we used the computational method ActiveGEnSeMBLE we
developed based on our previous method GEnSeMBLE, as described in Chapter 2.

Apart from the biological functions described above, a recent study has identified
hSSTRS as one of the most valuable templates for homology modeling of non-orphan
and non-olfactory class A GPCRs which represent the majority of the class A GPCRs
(highest sequence identity sum, and a percentage of sequences for accurate models
value of 31%).(1/3) This has increased the significance of obtaining the hSSTRS

structure.

In this chapter, we focus on discussing the active-state hSSTRS structures we pre-
dicted using ActiveGEnSeMBLE, their binding with agonists and the G protein, and
their energy profiles of activation. Results on inactive-state hRSSTRS structures and

their binding with antagonists are in Chapter 4.

3.2 Methods

Structure prediction and ligand docking

We applied the ActiveGEnSeMBLE method to the hSSTRS receptor, for which there
are no experimental structures. The exact procedures of Steps 1) - 3) follow the
ActiveGEnSeMBLE protocol in Chapter 2 and are described in detail in our previous
publication (/4, 15) as well as Appendix A and B. The agonists (L-817,818 and F21)
were docked to each of the five predicted hSSTRS structures, InactiveConf1,2,3 and
ActiveConf1,2, as described in Appendix A.

Molecular dynamics simulation and analysis

We carried out MD simulations of the complexes

* agonist+ActiveConf2+Ga;,

* agonist+ActiveConf2,
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* apo-ActiveConf2+Ga;,

* apo-ActiveConf2,

* agonist+InactiveConf?2,

* apo-InactiveConf2, Ge; alone, and

* the agonist alone.

Similar to the MD simulation of h3,AR, these systems were chosen so that we
can use interaction energy analysis of the MD trajectories to extract meaningful
information for studying the GPCR activation mechanism. The starting agonist-
GPCR complexes were the lowest-energy L.-817,818-bound inactive- and active-
state structures from docking. For apo-ActiveConf2+Ge;, its starting structure
was from removing the agonist from the last frame of 51 ns MD simulation of

agonist+ActiveConf2+Ga;.

The detailed procedure of building the starting system of the MD simulation is in
Appendix A. The MD procedure and energy analysis were performed as described

above. The “inactive”, “intermediate”, or “active” states in the energy analysis are
defined as Ry < 8 A, 8 A < Ry < 11 A, and Ry > 11 A, respectively.

3.3 Results and Discussion

Structure Prediction

We have applied ActiveGEnSeMBLE to a GPCR without a known experimental
structure, hSSTRS. The workflow is shown in Figure 2.1, with the starting crystal
structure template being mOPRM. When generating active conformations from
hybrid templates, the optional BiHelix step in the flow chart in Figure 2.1 was
carried out. The detailed methods used for the inactive-state structural prediction
have been discussed in our previous publication (/4) as well as Chapter 4. When
selecting the potentially active structure from the coarse sampling, 10.04 A is used
as a criterion because R;ié) is 6.04 A. Similar to hB>AR and hM2, Table 3.1 shows the
fine conformational sampling is able to lower the energies starting from the results
of coarse conformational sampling. In addition, all Structures 3.x have R3¢ within
1.14 A of each other, and all Structures 4.x have R3¢ within 1.58 A of each other. In
other words, the lowest-energy structures from fine samplings have similar R3¢ to the

structures the fine samplings start with. This means we have successfully explored
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lower energy structures for the inactive- and active-like states in their respective

energy wells.

Structure /
Method Ecni
Identifier Method Name AD (°) A (°) An (°) (kcal mol") R (A)
HI -
HS,H7| H6 [H1 [H2|H3 [H4 | HS | H6 [H7|H1|H2[H3|H4|H5|H6 |H7
Homology w/
mOPRM
inactive-state
crystal
structure - 0 0]J]0JoJOfOofO]O]O]O]JOJO|JO|O]O]O N/A 6.04
3.1 Afroml_Coarse 0 01]0]0]0f[O0[0]|-9]0]0]0]0]0]30]270]0 -265.8 11.34
32
(ActiveConfl) [ Afroml Fine 0 0[0]JOJOJO[O]-60f15{0])0]0]0]|30]270[ O -313.2 10.71
33
(ActiveConf2) | AfromIH_Fine 0 -15]1 0 [0]-15] 0 |-30[{-60] 0] O0[0|0O]|O0O[30[240] 0 -306.6 10.20
4.1 Ifroml_Coarse 0 0 1]0]0]0(f9%| 0] 0]0]0]0]0]30[30]0]0 -303.3 6.01
4.2.1
(InactiveConfl)| Ifroml Fine 0 0 [0]O]O 1050 |-15{0]0])0[0]-3000]0]0 -350.7 7.18
422
(InactiveConf2)| Ifroml_Fine 0 0 1]0]0]|-15[{60[30|15]0]0]0]0]0[60]0]0 -345.7 7.59
423
(InactiveConf3)| Ifroml Fine 0 0 1]0]0]-15{60(-30]15]0]0]0]0]0(30]0]0 -328.9 7.56

Table 3.1: Summary of starting structures (Methods 3.1, 4.1) and best resulting
structures (Method 3.2, 3.3, 4.2.x) of sampling hSSTRS5 conformations using differ-
ent strategies. Method 3.x are active state samplings, and Method 4.x are inactive
state samplings. The original homology template is from the mOPRM inactive-state
crystal structure. The methods used are outlined in Figure 2.1 and detailed in our
previous publication.(/4)

In addition to the methods described above, we have also tested ActiveGEnSeMBLE
using h3, AR active-state x-ray structure as the template of all the hSSTRS TMs.
The lowest-energy structure has Ecny of -224.7 kcal mol~!, which is less stable than
any of Structures 3.x (-265.8 to -306.6 kcal mol™!), which used either the mOPRM
inactive-state template or the hybrid template. As a result, we did not use this
structure for the later steps. This suggests that the crystal structure of the h5; AR
active-state conformation may not be the best template for building an active-state
homology model for many GPCRs. As there are more inactive-state templates than
active, if a target receptor has the best sequence homology to a receptor with only an
inactive-state template, one should build the starting structure using that template.
Then, one can use ActiveGEnSeMBLE can be used on that structure to predict the

active-state and inactive-state conformations of the target receptor.

The energy profile of hSSTRS plotted against R3¢ is illustrated in Figure 3.1. Unlike
hB,AR and hM2, hSSTRS seems to have a flatter energy surface. This may be a
feature of hSSTRS, but can also be affected by the homology template used. As the
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energies of ActiveConf1 and ActiveConf2 are comparable and we would like to have
a diverse set of candidate structures, we chose both of these structures as active-state
candidates. To see whether our predicted structures are reasonable, ligand-binding
studies and MD simulation have been carried out.

Energy Profile From Sampling hSSTR5 Conformations
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Figure 3.1: Energy profile from hSSTRS samplings. The black curve is an il-
lustration showing how our sampling results can qualitatively be translated into a
potential energy curve using Rz as the x-axis and does not quantitatively represent
any real data. Results of the coarse sampling are in blue circles. Starting from
Structure 3.1, results of methods that generated Structures 3.2 (ActiveConfl) and
3.3 (ActiveConf2) are shown in red crosses and red squares respectively. Starting
from the Structure 4.1, results of the fine sampling that generated Structures 4.2.1,
4.2.2,and 4.2.3 (InactiveConf1,2,3) are in green dots. Every blue arrow points from
a starting structure towards the optimal structure from the corresponding sampling
method.

Ligand Binding Studies

In order to verify the hSSTRS structures predicted, we have docked five antago-
nists (/7) (Figure 3.2) and two agonists (/0) (Figure 3.3) to all the five candidate
structures, InactiveConf1, InactiveConf2, InactiveConf3, ActiveConf1, and Active-

Conf2. The detailed binding studies of the antagonists docking are in Dong et
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al.,(/4) partly reproduced in Chapter 4, in which the predicted binding energy of the

antagonist series is consistent with experimental binding constants.
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Figure 3.2: Antagonists series docked to hSSTRS predicted structures.

Figure 3.3: Structures of the docked agonists a) L-817,818 (K = 0.4 nM) and b)
F21 (IC5p = 0.56 nM).

The agonists L-817,818 and F21 are selected because they have very high affinities
(subnanomolar binding constants) with hSSTRS, and they display similar but differ-

ent structural features. We did not select a series of agonists with the same scaffold
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for structure-activity relationship (SAR) analysis due to the lack of published exper-
imental SAR data. The selected agonists’ structures are shown in Figure 3.3. They
are both peptide mimics derived from the endogenous ligand, somatostatin. They
both have polycyclic aromatic groups, and have a group mimicking lysine. However,

L-817,818 has one more positively charged amine group than F21.

For each agonist, docking to the five predicted structures finds that the lowest-
energy poses with the inactive state and the active state are only slightly different
(Table 3.2, 3.3 and 3.4). This suggests an easy pathway for the agonist-bound
receptor to interconvert between the inactive state and the active states, consistent
with experiments on hB;AR.(/6) Binding energies from docking have also shown
that, in the absence of a G protein, agonist stabilizes its inactive conformation. This
is again consistent with experiments on h5AR (/6) and is further supported by

interaction energy analysis of MD trajectories described in the next section.

Pose Name | Ligand | Protein Structure | SnapBE (kcal mol~')
L_i2 L-817,818 InactiveConf2 -118.32
L_a2 L-817,818 ActiveConf2 -106.05
F_i2 F21 InactiveConf2 -9941
F_a2 F21 ActiveConf2 -92.39

Table 3.2: Best pose of L-817,818 and F21 docked to active structures determined
by lowest snap binding energy (SnapBE).

We also find that for both agonists, L-817,818 and F21, the best active-state pose
is with ActiveConf2 (Table 3.2). Since ActiveConf2 was generated using struc-
ture prediction Method 3.3, this again suggests that TM6 shape is an important
factor in GPCR activation and a more active-like TM6 shape makes computational
prediction of active-state conformations more likely to succeed. Contrary to the
antagonist M59, the highest binding affinity antagonist we docked, which favors In-
activeConf1, the best inactive-state poses for both agonists are with InactiveConf2,
which has slightly higher energy (by 5 kcal mol~!) and greater R3¢ (by 0.4 A) than
InactiveConfl. This implies that agonists may stabilize a slightly “more-active”
inactive state than the antagonist, and is a direct demonstration of the ability of
ActiveGEnSeMBLE to predict multiple states that is crucial in elucidating GPCR

activation mechanisms.

There are no published mutation studies that have probed the interaction between
hSSTRS and small molecule ligands. In addition, there is only limited mutation data
of the SSTRs’ binding with the endogenous S-14 and S-28, especially in the TM
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Table 3.3: a) 3D visualization of the docking pose F_i2, the lowest-energy complex
with agonist F21. b) 3D visualization of the docking pose F_a2. The ligand is
shown in purple. c) Ligand interaction diagram (LID) of the pose F_i2. d) LID of
the pose F_a2. LIDs are generated by Maestro9.3.(26) The cutoff distance for the
residues shown is 4.0 A. Hydrophobic interaction: green; polar interaction: blue;
hydrogen bonds (cutoff distance 2.5 A): purple arrows; -7 stacking: straight green
lines.

regions. Here we have attempted to compare our binding analysis with the available
experimental mutation data, and will suggest mutations that can be experimentally
tested to probe the binding of agonists L.-817,818 and F21.

As shown in Table 3.3, the positively charged amine group in the ligand F21 forms
a salt bridge with D119%32 on TM3, which is common among the closely related
opioid receptors. We can also find that ActiveConf2 forms a hydrophobic pocket that
is in contact with the majority non-polar groups in F21. Note that the hydrophobic
pocket includes F264%>! on TM6. It is known that the mutation F6.52Y inrat SSTRS
(rSSTRS) can increase the binding affinity of S-14 to rSSTRS by 20-fold,(/7) and
this means F265%? is involved in the SSTR5-agonist binding. Since F265%32 and
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Table 3.4: a) 3D visualization of the docking pose L_i2, the lowest-energy complex
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lines.

F264%3! are neighboring residues and the ligand F21 is much smaller than S-14,
we can hypothesize that F264%! is important in F21 binding with the activated
hSSTRS. Notice that residue 6.52 is tyrosine for all other SSTRs, but F6.51 is
conserved in all SSTRs. As a result, we suggest F6.51 is responsible for the affinity
of SSTRs to the ligand F21 but not the selectivity.

L-817,818 has different binding modes because of its two positively charged amine
groups. The 3D visualization and ligand interaction diagrams (LIDs) of the best
pose with the inactive state (L_i2) and the active state (L_a2) are shown in Table 3.4.



42

Similar to ligand F21, the salt bridge between one amine group with D119%32 is
present, and there is 7-7 interaction between the aromatic groups in L-817,818 and
F264%3!. The other lysine-like amine group in L-817,818 forms a hydrogen bond
with Q123336 and has the potential to have electrostatic interaction with D862, In
the MD simulation discussed in more detail in the next section, we find that this amine
group is indeed forming a salt bridge with D86?" in the active-state simulation.
Thus, we suggest D86>° is involved in hSSTRS activation by L-817,818. Also,
hSSTRS mutant F264Y is predicted to have higher affinity for L-817,818 due to
the potential of an additional hydrogen bond between the ester oxygen atom in
L-817,818 and Y264.

MD Simulation and analysis

To further investigate the activation mechanism of hSSTRS, we have carried out
molecular dynamics simulations on the L.-817,818-bound and apo predicted struc-
tures. We have considered six cases: 1) agonist+ActiveConf2+Ge;, 2) ago-
nist+ActiveConf2, 3) apo-ActiveConf2+Gaj, 4) apo-ActiveConf2, 5) agonist+InactiveConf2,
and 6) apo-InactiveConf2. The binding site of agonist+ActiveConf2 is from L_a2,
and that of agonist+InactiveConf2 is from L_i2. As expected, similar to h3,AR,
the inactive state remains inactive during the MD simulation (Figure 3.4), and the
coupling of Ga; is able to keep both the agonist-bound and apo-GPCR active during
the MD simulation (Figure 3.6). Interestingly, contrary to h3; AR for which both
the agonist-bound and apo-GPCR lose their activity during the MD simulation, for
hSSTRS, starting from active-state conformations without Ge;, the apo-GPCR is
able to keep hSSTRS with a large R3¢ capable of coupling to G, while the agonist-
bound GPCR goes back to its “intermediate state” within 5 ns and goes back to
its inactive state in 28 ns (Figure 3.5). This suggests the constitutive activity of
hSSTRS plays an important role in its activation mechanism. The G protein is more
likely to couple with hSSTRS before the agonist binds.

For each case, we have analyzed the potential energy of the agonist-bound and apo-
GPCR along the MD trajectory and the resulting energy landscape (Figure 3.7) is
consistent with the illustration derived from experimental findings of h3, AR.(/6,
18) To be more specific, although the active state of a GPCR has higher energy than
its inactive state, binding of the G protein lowers the energy of the active state of
the GPCR, and ERr:interaction Of the apo-GPCR+Ga; complex is not as low as the
agonist-bound complex. This activation picture is another example besides h5, AR
that has quantitatively confirmed the belief that the G protein facilitates GPCR
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Figure 3.4: Fluctuation of R3¢ of hSSTRS during 51 ns molecular dynamics simu-
lation starting from the predicted inactive-state structure.

activation by stabilizing both the agonist-bound and apo-GPCR. The former leads

to agonist-induced activity and the latter leads to constitutive activity.

Comparing the energy landscape of h,AR in Figure 2.8 and that of hSSTRS
in Figure 3.7, we find that their intermediate states have different features. The
intermediate states of the BI-167107-bound hB>AR have lower energy than the
inactive states, while those of the L-817,818-bound hSSTRS have higher energy
than the inactive states. This can be reasonable because the energy landscape of
even the same receptor can be altered by different agonists. For example, another
hB,AR agonist isoproterenol makes h5; AR have higher energy intermediate states
than inactive states (Figure 2.9).(/16) In addition, the definition of “intermediate
state” here include many different states that have R3¢ between the inactive state
and the states that can couple to the G protein, and the average energy of these

intermediate states depends on the distribution of these states in the MD trajectory.

Furthermore, there have been experimental structures of several agonist-bound
GPCRs that present features from inactive to partially-active of various degrees
without the presence of the G protein, suggesting a role of the agonist in the initial

steps of GPCR activation that varies with different GPCRs. For example,
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Figure 3.5: Fluctuation of R3¢ of hSSTRS during 51 ns molecular dynamics simu-
lation starting from the predicted active-state structure without the presence of the
Ga protein.

* Inturkey ) adrenergic receptor, the agonist-bound structure is nearly identical
as the antagonist-bound inactive-state structure except for a 1 A contraction
of the binding pocket.(/9)

* In contrast, for human adenosine A, receptor, the agonist-bound structure has
all active-like features except that the IC end of TM6 is only partially opened
for coupling with the G protein (Table 2.1).(20) The agonist-bound human
serotonin 1B (5-HT ) receptor, human serotonin 2B (5-HT»,p) receptor and
rat neurotensin 1 receptor (NTSR1) do not have an antagonist-bound inactive-
state structure of the same receptor to compare to, but they show partially-

active features.

* Bound with the same agonist, the 5-HT;p receptor has a less-active TM6 and
a more-active TM7 than the 5-HT g receptor, while they both have an outward
shift of TM6 IC end comparing to inactive-state structures of other aminergic
receptors.(21, 22)

* NTSRI1 also shows active-like features found in bRho and hB,AR, with a
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Figure 3.6: Fluctuation of R3¢ of hSSTRS during 51 ns molecular dynamics sim-
ulation starting from the predicted active-state structure in complex with the Ga
protein.

TMB6 position similar to that of the active-state bRho but not to the extent of
active-state h3, AR.(23)

Therefore, we conclude that different GPCRs may adopt different activation path-
ways with different agonists in terms of the energy ordering of different states
dictated by respective energy landscapes of activation. It is reasonable that our
agonist-bound inactive states of hSSTRS have the lowest energy among its various
states displaying different degrees of activation. Thus, we consider that the com-
putation of energy landscape of GPCRs using the method detailed in this article is
valuable since it may allow for the activation mechanisms of a broader variety of

GPCRs to be mapped out efficiently.

Similar to the discussion of h3 AR, hSSTRS5 energy profile plotted with Er (Fig-
ure 3.8) also shows that the G protein destabilizes the receptor, except that in the
case of hSSTRS this is regardless of whether the agonist is bound. This may be
reasonable as the hSSTRS agonist L-817,818 destabilizes hSSTRS while the h5, AR
agonist BI-167107 stabilizes hByAR. As ER+interaction Shows a lower energy for the
agonist-bound hSSTRS, we can conclude that the stabilization of hSSTRS comes
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Figure 3.7: Energy landscape of hSSTRS activation from MD simulation. The solid
horizontal bars are ERinteraction calculated as described in Section 2.3. The dashed
horizontal bar is fictitious. The curved lines are fictitious energy surface, with the
barriers being qualitative and minima defined by the corresponding ER.interaction
values. Inactive, intermediate, and active states in the figure are defined as Rz < 8
A,8 A < Ry < 11 A, and Rsg > 11 A, respectively. Energy landscape of hSSTRS
activation from MD simulation.

from the interaction between the agonist and the receptor, in addition to the inter-
action between Ga; and the receptor. As mentioned in the previous chapter, unlike
hB,AR, however, Ety, (Figure 3.9) is qualitatively different from ERyinteraction fOr
hSSTRS.

The stabilizing effect of the G protein on the active state of the GPCR can indeed be
explained by the specific interactions between the Ga subunit and the GPCR. During
the MD simulation of agonist+ActiveConf2+Ge;, salt-bridge and hydrogen-bond
networks are able to form between the C-terminal helix of Ga; and ActiveConf2
as shown in Figure 3.10. In particular, the formation of the salt-bridge network
involving Ga;’s D26161332 and D3509H522 and hSSTR5’s K72 on IC loop 1
(ICL1), R151 on ICL2, and the formation of the hydrogen bond between R137350
and Ga;’s C3519H5-23 replace the inactive state’s R151-D13634°-R1373-50-1247634
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“Inactive”, “intermediate” and ‘“active” states in the figure are defined as R3g < 8 A,
8 A< R3¢ <11 A, and R3¢ > 11 A, respectively.

network. Additional salt-bridge network is formed between the carboxylate group
on the Ga; C-terminal residue F3546H526 and hSSTR5’s K245%32 on TM6 and
R239 on ICL3. In addition, a hydrogen bond is formed between R24853> and
G3526H524 "and a weaker hydrogen bond is formed between W150 on ICL2 and
N3476-H519 Fyrthermore, the highly conserved 134851520 and 1.353G.H5.25 are
in a hydrophobic pocket that consists of V14134, 1224761, v246%33 M249536, and
V228 on ICL3. Since experimental mutagenesis studies have shown that the mu-
tations L348AGH>20 T 353AGH525 and G352AGH>24 severely hindered the cou-
pling between Ge; and light-activated bRho (bRho*),(24) which has the conserved
residues V139324, 1.226°-01, v2500-33 M253636, and R252035, we may conclude
that the corresponding interactions we found between hSSTRS and Ga; are con-
sistent with experiments. The same experimental paper showed that N347AG-H5-19
did not have a significant effect on the coupling between Ga; and bRho*, which is
consistent with the weak interaction we found between W150 and N3476-H519 n-

terestingly, the mutation D350A%H522 seems to stabilize the bRho*-Ga; complex.
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This might be a property specific to bRho*-G; arising from the differences in helix
packing and ICL sequences between bRho and hSSTRS.

After the agonist is removed, K72 on ICL1 breaks away from D3509-H322 and
D26150355-2 and forms a hydrogen bond with the backbone oxygen atom of D3506-H5-22,
In addition, the hydrogen bond between R137° and C3519-H523 backbone oxygen
atom and the hydrogen bond between R248%% and G3525H524 backbone oxygen
atom become water-mediated. The weakening of the interaction between the apo-
GPCR and Ga is consistent with the picture that the agonist stabilizes the binding
of the G protein with GPCR.

Looking into the protein-ligand interactions in more detail, we have found a char-
acteristic interaction formed at around 25 ns of the agonist+ActiveConf2+Ga; MD
simulation, but absent in the entire agonist+InactiveConf2 MD trajectory: the salt
bridge between the lysine-like positively charged amine of L-817,818 and D86%°
on hSSTRS (Figures 3.11-3.13). The highly conservative residue 2.50 has been
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Figure 3.10: Interactions between the Ga; C-terminus and hSSTRS aftera 51 ns MD
simulation of (a) agonist+ActiveConf2+Ga; and (b) apo-ActiveConf2+Ga;. Ga;
is shown in yellow and hSSTRS is shown in cyan. The superscript of Ga residue
numbers follows the common Ga numbering system.(25)

studied in several GPCRs, but its role is not well understood and varies across differ-
ent systems.(26, 27) In particular, the mutation D2.50N presents different effects in
SSTRI1 and SSTR2. Although D2.50 is widely viewed as an allosteric site, our re-
sult suggests that the orthosteric site of L-817,818 in hSSTR5 may extend to D2.50.
Therefore, our result opens up the possibility of D86>° being crucial in hSSTRS
activation by engaging in the interaction with the agonist, and further experimental
investigation of this residue would be worthwhile. If the significance of D862 is
verified, designing agonists that are able to form salt bridges with both D1193-3? and
D862 may be a desired path towards drugs targeting hSSTRS.
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Figure 3.11: a) The salt bridge between L-817,818 (the agonist) and D86>>° of
hSSTRS is not present during the MD simulation of the agonist+InactiveConf2
complex. Instead, water molecules are surrounding D862°, Water molecules
within 10 A of the side chain of D862 are displayed. b) A salt bridge between
L-817,818 and D86>°? of hSSTRS is formed during the MD simulation of the
agonist+ActiveConf2+Ge; complex. In addition, there is -7 stacking between
L-817,818 and W261%4? in the agonist+ActiveConf2+Ga; complex. There is no
water molecule within 10 A of the side chain of D86>°. ¢) The presence of the
transmission switch: W261%* and F2576.44 are oriented towards P2135.50 in
ActiveConf2 (right panel) but not in InactiveConf2 (left panel) partly due to the
rotation of TM6. The secondary structure in agonist+InactiveConf2 is shown in
grey, and that in agonist+ActiveConf2+Ge; is shown in orange. Carbons in the
residues on hSSTRS are shown in cyan. The agonist carbon atoms are shown in
purple.

3.4 Conclusions

We applied the validated ActiveGEnSeMBLE method to the hSSTRS receptor, for
which there is no available experimental structure. Importantly, we found that a hy-
brid template consisting of the TM6 from the available active-state crystal structure
combined with TM1-5 and TM7 of inactive-state crystal structures from GPCRs
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Figure 3.12: Distance between the N atom in an amine group of L-817,818 and
a carboxylic acid oxygen atom in D86>° of hSSTRS along the trajectory of MD
simulation of the agonist+ActiveConf2+Ga; complex.

with high-sequence identity generated even lower energy active-like structures than
a template based purely on the available active-state crystal structures. Thus, it is
not necessary to have the full structure for an active GPCR to apply ActiveGEnSeM-
BLE. In other words, the method’s application to the somatostatin receptor hSSTRS
shows that, to predict an active conformation, it is better to start from an inactive-
state template based on a close homolog than to start from an active template based
on a distant homolog.

Docking of agonists and the subsequent MD simulations identified important residues
involved in hSSTRS activation by the respective agonists. MD simulations of the
predicted structures of hSSTRS with and without the G protein and the agonist gen-
erated energy profiles that are consistent with the qualitative energy landscape of
h,AR obtained from experiments and also with the quantitative energy landscape
of h3, AR presented in this study. The differences are compatible with previous
findings from agonist-bound experimental structures for various GPCRs in that the

agonist promoted the initial steps of GPCR activation to degrees that varied among
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Figure 3.13: Distance between the N atom in an amine group of L-817,818 (the same
amine group in Fig. S15) and a carboxylic acid oxygen atom in D862 of hSSTRS
along the trajectory of MD simulation of the agonist+InactiveConf2 complex.

different GPCRs. These energy profiles indicate that the G protein helps to sta-
bilize the agonist-bound GPCR. These results confirm that ActiveGEnSeMBLE is
effective in predicting the active-state conformations of at least class A GPCRs, and
provides a powerful new tool for elucidating the activation mechanisms of GPCRs
by identifying the sequence of conformations along the pathway for activation. We
hope that this will accelerate the rational design of new, more potent and selective

agonists.
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Chapter 4

The Predicted Ensemble of Low-Energy Conformations of hSSTRS
and the Binding of Antagonists

This chapter is based on the following publication:

Dong, S. S.; Abrol, R; Goddard, W. A. "The Predicted Ensemble of Low
Energy Conformations of Human Somatostatin Receptor Subtype 5 and the
Binding of Antagonists". ChemMedChem, 2015, 10 (4), 650-661. doi:
10.1002/cmdc.201500023

In this chapter, we focus on predicting the ensemble of structures for hRSSTRS using
the ActiveGEnSeMBLE method and their binding with several known antagonists.

An account on the significance of the research is in Chapter 3.

4.1 Structure Prediction of hSSTRS
Our predictions of the ensemble of low energy 3D structures for hRSSTRS followed
ActiveGEnSeMBLE. An overview of ActiveGEnSeMBLE applied to hSSTRS struc-

ture prediction is provided in Figure C.1. The procedure is detailed in Appendix
B.

To prepare the starting structures for the ActiveGEnSeMBLE procedure, we first car-
ried out PredicTM and secondary structure predictions to determine which residues
are in the seven transmembrane domains (TMDs). The PredicTM result is in Fig-
ure C.2, and the final assignment of each TMD is in Figure C.3. Then we carried out
multiple sequence alignments between hSSTRS and the GPCRs with x-ray structures
available, which identified human nociceptin receptor (hOPRX), mouse p-opioid
receptor (mOPRM), and human «-opioid receptor (hOPRK) as the best candidate
templates to model hSSTRS structure. To determine the shapes of the helices, we
used OptHelix and homology modeling. Then the TMD bundle of hSSTRS was
assembled based on the helix positions of each template. A total of 15 starting

structures with different helical shapes and positions were generated.

Among the six parameters (X,y,h,0,¢,17) that uniquely define the orientation of a
rigid TMD, the hydrophobic center (HPC) residue h and the Cartesian coordinates
(x,y) of the HPC were taken from the template. Among the helical tilts and rotations



57

(6,¢,1), the helical rotations 7 were first sampled using the BiHelix method with a
sampling range of An from 0° to 360° and a step size of 30°.

The top 10 structures from the BiHelix step are shown in Table C.2, where we see
that all 10 use homology helix shapes. Since all three templates were represented
in the top 10, we used the rotations for the best candidate from each template in the

next step, SuperBiHelix (optimizing tilts).

SuperBiHelix optimizes (6,¢,17) based on the best structures from BiHelix. For each
of these, we first carried out a coarse sampling step (A8 = 0, £15°; A¢ = 0, £45°,
+90°; An =0, £30°, other selected angles) from angles optimized in BiHelix. This
sampled at least (3x5x3)” ~ 374 billion configurations from which we built and
optimized the lowest 2000 seven-helix bundles. This was done for all three starting
templates (mMOPRM, hOPRK, hOPRX), with the sampling space for each template
summarized in Table C.3, and the resulting lowest-energy structure for each template
shown in Table 4.1.

Ad Ecnti
Template Ap (°) An (°) o (kcal
( ) mol_l)
Hl | H2 | H3 | H4 | H5 | H6 H7 | Hl | H2 | H3 | H4 HS5 H6 | H7 | Al
mOPRM 0 0 0 90 0 0 0 0 0 0 -30 30 0 0 0 -303.3
hOPRX 0 0 0 -90 0 -45 0 0 0 0 0 0 60 0 0 -324.9
hOPRK 0 0 0 -30 0 0 30 0 0 0 0 0 0 0 0 -306.5

Table 4.1: Coarse SuperBihelix/SuperCombiHelix optimal structures of the three
templates. The angles A¢, An and A6 are deviations from the respective homology
templates. The A8 values for all helices are zero for the cases listed.

To predict the structures for inactive states, we selected the lowest-energy struc-
ture with a TM3-TM6 ionic lock for each template. Then we carried out a finer
SuperBiHelix sampling (A8 = 0, £15°; A¢ = 0, £15°, +£30°; Anp =0, £30°). This
examined (3x5x3)’ ~ 374 billion configurations from which we built and optimized

the lowest 2000 seven-helix bundles.

As shown in Table 4.2, the top 10 structures from this fine SuperBiHelix sampling
all come from the mOPRM template except for the one ranked Sth which is from
hOPRK. Thus, we focused on structures using the mOPRM template in the sub-
sequent procedures. The structure ranked 4th by Ecng has the largest number of

interhelical hydrogen bonds among the top 10 among which

« the TM3-TM6 (3-6) ionic lock [R1373-30-E2436-30],
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e the TM1-TM2-TM7 (1-2-7) network [N58!9-§297746_.D8620, N30074°-
D86%9] and

* the TM2-TM3-TM4 (2-3-4) network [W164*30-N81245-C129342
are conserved from the inactive states across class A GPCR x-ray structures (Fig-

ure 4.1). In addition, there are 7 strong interactions involving residues that are
conserved in all or most hSSTRs (Figure 4.1). They are

Y7 82.43 D1 363.49 ,

N122335-A85%4% (A85%4? backbone),

T1253.38_S 1674'53,

K2275.64_Y1 383.51 ,

Y2947.43 D1 193.32,

R1133-26_1,174%0 (L174*0 backbone; valine in hSSTR1,4), and

K245%32-F3067% (F3067> backbone; R254%32-F31575% in hSSTR3).

Therefore, we considered this structure as the most promising inactive-state candi-

date, denoted InactiveConfl. We also found an important polar interaction,
. Y2867'35—N2716'58,

that seems likely only for hSSTR3 and hSSTRS because the other hSSTRs do not

have a tyrosine on 7.35. In addition, we found one interaction,
e T1 173'30-8 1714.57’

that we expect to be unique to hSSTRS. These interactions are shown in Figure 4.1.

In order to obtain a diverse set of low energy protein structures, we selected two
other protein conformations from the lowest-energy 25 predicted hSSTRS structures
(listed in Table C.4). Here we selected the two that have the largest root-mean-square
deviation (RMSD) with InactiveConfl and with each other. These two are labeled
InactiveConf2 (ranked 7th in Table 4.2, and 6th in Table C.4) and InactiveConf3
(ranked 16th in Table C.4).



[

K2456.32";’:\ K227,5'64‘f .
Figure 4.1: Interhelical hydrogen bonds in the predicted hSSTRS structure that are

a) conserved across inactive-state Class A GPCRs, and b) possibly conserved among
hSSTRs or unique to hSSTRS.

E24363

To obtain structures that might be candidates for active-states (with TM6 well
separated from TM3), we carried out a finer sampling starting from the best structures
from the coarse sampling that satisfy specific structural criterion, which is described
below. The resulting optimal active-state structures are named ActiveConfl and
ActiveConf2.

To distinguish potential active-state from inactive-state structures, we defined Rz,
the measure of the distance between the intracellular (IC) ends of TM3 and TM®6, to
be the shortest distance between the backbone atoms of the four residues at the IC
ends of TM3 and TM6. We selected the lowest-energy structure with an Rz value 4
A larger than the R3g value of 7.18 A from the inactive-state structure InactiveConf1.
The active-inactive R3¢ difference of 4 A was chosen because the x-ray structures
for both human f;-adrenergic receptor (hS2AR) and bovine rhodopsin display this
feature. Then we carried out a finer sampling of (6,¢,1) on this selected structure to
obtain the first putatively active conformation ActiveConfl. Substituting the TM6
shape in this starting structure with the TM6 from the homology model with active
hB>AR x-ray structure followed by finer sampling gives the second putatively active

conformation ActiveConf2, discussed in Chapter 3.

A summary of all structures used in the following antagonist binding study is in
Table 4.3.
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4.2 Antagonist Binding

To validate the structures predicted for the hSSTRS receptor, we predicted the
binding site and energy for 5 known small molecule antagonists to the 5 predicted
protein structures (InactiveConf1,2,3; ActiveConf1,2). The antagonists chosen for
the docking were from a series of benzoxazole piperidines screened by Martin and
coworkers(/) which exhibit a wide range of binding affinities while retaining the
same structural scaffold of the ligand (Figure 4.2). The molecules are labeled “Mx”,
with “x” preserving the numbering scheme from Martin et al., 2009.(/) We selected
M38, M40, M42, M59, M60 based on their experimentally determined binding
affinities (Kj) for hASSTR5—M359 is the most potent derivative reported, exhibit- ing
a K; value of 3 nm, while the other compounds selected ex- hibit a diverse range of

binding affinities (from 23 nm to over 1000 nm).
R1 9)
Gwa
R2 N (
@)
R3

R4

Figure 4.2: The common scaffold of the docked antagonists.

The experimental binding affinity, predicted binding site and energy for the 5 an-
tagonists chosen are summarized in Table 4.4. To determine the best pose for each
antagonist, we allowed each antagonist to select its preferred conformations out of
the docking results to all 5 predicted protein structures. For each ligand, we selected
the optimal pose for the ligand’s preferred binding mode using the best unified-cavity
(UCav) energy in comparing the ligand binding. The UCav energy ranked the five
ligands as M59 (best) < M60 < M40 < M42 < M38 (worst) while the binding energy
calculated from AG| — AG;, = RT In(K;3/K;1) using experimental binding constants
should give M59 < M60 < M38 < M40 < M42. Thus, only M38 is an outlier. The
UCav energies range over a factor of 9 of the binding energies calculated from the

experimental binding constants, which range over 3.57 kcal mol~! (Table C.5).

To further investigate how well our predicted binding energies correlate with the
experimental results, we plot the UCav energy against the negative logarithm of the

experimental binding constants in Figure 4.3. This shows that the UCav energies
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Table 4.4: The predicted binding energy and pharmacophore for the antagonists
in the binding study. Each ligand interaction diagram (LID) was generated using
Maestro 9.3.(2) The cutoff distance for the residues shown is 4.0 A. Hydrophobic
interactions: green; polar interactions: blue; hydrogen bonds (cutoft distance: 2.5
A): purple arrows; 7-7 stacking: straight green lines.
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for the optimal poses of the antagonist series correlate with the experimental pKj
with a linear regression coefficient of 0.78. This suggests that UCav captures the

essential aspects of the relative binding affinities of these antagonists.

Ucav Energy vs. pK,
of the Antagonist Series

4 5 6 7 8 9
-70
y =-13.396x - 5.1508
M42, InactiveConf2 Rz =0.78006
-80 (<6.00,-87.04)
90 <« *M38, InactiveConf1

. (6.95,-86.35)
M40, InactiveConf1

-100 (6.28,-92.88)

-110 M60, InactiveConf2

UCav E/ kcal mol-1

(7.64,-115.00) ¢
-120 M59, InactiveConf1
(8.52,-118.48)
-130

PK;

Figure 4.3: Relationship between the UCav energy from docking and the experi-
mental pK; of the antagonist series. R? is the coefficient of determination. The
arrow represents the possible direction of change of the M42 data point.

We also find that M42 and M60 favor the InactiveConf2 conformation while the
other three favor InactiveConfl, which means InactiveConfl and InactiveConf2
could possibly be two inactive conformations selected by the antagonist series. This
suggests that structures of hRSSTRS predicted to be more stable are more likely to be
in the inactive state than the less stable ones.

Table 4.4 shows the ligand interaction diagram (LID) of the best pose for each
antagonist. We find that the antagonists predominantly bind with a pocket defined
by TMDs 1-2-3-6-7. In these best poses, all antagonists form a salt bridge between
their positively charged piperidine amine group and D11932. This aspartic acid
on TM3 is conserved in all somatostatin receptors, and mutagenesis studies have
shown it is essential in SST binding by forming an electrostatic interaction with a
positively charged group in SST.(3, 4) Therefore, our result has further confirmed
that D119%32 is a critical residue in hSSTRs’ binding with positively charged ligand
groups.
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The 3D visualization of these poses is shown in Figure 4.4. For M59 and M60,
the ligand position is clearly dominated by the two salt bridges: one between the

9332 and the other between the

positively charged amine group in the ligand and D11
carboxylic group in the ligand and R39'3!. For M59, we did molecular dynamics
simulation with lipid membrane and a water box, and both salt bridges became water-
mediated after the MD simulation (discussed in the next section). Unlike D119332,
R39!3! is not conserved in any hSSTRs. This might explain why the antagonists
with polar groups at R! or R? are extremely selective towards the subtype 5.(1)
Mutating R39'3! to a negatively charged residue, a nonpolar residue, or Ser (as in

hSSTRI1, 2, 3) should be able to test this hypothesis.

Other residues playing an important role in these high affinity antagonists are polar
residues N1002%4, Q1233'36, N268635 and S293742 and nonpolar residues V43135,
Y47'39, Y8923 W261648, F264%51, F265%2, V29073 and Y294743. Residues
shared by M59, M60, M38 and M40 are polar residues Q123%3¢ and $29374?, and
nonpolar residues Y8923, W261648, F2646>1, F265%2, v29073° and Y2944,
This is shown in the pharmacophore mapping in Table 4.4. The residues interacting
with the strongly binding antagonists that are missing in the predicted pose for the
nonbinding molecule M42 are F265%2 and V2907-*. Since M42 binding is not
experimentally detected, we can deduce that Phe265Ala and/or Val290Ala mutations
may cause the other antagonists to have a decreased affinity towards hSSTRS.

In the predicted binding poses, M38 and M40 both form a -7 stacking interaction
between the benzoxazole and W261°4®, but both lack the salt bridge with R3913!
that is found in the predicted interactions for M59 and M60. Therefore, without
the strong electrostatic interaction constraining the ligand position, the weaker 7-7
interaction becomes a dominating force of the ligand with the protein. Although
M38 does not have a stronger binding in docking than M40 and M42 as predicted,
its exposed chlorine group may lower the binding energy once solvation is taken

into account.

Apart from the polar groups, the ligand size also plays a role in determining the
binding affinities. Figure 4.4 shows that the ethoxy group at the R* position in M59
prevents the phenyl group of M59 from being parallel to the hydrophobic plane of
the GPCR as in the M60 pose. The ethoxy group has directed the M59 phenyl head
to go deeper into the binding pocket and reach more polar and nonpolar residues
than M60. This explains why M59 has a higher affinity to hSSTRS than M60.
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Figure 4.4: Predicted 3D structures of the best docking pose of a) M59, b) M60, ¢)
M38, d) M40, and e) M42. Each pose is presented in both the side view and the top
view. Ligand carbon: purple, protein carbon: cyan.

4.3 Molecular Dynamics Simulation

In order to anneal and validate our predicted structure, we carried out 50 ns of
MD simulation of the system with the protein embedded in explicit lipid and water
box starting with the predicted structure of M59-bound InactiveConfl. The RMSD
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analysis of the trajectory (Figures C.4 and C.5) and fluctuation of R3¢ (Figure 4.5)
all suggest that the protein starts to rearrange to a different state at ~41 ns. Such
fluctuations between slightly different states of the GPCR along the trajectory are
typical in GPCR MD simulations during which water is diffusing into and throughout

the protein, modulating various hydrogen bonds and other interactions.

Fluctuation of F{36 During 50 ns of MD
9.5 x x w :

8.5 4

6.5

5'50 10 20 30 40 50

Time/ns

Figure 4.5: The fluctuation of R3¢ during the 50 ns MD simulation of the M59-bound
predicted hSSTRS structure. Rsg is the shortest distance between the backbone atoms
of the intracellular ends of TM?3 and TM6.

The hydrogen bond distances for various interactions are shown in Figures C.6-C.14
along the trajectory. The constancy of these interactions suggest that the overall
protein structural features from the region of 33 ns to 41 ns and that of later times
are similar with most structural features maintained at the end of 50 ns trajectory.
Thus we consider these structural features to provide a reliable representation of the

structure.

We find that the ionic lock between the R1373? in the DRY motif on TM3 and
E243%30 on the IC end of TM6 breaks after 20 ns (Figure C.15). Then, R13730
establishes electrostatic interactions with D13634°, while E243%30 forms a salt
bridge with R241528 on the IC loop 3 (ICL3). The strong electrostatic interaction



68

with the loop explains the changes in the interatomic distance between R1373°
and E243%30 in Figure S14. D136>*° also makes a polar interaction with R151
on the IC loop 2 (ICL2) as shown in Figure 4.6. Similar polar interaction patterns
