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ABSTRACT

Computer aided drug design, a collection of computational methodologies including
structure and ligand based drug design, has emerged as an ef�cient and accurate way to ex-
pedite the drug discovery process. Structure based drug design — methods which rely on
the 3-dimensional structural information of biological targets — are of particular interest to
chemists. Unfortunately, structural information can be dif�cult to obtain, and this can limit
the usefulness of these methodologies. New methodologies and work�ows, which are less
reliant on dif�cult to obtain structural information are needed to �ll in the gaps and push
the drug development process forward.

The �rst portion of this dissertation will discuss a novel ensemble docking approach
for identifying antagonists of the PAC1R — a class B GPCR which has recently emerged
as a potential target for the treatment of chronic pain (migraine) and stress (post-traumatic
stress disorder). This approach begins with limited structural information and uses molecu-
lar dynamics to build a conformational ensemble of distinct deactivated PAC1R models. A
novel aggregate scoring function was also developed to more physically assess the ability
of a speci�c ligand to bind to ensembles. This methodology was designed to be general,
and can be applied to other systems.

The second portion of this dissertation will discuss the optimization of a small molecule
PAC1R antagonist identi�ed by the methodology outlined in the �rst portion of this disser-
tation as well as other PAC1R antagonists. This optimization is ongoing, and includes the
implementation of free-energy calculations in the AMBER MD package to predict the dif-
ference in free-energy of binding (�� Gbind ) of chemically similar ligands.

The third portion of this dissertation will discuss how computer aided design has also
been used to investigate and guide the synthesis of biologically relevant materials. Specif-
ically, the use of molecular dynamics simulations to elucidate the mechanism of a size-
selective catalytic molecular tetrahedron.
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CHAPTER 1: I NTRODUCTION

1.1 COMPUTER -AIDED DRUG DESIGN

High cost, long development time, and high failure rate are all challenges to the research

and development of novel small-molecule drugs.1 It is no surprise, then, that the number of

new small-molecule drugs coming to market is in decline.2 It is estimated for the process

(starting from the identi�cation of a suitable drug target to the completion of clinical trials)

to cost between two and three billion USD3 and take anywhere from ten to �fteen years.4

At its core, the drug discovery process strives to pare down the impossibly large breadth

of chemical space (all possible chemical compounds) to molecules that are biologically

active and nontoxic. In recent years, traditional drug discovery methods, which have their

roots in structure activity relationship (SAR) and other "guess and check" methodologies,

are being increasingly augmented through the inclusion of theoretical and computational

modeling.5–7 These techniques have proven effective at reducing the cost, failure rate, and

development time of drug discovery.8–10

Computer-aided drug design (CADD) encompasses a wide range of theoretical and

computational methods which are applied to drug discovery process. In general, CADD

methodologies can be generally categorized into two groups: (1) ligand based drug design

(LBDD) and (2) structure based drug design (SBDD).12 LBDD relies on knowledge of

known active molecules to determine which functional groups on the molecule are impor-
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Figure 1.1.It is estimated that chemical space is as large as1060 � 10100.11 The challenge of
drug discovery is to �nd chemical compounds which are both strongly biologically active
and nontoxic.

tant for biological activity. From this information, new biologically active molecules can

be predicted and synthesized. SBDD methods exploit the known three-dimensional (struc-

tural) information of a biological target. This structural information is commonly derived

from an X-ray crystal structure, a cryogenic electron microscopy (cyro-EM) structure, or

a homology model — an atomistic, predicted model built using a protein with a similar

sequence whose structure is better known as a template — although other methods do ex-

ist. Ligand docking is perhaps the most common form of SBDD and estimates the ligand's

free energy of binding (� Gbind ) using a scoring function, a rudimentary potential energy

function.13 Although many different scoring functions with many different functional forms

exist, in general, the scoring function breaks down� Gbind into the sum of individual terms

which are known to be crucial for strong ligand binding (solvation, ligand-protein interac-

tions, rotational penalties, etc.).14 In practice, scoring functions are coupled to stochastic

search algorithms which randomly sample the ligand in the user-de�ned binding pocket

approximate the most energetically favorable binding motif (lowest� Gbind ). In addition to

ligand docking, there are alsode novotechniques which attempt to build a biologically ac-
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tive ligand from the shape and properties of the binding pocket. There are also techniques

which strive to optimize known ligands by predicting the activity of analogs of known

ligands.

By de�nition, all SBDD methods rely on accurate structural information. Unfortunately,

this is a unifying weakness of SBDD, as structural information is often not known. Even if

limited structural information of a protein is known, it is still important to be wary of the

accuracy or physical applicability of known information. For example, a crystal structure

is a single snapshot of a crystalline protein and is, potentially, not representative of the pro-

tein's true conformation in solution. Many proteins are crystallized in conformations that

are unsuited for speci�c drug discovery problems (i.e. the protein is crystalized in an acti-

vated state while antagonists are desired). In reality, proteins exist as ensembles, or groups,

of interconverting, related conformations that are separated by high energy transitions. A

single snapshot cannot capture this phenomenon and precludes the possibility of multiple

distinct structures which are all biologically active or inactive. Homology modeling, an-

other method to circumvent a lack of structural information, is also not without weakness

— although the key assumption is that proteins with high sequence similarity have simi-

lar structures, it is not always the case and even small differences between related protein

sequences can have drastic impact on drug binding. Substantial effort has been made to

quickly and accurately �ll in the gaps of limited structural information.

1.2 MOLECULAR DYNAMICS

Molecular dynamics (MD) is a computer simulation method which tracks the time evo-

lution of atoms and molecules according to Newton's equations of motion in order to esti-
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mate the canonical partition function,Z , Eq. 1.1.

Z =
X

i

e� E i =kB T (1.1)

Wheree is Euler's number,E i is the energy of the system in some microstate,i , kB is

Boltzmann's constant, andT is temperature. This function describes the properties of a

system in thermodynamic equilibrium and represents free energy. Within the scope of MD,

Eq. 1.1 is discrete, as MD ensembles are, practically, a discrete collection of conforma-

tional states of a system. To accomplish this, in unbiased, all-atom MD (the most common

type of MD), each atom is represented by a sphere and given properties such as charge,

mass, van der Waals radius, etc, and each bond is generally represented as a spring and

given properties of equilibrum bond length, spring constant, etc which are derived from

experimental or quantum calculations.15 Given a set of reasonable starting coordinates and

randomly selected velocities, the atoms and molecules comprising the model system are

allowed to freely interact with each other for a predetermined amount of time. Then, for

each microstate,i , E i is calculated using the force �eld, a set of parameters and potential

energy function,Eq. 1.2.

E i;tot = E i;bond + E i;angle + E i;dihedral + E i;electrostatic + E i;LJ (1.2)

Where each term is the potential energy associated with its current microstatei . Because

MD is a classical technique, the functional form of these terms are also classical. For exam-

ple, in it's simplest form,E i;bond is approximated as Hooke's law (bonds are approximated

as springs), andE i;electrostatic is approximated from Coulomb's law. The equilibrium con-

stants and other parameters for these equations often come from the parameter set of the
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force �eld which is usually derived from quantum models and/or �t to experimental data.

From the potential, the force,~F , each particle feels is calculated as inEq. 1.3and used to

update the positions of the system's components at regular intervals.

~F = � r E i;tot (1.3)

From the time evolution of the system's coordinates according toEq. 1.1-1.3, useful chem-

ical information can be extracted. Usually, this comes from analyzing properties like in-

termolecular interactions, conformational changes, binding events, etc. which are dif�cult

or impossible to observe experimentally. Indeed, MD has emerged as a useful tool for the

elucidation of many chemical and biological processes. It follows that, because the time

evolution of the system is dependent on the force �eld, the accuracy of the chemical in-

sights gleaned from the MD simulations are highly dependent on the accuracy of the force

�eld as well. As such, extensive effort has gone into making force �elds which accurately

reproduce experimental and quantum calculated proprieties for a wide range of system

(proteins, nucleic acids, small molecules, etc.).

1.2.1 ENHANCED SAMPLING (BIASED M OLECULAR DYNAMICS )

Molecular dynamics, which is rotted in statistical mechanics,Eq. 1.1, suffers from the

sampling problem. In order to estimate the macroscopic behavior of systems accurately,

enough microstates must be sampled. This is straightforward for systems which reach con-

vergence quickly (i.e. systems which freely sample a majority of microstates within a rea-

sonable computational timescale) such as an alanine dipeptide, for example. However, it

becomes less straightforward for large, complex systems such as proteins (a ubiquitous tar-
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get of SBDD) whose free energy minima are separated by high energy transitions on the

potential energy surface. Practically, this means that simulations can become trapped in

local energy minima without ever exploring other microstates of interest.16–18

One, perhaps inelegant, solution to the sampling problem is to build a more powerful

computer. An embodiment of this philosophy are Anton and its successors, massively pow-

erful supercomputers built by D. E. Shaw Research, a private research company. Anton

was capable of simulating a system of approximately 23,000 atoms at a rate of over 17,000

ns per day. Although such hardware allows for larger and lengthier simulations, it is pro-

hibitively expensive for the average user and, therefore, only accessible to a small number

of researchers. Furthermore, waiting for hardware to become more powerful is not a fea-

sible solution for time-sensitive challenges, especially considering the slowing of Moore's

law. Alternatively, substantial effort has also been made to enhance sampling via improved

samplingef�ciency rather than extending sampling times. As an example, metadynamics

and umbrella sampling represent perhaps two of the most successful enhanced sampling

techniques.19,20These techniques are often implemented to accurately calculate� Gbind —

an attractive way to evaluate ligand structures. For example, if using umbrella sampling,

the ligand is �rst pulled from protein binding pocket and an MD simulation is run for each

window along this coordinate. If using metadynamics, an energetic bias is applied to pre-

viously sampled microstates “�lling in” the free energy surface until the ligand dissociates.

Although these methods have proven to be powerful, they come with limitations of their

own — they are most effective when the proper reaction coordinate is obvious and/or well-

known. However, for systems where the appropriate coordinate is less obvious or hard to

de�ne (e.g. protein folding), metadynamics and umbrella sampling prove challenging.
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1.2.2 ALCHEMICAL FREE ENERGY CALCULATIONS

Alchemical free energy calculations can be impletmented into MD simulations to cal-

culate the free energy difference of relevant transfer processes using intermediate, thermo-

dynamic states. Examples of transfer processes include: (1) a molecule changing from the

solid phase to the liquid phase (� Gsolvation ), (2) the effects of protein side chain mutation(s)

on stability, (3) the transfer of a small molecule from solution to a receptor (� Gbind ), and,

perhaps most pertinent to CADD, (4) the mutation of one ligand in the receptor pocket

to another (�� Gbind ). The backbone of these techniques is the use of bridging potential

energy functions that represent intermediate, alechemical states that are non-physical. In

other words, they do not represent actual chemical species. These bridging potential en-

ergy functions couple the distinct states and allow the underlying statistical mechanics,Eq.

1.1, to converge. The thermodynamic data collected from these calculations allows for the

ef�cient computation of free energies with orders of magnitude less computational resource

time than simulating the process directly.

Two of the most common types of alchemical free energy calculations for the ef�cient,

accurate comparison of ligand-receptor� Gbind 's are (1) free energy perturbation (FEP),

Eq. 1.4, and (2) thermodynamic integration (TI),Eq. 1.10.

� Ga! b = � kB T ln

*

exp

2

4 �
H b(x; px ) � H a(x; px )

kB T

3

5

+

a

(1.4)

Where H a(x; px ) is the Hamiltonian describing the starting state,a, H b(x; px ) is the

Hamiltonian describing the target state,b, x is the set of atomic coordinates,px is the cor-

responding set of atomic momenta, andh:::i a is the ensemble average over con�gurations

of the starting state,a. In an MD simulation,Eq. 1.4will not converge unless ensemblesa
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andb overlap. This is not guaranteed. Thus,� , the coupling parameter, is introduced. The

purpose of the coupling parameter,� , is to smoothly transform starting statea's Hamilto-

nian into target stateb's Hamiltonian, ensuring intermediate states exist and allowingEq.

1.4to converge.21 This yieldsEq. 1.5.

� Ga! b = � kB T
NX

i =1

ln

*

exp

2

4 �
H (x; px ; � i +1 ) � H (x; px ; � i )

kB T

3

5
�

i
(1.5)

WhereN is the number of intermediate states required to ensure smooth coupling be-

tween statesa andb, H(x; px ; � i ) is the Hamiltonian describing the intermediate state i,

andH(x; px ; � i +1 ) is the Hamiltonian describing the adjacent intermediate state. In simple

transformations (transformations without atoms which appear or disappear),H (x; px ; � i )

andH(x; px ; � i +1 ) are linearly interpolated,Eq. 1.6.

H (x; px ; � i ) = (1 � � i )H a(x; px ) + � i H b(x; px ) (1.6)

WhereH(x; px ; � i ) is the Hamiltonian which describes any intermediate state between

starting statea and target stateb. This ensuresEq. 1.5 can converge. Although this ap-

proach is suf�cient for small perturbations, for larger perturbations, especially those which

include the addition or removal of atoms, it tends to cause simulation instability from large

changes in energy. One solution to this problem is to scale the van der Waals and coulombic

interactions, the intermolecular interactions, non-linearly,Eq. 1.7-1.9.

H (x; px ; � i )LJ;appear = 4� (1 � � i )

2

4 1
�

�� i +
� r jk

�

� 6� 2 �
1

�� i +
� r jk

�

� 6

3

5 (1.7)
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H(x; px ; � i )LJ;disappear = 4�� i

2

4 1
�

� (1 � � i ) +
� r jk

�

� 6� 2 �
1

� (1 � � i ) +
� r jk

�

� 6

3

5 (1.8)

H(x; px ; � i )coulomb = (1 � � i )
qj qk

4�� 0

q
�� i + r 2

jk

(1.9)

Where H(x; px ; � i )LJ;appear and H(x; px ; � i )LJ;disappear are the LJ contributions to the

Hamiltonians of the appearing and disappearing atoms, respectively,H (x; px ; � i )coulomb is

the coulombic contribution to the Hamiltonians of the appearing and disappearing atoms,

� is the depth of the LJ potential well,� and� are tunable constants,r jk is the distance

between two atoms j and k,� is the distance at which the interaction energy is 0,� 0 is the

permittivity of vacuum, andqj andqk are the charges of atoms j and k, respectively. Using

this method, only the non-bonding interactions — the interactions of the ligand's appearing

and disappearing atoms with the environment — are scaled and the atoms are, therefore,

coupled or decoupled from the environment. Atoms of the ligand which are the same in

both the perturbed and unperturbed versions are not scaled and are present at all stages

along the� coordinate.

In contrast to FEP, TI methods useEq. 1.10.22,23

� Ga! b =
Z 1

0

*
@H(x; px ; � )

@�

+

�

d� (1.10)

Whereh@H(x; px ; � )=@�i � is the ensemble average derivative of the internal energy with

respect to� . Practically,h@H(x; px ; � )=@�i � , is collected at discrete points along the�

coordinate and integrated non-continuously to estimate�� Gbind . At their cores, these two

techniques are very similar. They both smoothly interpolate between two sets of force �eld

parameters using the coupling parameter,� , which can either be linearly interpolated (Eq.

1.6) or with a softcore implementation (Eq. 1.7-1.9). Essentially, the only difference be-
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tween the two techniques is the functional form of how the free energy difference of the

states is found. Even this is similar because, in practice,Eq. 1.10is evaluated at discrete

points along the� coordinate.

In practice, alchemical free energy calculations are used for the optimization of ligands

which already have a modest binding af�nity as well as the calculation of absolute free

energies of binding.24,25 There are other applications as well — such as calculating protein

pK a.22 To accomplish this, a thermodynamic cycle can be constructed to calculate the free

energy difference of changing a functional group on the ligand and comparing it to the un-

perturbed ligand. Although this will not calculate an absolute� Gbind , this is still desirable

as, presumably, the binding af�nity of the unpertrubed ligand has already been con�rmed

experimentally. This technique will yield a�� Gbind and can be used to optimize the lig-

Figure 1.2.Thermodynamic cycle for the evaluation of�� Gbind . Legs C and D represent
the alchemical transformation of the reference state to the target state in both solution (D)
and bound to the receptor (C), the free energy of which is given byEq. 1.5 or Eq. 1.10.
Legs A and B represent the absolute� Gbind , which is non trivial to calculate.

and by accepting changes that, by convention, give a greater negative�� Gbind (stronger

binder). This practice, which has proven to be an accurate way to optimize ligands, and is

signi�cantly quicker than some experimental techniques.
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1.3 GPCRS AND THE PAC1R

Most drug targets are members of one of �ve protein families: G-protein couple recep-

tors (GPCRs), ion channels, kinases, nuclear hormone receptors, or proteases. Of these,

approximately 35% of all drugs approved by the US Food and Drug Administration (FDA)

target 108 unique GPCRs.26 It is, therefore, no surprise that they are the most intensively

studied drug targets, as they are the largest group of transmembrane signalling proteins in

humans and are, therefore, substantially involved in human pathophysiology. There are ap-

proximately 800 GPCR members divided into �ve subfamilies, or classes, based on their

sequence homology and structural similarity: class A (rhodopsin-like), class B1 (secretin

receptor-like), class B2 (adhesion receptors), class C (metabotropic glutamate receptor-

like), and class F (frizzled).26–29

Class B1 GPCRs, also known as secretin receptor-like, are a small class consisting of

only �fteen known members that are modulated by a number of critical regulatory peptides

such as calcitonin gene-related peptide (CGPR), parathyroid hormone (PTH), glucagon, va-

soactive intestinal peptide, and pituitary adenylate cyclase-activating polypeptide (PACAP,

ADCYAP1).27 All class B GPCRs consist of an n-terminus extracellular domain (ECD)

which extends into the cytoplasm of the cell, a transmembrane heptahelical (7TM) bundle,

three extracellular loops (ECLs), three intercellular loops (ICL), as well as an eighth� -

helical C-terminus which extends into the cell. Class B GPRC cognant ligands bind either

to the ECD or in various pockets on or in the 7TM bundle.30

The PACAP-speci�c type 1 receptor (PAC1R), one particular class B GPCR, is highly

expressed in the central and peripheral nervous systems31 of humans and is activated by

both PACAP neuropeptides: PACAP27 and PACAP38, which are alternatively post-translationally
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Figure 1.3.The PAC1R and its relevant biological pathways. The PAC1R can be coupled
to G� q, G� s, or � -arrestin which activate the PLC, AC, or ERK pathways, respectively.
Reproduced with permission.27

processed. The PAC1R is coupled to two distinct G-proteins, G� s and G� q. When coupled

to G� s, the PAC1R activates adenylyl cyclase (AC), and, when coupled to G� q, the PAC1R

activates phopholipase C (PLC). In both pathways, the extracellular signal-regulated ki-

nases (ERK) are activated through either the conversion of adenosine triphosphate (ATP)

to cyclic adenosine monophosphate (cAMP) via adenylyl cyclase (AC), in the case of G� s,

or through internalization of Ca2+ via phospholipase C (PLC) in the case of G� q. Besides

these two dual coupled G-proteins, G� s and G� q, PAC1R's involvement in endosomal

signaling pathways are also of cellular importance to ERK regulation. More speci�cally,

previous work elucidating the function of the PAC1R has shown that long-term ERK acti-
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vation is heavily dependent on PAC1R internalization via� -arrestin.28,32,33

The structure of the PAC1R prototypically shares much in common with other class

B GPCRs. Speci�cally, the PAC1R has an ECD and 7TM bundle as well as three ICLs

and three ECLs. In addition to these overarching structural morphologies, the PAC1R has

many sequence isoforms — not all of which are commonly expressed in the human body.

There can be two, twenty-eight amino acid cassettes (the Hip and Hop cassettes) as well

Figure 1.4.The PAC1R, a class B GPCR. Like other class B GPCRs, the PAC1R has an
N-terminal extracellular domain (ECD), seven transmembrane helices (7TM bundle), and
an intercellular facing C-terminal eighth� -helix.

as a shortened version of the Hop cassette, Hop2, inserted into the third ICL. This gives

�ve isoforms, (1) the PAC1R with no cassette insert (PAC1-Null), (2) with the Hip cas-

sette, (3) the Hop cassette, (4) the Hop2 cassette, or (5) both the Hip and Hop cassettes.

In general, the null variant is more highly expressed in the central nervous system, while

the Hop variants are more commonly expressed in the peripheral autonomic neurons.33 Be-

sides the three ICL3 cassettes, there are also splice variants in the ECD — a twenty-one
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amino acid loop can be expressed there.34 The explicit purpose of this loop is, as of yet,

unknown. Interestingly, however, the most commonly expressed variant of PAC1R in the

central nervous system (PAC1-Null) also includes this additional twenty-one amino acid

ECD loop.

As with any large, complex biological pathway, PAC1R has been implicated in many

regulatory processes: food and liquid consumption,35,36 sleep,37,38 locomotion,39 memory

and learning functions,40 and circadian functions.41 Further, there has been great interest in

the study of the PAC1R not only because of its widespread involvement in the short-lived,

general homeostatic functions listed above, but also because of its role in chronic disorders

such as chronic stress leading to behavioral disorders, including anxiety-related pathologies

and migraine.

1.4 THE PAC1R AND M IGRAINE

Migraine is the most common neurological disorder and the third most prevalent illness.

It is estimated that it effects 15% of the world's population, speci�cally effecting one in

four people in the US, and disproportionately affecting women. Migraine is a neurovascular

disorder, recognized as the second most disabling disease characterized by intense pulsatine

headaches frequently accompanied by nausea, photophobia, and other symptoms.42–44

The cause(s) of migraine are not well understood, however, the calcitonin gene-related

peptide (CGRP), a potent vasodilator, has proven to be released during migraines.45 Exoge-

nous CGRP administration has also been shown to induce migraine-like headaches indis-

tinguishable from spontaneous migraine attacks. Further, the CGRP receptor (CGRPR) is

localized in the middle meningeal artery (MMA) the dilation of which has been implicated

as one component contributing to migraine pathology.
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Currently, therapeutic options for migraine include targeting the CGRP or CGRPR with

monoclonal antibodies (mAbs) or small molecule antagonists. These treatments are not ef-

fective for all migraine sufferers, and few mAbs for migraine prophylaxis have demon-

strated ef�cacy and successfully passed phase II clinical trials. Small molecules, on the

other hand, which are still desirable due to their higher bioavailability, batch-to-batch con-

sistency, and metabolic stability, have also had some success.46 Gepants, small molecules

which target the CGRPR, are fast acting and can be taken orally unlike mAbs. However,

due to how they are metabolized by the body, there is a higher possibility of liver damage.42

Recently, new attention has been drawn to the PAC1R and its biological pathways for

the treatment of migraine due to PACAP's ability to induce migraine-like attacks. It has

also been reported that photophobia, one of the more common symptoms of migraine, were

signi�cantly reduced in mice without the PAC1R gene present. Additionally, the PAC1R

has shown to be co-localized in the MMA alongside the CGRPR, further suggesting that is

is involved in migraine pathology.47,48Unfortunately, ALD 1901 and AMG 301, two mAbs

which target PACAP and the PAC1R, respectively, were found to have no signi�cant effect

on the amount or severity of migraines in phase II clinical trials (Table 1.1). Additionally,

no FDA approved small molecules which target the PAC1R exist, however, Beebe and

colleagues have reported small-molecule antagonists of the PAC1R (Figure 1.5).49 While

these compounds proven effective at blocking the G� q pathway, they failed to block the� -

arresting and G� s pathways. Besides Beebe and coworkers, Takasaki and coworkers have

used high-throughput virtual screening (HTVS) to identify new small-molecule antagonists

for the PAC1R which bind to the ECD (Figure 1.5).50 Conversely, compared to the Beebe

compounds, Takashi and coworkers small-molecule antagonists inhibit the G� s pathway
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Table 1.1.Summary of mAbs and small molecules targeting the PAC1R and the CGRPR
for the treatment of migraine.

Therapy Name Company Biological Target Delivery Method Note

Monoclonal Antibodies

Erenumab Amgen CGRPR Subcutaneous Market

Ajovy Teva CGRPR Subcutaneous Market

Emgality Lilly CGRPR Subcutaneous Market

Vyepti Alder CGRPR Intravenous Market

AMG 301 Amgen PAC1R Intravenous Failed phase II

ALD 1901 Alder PAC1R Intravenous Failed phase II

Small Molecules

Talcagepant Merck CGRPR Oral Liver Toxicity

Olcegepant N/A CGRPR Intravenous Discontinued

Rimegepant Biohaven CGRPR Oral Market

Ubrogepant Allergan CGRPR Oral Market

Atogepant AbbVie CGRPR Oral Market

but not the� -arrestin or G� q pathways. Despite the current therapies for migraine as well

as the currently published PAC1R small molecule antagonists, there still exists and will

always exists the need for new, better therapies.
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Figure 1.5.Small molecule antagonists of the PAC1R. Left,Hydrazide 1 andHydrazide
2 from Beebe and coworkers.49 Center and right,PA-8, PA-9, andPA-10 from Takasaki
and coworkers.50

1.5 APPLICATIONS TO CADD, CONCLUSIONS, AND

I NTRODUCTORY REMARKS

Identifying small molecule antagonists for the PAC1R and other class B GPCRs re-

mains challenging. However, due to the PAC1R's involvement in migraine and other patholo-

gies, it still remains an attractive target for new therapeutics. Unfortunately, the limited

structural information of the PAC1R (the 7TM bundle in particular), which will be dis-

cussed in chapter 1, makes targeting the PAC1R especially dif�cult.

Despite this, the lack of therapeutics which target the PAC1R represents a void which

could be potentially �lled by the application of CADD and SBDD. More speci�cally, the

use of all-atom MD, free energy techniques, and structure-based docking can be used to

leverage the limited structural information of the PAC1R for the identi�cation and opti-
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mization of active compounds into potent drugs for the treatment of disorders caused by

PAC1R mediated cellular processes. New computational work�ows and processes which

are designed to better identify PAC1R antagonists will be discussed in this dissertation.
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CHAPTER 2: I DENTIFICATION OF PAC1R ANTAGONISTS V IA A

NOVEL ENSEMBLE DOCKING M ETHODOLOGY

2.1 BACKGROUND AND I NTRODUCTION

While many G protein-coupled receptors (GPCRs) are being investigated as important

therapeutic targets, structure-based drug design (SBDD) remains challenging.1–3 The three-

dimensional (3D) structures of most GPCRs have not been fully solved. Even with latest

breakthrough in protein structure prediction like AlphaFold,4 the available structures may

not represent the conformational states needed for accurate SBDD. The receptor of the pitu-

itary adenylate cyclase-activating peptide (ADCYAP1R1, hereafter referred to as PAC1R),

an emerging therapeutic target for stress-related disorders,5–8 is a good example. Currently,

the full-length PAC1R structures in Protein Data Bank (PDB) is a short isoform (Uniprot

ID: P41586-3)9,10 but the structures of the most prevalent long isoforms — PAC1-Null

(Uniprot ID: P41586-1) or PAC1-Hop (Uniprot ID: P41586-2) — are still lacking.11 All

these structures are complexed with peptide agonists and a heterotrimeric G protein com-

plex, and thus may not represent the inactive conformations relevant to antagonist binding.

Over 40% GPCRs have more than one isoforms,12 and each GPCR can adopt multiple con-

formational states which can be stabilized upon interactions with binding partners.13 For

accurate SBDD, it is important to employ chemically relevant conformations of the most
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medically relevant isoform as it is this ensemble of 3D pocket structures the drug must

tightly bind. Here, we used PAC1R as a model system and investigated how to improve

modeling accuracy and predictive power for SBDD with limited 3D structural information,

using the method of Essential Dynamics Ensemble Docking (EDED). With the proof of

principle, this method can be readily generalized to develop therapeutic targets to target

more GPCRs.

PAC1R and its endogenous peptide hormone PACAP play an important role in neural

development, calcium homeostasis, glucose metabolism, circadian rhythm, thermoregula-

tion, in�ammation, feeding behavior, pain modulation, as well as stress and related en-

docrine responses.14–16 For example, increased levels of PACAP in the blood have been

reported in women diagnosed with post-traumatic stress disorder8 (PTSD), implicating

chronic activation of the PAC1R in the disorder. Other studies7,17 have suggested that

PAC1R activation mediates the adverse emotional consequences of chronic pain via down-

stream MAPK/ERK activation. Thus, these prior studies indicate that PAC1R antagonism,

especially with small-molecule antagonists, represents a new strategy to treat PTSD, chronic

pain, and related disorders.8 Similar to other class B GPCRs, PAC1R possesses a heptaheli-

cal transmembrane domain (7TM) and an extracellular domain (ECD).1 Most of the neural

and peripheral tissues known to date contain the PAC1-Null or PAC1-Hop isoforms that

includes a 21-amino acid insert in the ECD (Figure 2.1), which is missing in available

PAC1R structures in the PDB.18 This ECD insert was found highly dynamic in our previ-

ous modeling studies.19,20 Further, the agonist-bound cryo-EM structures are not directly

applicable to computational design or screening of PAC1R antagonists. GPCRs sponta-

neously adapt active and inactive signaling states, each of which are characterized by broad

conformational ensembles. In a conformational selection view, agonists and antagonists
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Figure 2.1. Top: cryo-EM of the PAC1R (PDB ID: 6M1I, blue cartoon) aligned to our
homology model (red cartoon). The 21 amino acid loop of our homology model is shown
in cyan stick representation. This loop is expressed in human PAC1R and recognized as the
canonical sequence, however, it is not present in the cyro-EM sequence. Also shown are
the approximate location of the cell membrane and the orthosteric binding pocket. Bottom:
BLAST alignment of the �rst 180 residues of the canonical PAC1R sequence (Uniprot ID:
P41586) and the PAC1R-Short sequence (P41586-3). Highlighted in yellow is the missing
21 amino acid sequence from the cyro-EM structure.
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stabilize GPCR conformations of the active and inactive ensembles, respectively.17,21 It is

now well accepted that to accurately design GPCR ligands as drug candidates, one should

use active conformations for agonist design and inactive conformations for antagonist de-

sign. Because the transition between active and inactive GPCR conformations is on the

millisecond timescale,22–25 it is computationally demanding to obtain the inactive PAC1R

conformations from the agonist-bound cryo-EM structures via molecular dynamics (MD)

simulations. Instead, we seek to use a homology model in this work and test with the

EDED method. Ensemble docking uses multiple receptor models obtained from clustering

the conformations sampled by MD simulations for molecular docking and is more effec-

tive at identifying GPCR ligands than docking to a single experimental structure.26 EDED

is distinct from prior ensemble docking approaches, mainly in clustering and selection of

receptor models. Global root mean square deviation (RMSD) is convenient to cluster simi-

lar structures, but the highly dynamic extracellular and intracellular loops (ECLs and ICLs)

of GPCRs can signi�cantly compromise the otherwise good similarity between the 7TM

structures. Thus, clustering based on global RMSD can generate many unnecessary models

that are irrelevant to the intricate changes within the binding pocket of the GPCR. This

additional overhead ultimately lowers the ef�ciency and even the accuracy of ensemble

docking using global RMSD. EDED avoids this issue by focusing on both local similarity

and essential dynamics of the binding pocket. Although computational power is more ac-

cessible than ever, streamlined work�ows which expend computational resources only on

worthwhile calculations are always preferable. Herein, we applied EDED to PAC1R with

as few as four receptor models, which results show a signi�cantly reduced false positive

rate and a good correlation between the small molecule ef�cacy and the predicted score.

Our results provide the evidence for initial success to develop small-molecule antagonists
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Figure 2.2.Overview of ensemble docking work�ow. Left: Overview of structrual analysis
starting from the homology model. The MD trajectory is analyzed using PC and represen-
tative structures are pulled out. Right: Ligands are selected from the ZINC15 database and
�ltered using custom scripts. They are prepared in ligprep. Center: Ligands are docked to
the structures selected from the MD trajectory.
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for PAC1R and pave the way for future structure-based GPCR drug discovery.

2.2 MODEL PREPARATION AND M ETHODS

2.2.1 MODEL PREPARATION

A homology model of inactive PAC1R (with the canonical variant sequence, Uniprot

ID: P41586-1) using a template of the glucagon receptor (PDBID: 4L6R, 41% similarity)

was generated in our previous work.19 The PAC1R model incorporated the inactive features

of class B GPCRs such as a kinked TM6 and a closed ECD. A PAC1R antagonist we

discovered, JF214, was placed in the orthosteric pocket via molecular docking (Glide,27

Schrödinger Inc.). The PAC1R-JF214 complex model was later simulated to sample the

inactive conformational ensemble.

2.2.2 SIMULATION SETUP

To obtain inactive conformations for docking, theJF214-bound homology model was

simulated with the OPLS328 force �eld in explicit SPC solvent in the NPT ensemble (300 K,

1 atm, Martyna-Tuckerman Klein coupling scheme). A POPC membrane was place around

the 7TM using the Orientations of Proteins in Membrane (OPM) database.29 The simulation

was performed in the Maestro-Desmond program (GPU version 5.4) with a timestep of 2

fs and a total simulation time of 500 ns. The Ewald technique was used for long range

electrostatic calculations. The Van der Waals and short-range electrostatic interactions were

cut off at 9 Å. Hydrogen atoms were constrained using the SHAKE algorithm.
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2.2.3 SIMULATION ANALYSIS

MD trajectories were analyzed using in-house Python and TCL scripts as well as Visual

Molecular Dynamics (VMD).30 We �rst aligned the 7TM of the PAC1R (residues 156-405)

to the homology model to reduce noise due to translational movement. Next, the coordi-

nates of the centers of mass for any residue whose side chain was within 3 Å of any ligand

atom in the static model were collected and parsed using our TCL and Python scripts. A

dimension reduction based on principal component analysis (PCA) was used to determine

which collective motions (termed principal components, PCs) contributed most to varia-

tions in the overall conformations of the binding pocket. The �rst �fteen PCs (accounting

for approximately 90% of the cumulative variance,Figure 2.3) were clustered using a K-

means clustering algorithm implemented by PyEmma.22 Based on inspection of the �rst

Figure 2.3. Graph of percent of total variance captured versus number of principal com-
ponents. The tapering off of the graph suggests the higher dimensions are not needed to
capture the dynamics of the simulation.

two PCs (Figure 2.6, more details in the results) four cluster centers were identi�ed. As
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these cluster centers are not frames in the trajectory but are instead points in the PC space,

the cluster centers' PC coordinates were projected back to the original Cartesian coordi-

nates. Frames from the trajectory which were closest to these Cartesian coordinates, based

on a root-mean-square deviation (RMSD) measurement, were selected as the ensemble

docking receptor structures. It is worth noting that we chose a minimum number of clusters

for subsequent docking regarding the projection of the data in PCA space, and our physics-

based approach is transferable to other GPCRs and expanded clustering. In fact, our focus

on the relevant receptor models likely requires less sampling in MD simulations and fewer

clusters for subsequent docking, a practical advantage for large-scale screening.

Figure 2.4.In depth overview of ensemble docking methodology.
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2.2.4 MOLECULAR DOCKING AND SCORING

Receptor grid models were generated using the three-dimensional structures selected

as detailed above with ARG199 selected as the center of the docking box with an 18 Å

cutoff. Docking was carried out using Schrödinger Virtual Screening Work�ow27 at three

consecutive levels of precision (HTVS, SP, and XP) both for small molecules docked to

the static homology model and to the conformation ensemble. At each level the top 10%

of ligands were kept before being screened at the next level of precision. Ligands were

docked �exibly and non-planar amide bonds were penalized. Small molecules docked to

our PAC1R ensemble were given an overall score,Ensemble � Gbind , based onEq. 2.1.

Ensemble � Gbind = ln
1 +

P N
i =2 exp

�
� � Econf i; 1

�

P N
i =1 exp(� � Ebind i )

(2.1)

Where� Econf 1;i is the difference in energy between the lowest energy receptor confor-

mation and each subsequent conformation calculated using the clustered trajectory, and

� Ebind i is the corresponding Glide XP docking score to that same conformation. This

score is appropriate for any number, n, of metastable target protein conformations and is

readily derived from the thermodynamic cycle that compares the relative energetics of a

given binding to different receptor conformations (Figure 2.5).

Docking was carried out against compounds (i) pseudo-randomly selected from the

ZINC1531 database, (ii) as analogs ofJF214 to the static ligand-free homology model,

to the cryo-EM structure,32 and to the conformational ensemble. In total, a small test set

of 10,000 drug-like compounds were selected and download from the ZINC database and

docked using Schrödinger's VSW as described previously.
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Figure 2.5.Thermodynamic inspiration of the scoring method.Conf 1 is the lowest energy
structure calculated from the MD trajectory population.� Ebind i comes from docking. The
red pentagon represents the same ligand docked to each ensemble conformation.

2.3 RESULTS AND DISCUSSION

2.3.1 CONFORMATIONAL ANALYSIS OF THE PAC1R

As a �rst step to seek novel PAC1R antagonists, the inactive state conformational en-

semble of PAC1R was estimated using a 500 ns MD simulation of aJF214-bound ho-

mology model.JF214is a potent antagonist of PAC1 that we discovered previously using

structure activity relationships and is used here as a hit compound. For the entire length of

the simulation the ligand remained bound in roughly the starting conformation, the ECD re-

mained closed, and transmembrane helix six (TM6) remained straight and helical (Figure

2.1). All these features are consistent with a deactivated structure of PAC1R.33 The closure

of the ECD prohibits binding of PACAP to both the ECD and the orthosteric pocket, while

concurrently the continuity of TM6 hinders binding of effector proteins to the intracellular

domain of the receptor.
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Figure 2.6.Representative structures of PAC1R obtained via Essential Dynamics Ensemble
Docking reveal important changes in the orthosteric pocket. The histogram of all trajectory
frames projected onto the �rst two principal components of residues within the orthosteric
binding pocket of PAC1R. Black points are the representative structures determined by
the K-means clustering algorithm. These representative structures are the four receptor
structures used for ensemble docking at later stages.

To extract members of the conformational ensemble from the MD simulation, the 7TM

domain was aligned of the to the initial structure and the Cartesian coordinates of the bind-

ing pocket residues were analyzed using principal component analysis and clustered as

described previously. Encouragingly, visualization of the binned trajectory in the �rst two

dimensions of PC space revealed four distinct conformational states of the pocket (Figure

2.6). Further, clustering using a K-means algorithm identi�ed cluster centers each with rep-

resentative frames with RMSD values less than 1 Å away from a trajectory frame meaning

each cluster center had a suitable representative frame from the trajectory. Each of the four

cluster center representative frames was taken as a distant receptor model in the conforma-

tional ensemble.

34



2.3.2 ENSEMBLE DOCKING

To test the effectiveness of our approach, we carried out docking of compounds (i)

pseudo-randomly selected (ligands could only be selected if they were within an order

of magnitude ofJF214's molecular weight and octanol-water partition coef�cient, logP)

from the Zinc database,31 (ii) as analogs ofJF214to the static ligand-free homology model,

cryo-EM structure,9 and the conformational ensemble. In total, a small test set of ten thou-

sand drug-like compounds were selected and downloaded from the Zinc database. Com-

pared with docking to the ligand-free homology model and ligand-free cryo-EM structure,

EDED signi�cantly improved the identi�cation of compounds with SBDD derived prop-

erties comparable toJF214 (Figure 2.7). The average free-energy of binding (� Gbind )

of the top 350 (approximately 2.5%) of compounds docked to the ligand-free homology

model improved from -5.9 kcal/mol to -9.4 kcal/mol when docked against the ensemble.

Likewise, it improved from an average of -5.8 kcal/mol to -9.4 kcal/mol when compared

to the ligand-free cryo-EM structure. This gives an average 3.55 kcal/mol increase in aver-

age binding af�nity of the best compounds. Additionally, EDED identi�ed six compounds

predicted to bind to PAC1R with comparable af�nity asJF214.

In order to determine a structural reason for the increase in average docking score, the

binding pose(s) of the top compounds from both methodologies were examined. We have

previously reported ARG199's suspected key involvement in the activation and deactiva-

tion of PAC1R.11 This is further corroborated byJF214's strong cation-pi interactions with

the residue in our models. A reasonable assumption can be made, therefore, that any new

small molecule antagonist would likely also need to interact strongly with this residue.

Interaction with ARG199 across all the ensemble conformations became a critical deter-

mining factor for which top ensemble docking compounds should be chosen for future
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Figure 2.7. Homology model docked ligands (�rst rank), cryo-EM structure (PDB ID:
6M1I) docked ligands (second rank), and the scores for the ligands docked against each
individual representative cluster model (ranks three through six). The scoring function out-
lined in the main text (rank seven).
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synthesis and/or computational optimization. Examining the compounds which have en-

semble docking scores close to or better thanJF214, this interaction is present for all six

top scoring ligands in at least one of the ensemble docking poses (Figure 2.8, panels A-F).

This is in contrast with the ligand-free homology model and ligand-free cryo-EM structure

Figure 2.8. Docking poses of the top six compounds (orange tube representation) from
the ensemble docking methodology. These poses were selected from the ensemble to high-
light interactions with ARG199 (cyan tube representation), a key residue in the activation-
deactivation paradigm of PAC1R. All ligands are roughly linear in nature and have aromatic
or electron rich functional group(s) proximal to ARG199 in all docking poses.

docking where only relatively few of the top compounds from this methodology were able

to �nd this key interaction. Also of note are induced �t effects where the MD simulation

of JF214in the pocket may affect the binding pocket through subtle shifts in the backbone

and the rotation of side chains. In the static homology model, the 7TM helical bundle is

closer together, de�ning a more compact orthosteric pocket. This means it is less accessi-

ble to ligands and more unlikely that anything but an incredibly small ligand will bind deep

into the pocket below ARG199. In contrast, the conformations in the ensemble docking are
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more open, better allowing ligands into the pocket. This can be seen by where the majority

of ligands found their best pose. Although both datasets were docked against a grid cen-

tered on ARG199, the ensemble docking results have the majority of top ligand below the

residue, low in the pocket. When docked against the homology model, the top ligands are

higher in the pocket at lowest in line with ARG199.

2.3.3 SCORING FUNCTION

A thermodynamically driven approach to scoring the binding poses of a given com-

pound to multiple receptor structures was used to assess the binding af�nity of the docked

ligands. This approach quantitatively captures various physical phenomena that are often

considered when computing overall docking scores; (1) the relative likelihood of the re-

ceptor obtaining the different conformations are explicitly included, and (2) the binding

of the ligand to the receptor changes the energies of the complex differentially in the dis-

tinct conformations. Importantly, this model properly handles confounding cases that other

approaches, such as a simple direct averaging of different docking score, would not de-

scribe well. For instance, for any given ligand, a protein is technically able to take on an

extremely unlikely conformation (� Econf >> 0), i.e. much higher energy than the struc-

ture with lowest free energy) where the binding of the ligand to the protein could be quite

favorable (� Ebind i � 10kT). Simply including this state in an average of docking scores

would treat it as equivalently important as conformations that are far more relevant to the

signal states of the protein. Our approach simply includes the energetics of binding into

the model such that the overall energy of this rare state is indeed still relatively high and

does not contribute signi�cantly to the �nal score inEq. 2.1. In sum, our ensemble score

takes into account the difference in overall energies of the bound receptor conformations
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and is appropriate for comparison with a physical experiment that is unlikely to be able to

distinguish between different bound conformations,Eq. 2.2.

e� E=kT = e(Ebound � Eunbound =kT) =
Punbound

Pbound
=

P n
i =1 Pcluster iP n

i =1 Pcomplex i

(2.2)

WhereEbound andEunbound are the energies associated with the ligand being bound or un-

bound to any receptor conformation, respectively,Pbound andPunbound are the total proba-

bilities of the ligand being bound or unbound to any receptor conformation in the ensemble,

respectively,Pcluster i is the probability of a speci�c receptor conformation (calculated from

the MD trajectory), andPcomplex i is the probability of the ligand being bound to that spe-

ci�c ensemble conformation. We note that our model is still more appropriate than equal

weighting for cases where one does not trust the relative energies of the different conforma-

tions. In such cases setting the� Econf i to 0 for each conformation (i.e. each conformation

is equally likely) reducesEq. 2.1to Eq. 2.3.

Ensemble � Gbind;equalweighted = ln

 
n

P N
i =1 exp(� � Ebind i )

!

kT (2.3)

Clearly,Eq. 2.3 is not a simple weighted average of the different binding scores, however

to our knowledge this analysis is lacking in the literature.

2.3.4 COMPARISON OF EDED PREDICTIONS AND ACTIVIY ASSAYS

While experimental validation of these identi�ed ZINC compounds will be reported in

a follow-up paper, we have tested thirtyJF214 analogs which were classi�ed as strong,

moderate, and weak antagonists in our ERK inhibition experiments. Docking each analog

against all four conformations in the ensemble and scoring them as previously described
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(Eq. 2.1) shows modest correlation to experimental results. The strong experimental antag-

onist had the highest predicted binding af�nities with an average -10.4 kcal/mol, while the

moderate and weak antagonists both had worse predicted binding af�nities -9.8 kcal/mol

and -8.5 kcal/mol, respectively.

Figure 2.9.Ensemble weighted Glide scores (� Gbind ) of thirty experimentally tested com-
pounds includingJF214. Compounds with strong, modest, and poor ERK inhibiting activ-
ity are depicted in green, blue, and red, respectively. Corresponding colored lines represent
the average ensemble weighted glide score for that category.

It is worth noting that Glide (and docking methodology in general) is best used to dis-
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tinguish ligands with no binding af�nity from ligands with binding af�nity34,35 (of any

amount), i.e., it is notoriously lackluster at quantitatively reproducing experimental bind-

ing energies.36,37 Additionally, the experimental assays provided here are measure of an-

tagonistic ability, and not binding af�nity. As quantitative binding studies were not done

experimentally, it is possible some of the false positives (compounds with poor experimen-

tal results but high ensemble docking scores) do bind tightly but are not effective allosteric

antagonists, i.e., they do not stabilize the inactive conformations or prevent cognate ligand

binding and activation in other ways.

2.3.5 ZINC000525587102,A NOVEL PAC1R ANTAGONIST

With EDED in hand, attention turned towards implementation of the methodology for

the discovery of novel PAC1R antagonists. To achieve this, compounds were pulled from

the ZINC15 database31 and screened against the PAC1R ensemble. In total, approximately

four million compounds were prepared and screened. The top compounds from the EDED

runs were visually inspected, and compounds which were believed to have the most realistic

binding poses were selected for synthesis. In total approximately �fteen new scaffolds were

synthesized. The synthesized compounds were then tested for PAC1R antagonism using

Ca2+ and ERK activation assays. Of the selected compounds,ZINC000525587102, Figure

2.10, was identi�ed as having modest antagonism for both the Ca2+ and ERK signalling

pathways. This compound was originally synthesized asRJB88, a simpli�ed version of the

antagonist lacking the indole �uorine.

ZINC000525587102is distinct fromJF214, the previously identi�ed PAC1R antago-

nist used to generate the EDED receptors models, however, it shares much in common. For

example, both compounds are linear and feature three distinct aromatic moieties separated
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Figure 2.10.Three compounds which are modest PAC1R antagonists.

by linkers. In the case ofJF214, the linkers are a hydrazide and a methylene carbon, while

in the case ofZINC000525587102the linkers are an amide and a sulfonamide.

Based on the docking poses, these ligands also bind in similar motifs. The central

aromatic core, for example, is engaged in cation-� interactions with R199. Additionally,

the amide nitrogen ofZINC000525587102can hydrogen bond with G389, which is also

present betweenJF214's hydraizde and the same resiude. Finally, the distal phenyl group

of both ligands points towards transmembrane helices three, �ve, and six and �ts into a

pocket comprised of residues F233, H234, V237, and F369.

Figure 2.11.Binding motifs ofJF214and ZINC000525587102. Both ligands' central aro-
matic core interacts with R199 (approximately 4 Å heavy-atom to heavy-atom distance).
Also, both ligands backbone hydrogen bind with G389 (2.9 Å heavy-atom to heavy-atom
distance)
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2.3.6 CONCLUSIONS AND FUTURE WORK

In conclusion, we have developed and implemented EDED, an ensemble docking in-

spired methodology for SBDD. By focusing on the essential dynamics of the ligand bind-

ing pocket, our method is distinct from many prior studies that built receptor clusters solely

based on the root mean square deviation (RMSD) of the entire protein backbone. Fur-

ther, the use of clustering within this reduced dimensionality conformational space directly

considers the local structural similarity of the ligand-binding pocket. We demonstrate that

EDED captures the critical changes in the 3D structure of the binding pocket that are known

to correlate strongly with binding af�nity of ligands. Our approach is partially based on the

assumption that differences in the binding pocket itself (as opposed to the protein as a

whole) predominately give rise to the different binding poses and energies that are the goal

of any ensemble docking work�ow. Using the EDED derived representative structures, we

screened a large dataset of compounds and successfully identi�ed novel small molecule an-

tagonists of the PAC1 receptor,ZINC000525587102. However, EDED is not speci�c to a

single GPCR and will likely accelerate the design of small molecule drugs that target other

GPCRS with currently unknown conformational states. Although this ligand only shows

modest binding af�nity, it represents the �rst success of this methodology. The optimiza-

tion of this ligand using CADD will be discussed in chapter 3 of this dissertation.
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CHAPTER 3: ALCHEMICAL OPTIMIZATION OF PAC1R

ANTAGONISTS

3.1 BACKGROUND AND I NTRODUCTION

High throughput virtual screening (HTVS) uses an ef�cient scoring function to quickly

separate active compounds from inactive compounds and approximate binding poses.1 It

is not suf�ciently accurate to determine which of two compounds is more biologically ac-

tive, especially in the case of ligands with chemically related structures.2–4 However, such

determinations are crucial for the hit-to-lead process which seeks to optimize the biologi-

cal activity of a ligand scaffold via altering the chemical structure of a ligand to increase

activity. Traditionally, this has been done by synthesizing and experimentally testing many

analogs of a ligand which are hypothesized to have improved biological activity. Although

effective, this is expensive and time-intensive.

More recently, MD-based alchemical free energy calculations have emerged as an ef-

fective way to optimize ligands with modest biological activity to lead compounds by �rst

predicting how chemical changes will affect binding strength. One method of calculating

the difference in ligand binding af�nity,�� Gbind , is thermodynamic integration (TI), re-
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call Eq. 1.10from chapter 1:

� Ga! b =
Z 1

0

*
@H(x; px ; � )

@�

+

�

d� (1.10)

This method uses a coupling parameter,� , to bridge the potential energy functions,@H(x; px ),

of two distinct chemical species. The utilization of this method avoids calculating the ab-

solute� Gbind because it is computationally challenging.5

Figure 3.1.Three compounds which are modest PAC1R antagonists.

In chapter 1, the biological relevance of the PAC1R was introduced. In chapter 2, a

new PAC1R small-molecule antagonist,ZINC000525587102, was identi�ed using a novel

ensemble docking methodology developed by our group. Although this ligand has modest

biological activity, it must be improved before it can be therapeutically relevant. In this

chapter, the optimization of this newly identi�ed compound,ZINC000525587102, a close

analog,RJB88, as well asJF214, a previously known PAC1R antagonist, will be discussed.

3.2 MODEL PREPARATION AND M ETHODS

3.2.1 MODEL PREPARATION

The homology model of the human PAC1R receptor (resiudes 26-421, Uniprot ID:

P41586) was built with the extracellular domain (ECD) template from the crystal struc-
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ture (PDB ID: 3N94) and the transmembrane heptahelical (7TM) bundle template from

glucagon G-protein coupled receptor (GCGR, PDB ID: 4L6R) a similar class B GPCR

which shares a 41% sequence identity. As previously discussed, the PAC1-Null receptor

with the 21 amino acid ECD insert is the predominant isoform in the brain. As such, the 21

amino acid sequence between residues 88 and 109 was inserted as an extended loop which

underwent a multistep re�nement and a 100-ns MD simulation as previously described.6

The 7TM of each protein model was embedded in a bilayer model of 1-palmitoyl-2-oleoyl-

sn-glycero-3-phosphocholine (POPC) oriented using the Orientations of Proteins in Mem-

brane (OPM) database7 and built using the CHARMM-GUI8 membrane builder while the

ECD and eigth transmembrane helix (TM8) were exposed to solvent. In total, CHARMM-

GUI was used to place 25,000 OPC water molecules, counter ions, 0.15 M NaCl, and 200

POPC molecules totaling approximately 95,000 atoms in a periodic box of 90 x 90 x 138

Å3.

Ligand structures were built in Maestro (Schrodinger Inc.) and placed in the homology

model orthosteric pocket using molecular docking (Glide,9 Schrodinger Inc.). Model sys-

tems of ligand structures simulated in the solvent phase were built using Maestro (Schrodinger

Inc.) and solvated using tLEaP (The Amber Project10,11) with OPC water to give systems

of approximately 60 x 65 x 65 Å3 and 25,000 atoms.

3.2.2 SIMULATION SETUP

All simulations were performed using the ff14SB12 protein force �eld and the general

AMBER force �eld13 (GAFF) for the ligands. Energy minimization and equilibration for

10 ns of the complete protein ligand complexes were �rst performed using the GPU imple-

mentation of PMEMD11 (Amber20). Production runs were simulated in the NPT ensemble
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Figure 3.2. Work�ow diagram of the TI methodology used to optimized PAC1R antago-
nists.

(300 K, 1 bar, Langevin thermostat, isotropic barostat) with a timestep of 2 fs. The particle

mesh Ewald (PME) technique was used for long range electrostatic calculations. The van

der Waals and short-range electrostatics were cut off at 9 Å. The SHAKE algorithm was

used to constrain protein hydrogen atoms. The dual topology method and soft-core atoms

were used.

3.2.3 SIMULATION ANALYSIS

Simulation ensembles were analyzed to approximate�� Gbind using custom Python

tools. The ensemble average@H(x; px ; � )=@�was calculated for each lambda window

in the � schedule: [0.0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0]. These values were

integrated with respect to� to give @H(x; px ; � ). The sum of these values along the�
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schedule represents the difference in free energy of binding (� Gbind ) between two states in

the ensemble. RecallEq. 1.10:

� Ga! b =
Z 1

0

*
@H(x; px ; � )

@�

+

�

d� (1.10)

This protocol was run for small molecule ligands complexed to the PAC1R as well as in

free solution. These values were subtracted from each other to give�� Gbind . Ensembles

were checked for convergence by evaluatingh@H(x; px ; � )=@�i � versus simulation time.

The plateauing of these traces for each simulation in the ensemble shows the convergence

on a value of�� Gbind , Figure 3.3.

Figure 3.3.An example convergence graph of@H(x; px ; � )=@�versus simulation time in
ps for each simulation in the ensemble.
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3.3 RESULTS AND DISCUSSION

3.3.1 VALIDATION OF THERMODYNAMIC I NTEGRATION M ETHOD -

OLOGY

Eq. 1.5 andEq. 1.10are two MD-based alchemical free energy calculations that can

be used to estimate the�� Gbind of two ligands,Figure 1.2. Our approach to the opti-

mization of PAC1R antagonists included usingEq. 1.10to estimate if a change would be

bene�cial before experimentally synthesizing and testing the molecule. However, before

these techniques were applied to optimizing PAC1R antagonists, speci�callyJF214 and

RJB88, it was important to validate them as best as possible. This was accomplished by

calculating the�� Gbind of previously experimentally tested PAC1R antagonists that had

been synthesized via traditional hit-to-lead methodology. Speci�cally, four TI transforma-

tions were run on changes which were experimentally known,Figure 3.4. It is important to

note that, although the experimental data for these molecule are not quantitatively known,

it is known that all these compounds are worse antagonists thanJF214. Further, because

Eq. 1.10 will converge to the same answer for any processa! b as b! a, the direction

of the transformation is unimportant. This allows, at least, a reasonable validation of the

method to correctly predict the direction of a chemical change given the known experi-

mental data. If more quantitative binding information were known, this method could have

been more exhaustively validated — speci�cally validating if the magnitude of the TI pre-

diction approximately matches the magnitude of the experimental difference in binding

af�nity. Figure 3.4shows the Glide ensemble� Gbind and the TI�� Gbind bind of JF214

transforming to four previously synthesized and tested analogs. All values of�� Gbind are

given in relation toJF214. This means positive values of�� Gbind are less potent binders
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Figure 3.4. Validation results of TI methodology on experimentally tested analogs of
JF214. Chemical changes relative toJF214are highlighted in blue. Transformations were
repeated for three random seeds.

thanJF214, while negative values of�� Gbind are stronger binders. To best validate the

methodology, multiple types of transformations were attempted. First, the transition from

JF214to JF215was designed to test the method's ability to capture small changes without

the addition or removal of any atoms — three aromatic hydrogens on the distal phenyl ring

are alchemically transformed to �uorines. Second, a change which involved a large amount

of appearing or disappearing atoms was also tested, for example, the transformation from

JF214to JF216involved the complete deletion of the distal di�uorophenyl ring (a net re-

moval of eleven atoms). The other two validation processes (the transformation ofJF214to

MB-3-183 and the transformation ofJF214to JF212fell somewhere in the middle of the
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two previously mentioned transformations; they both involved the addition and/or removal

of several atoms as well as the transformation of atoms — the transformation of an aryl

carbon to an aryl nitrogen in the transformation ofJF214to MB-3-183and the addition of

the methyl ester in the transformation ofJF214to JF212, for example.

In all four cases, the direction of the transformation was correctly predicted by the TI

methodology. Of particular note is the transformation fromJF214to JF215. Although this

transformation involved the subtle addition of three aryl �uorines, TI was able to predict

an approximate 3.5 kcal/mol difference in relative binding af�nity. This is in direct agree-

ment with experimental assays, which con�rm thatJF214 is a strong ERK and Ca2+ �ux

inhibitor while JF215is a weak inhibitor for both these pathways. Glide and the essential

dynamics ensemble docking (EDED) methodology (developed in chapter 2), on the other

hand, was not able to predict a difference between these two compounds' very different

biological activities — the ensemble docking� Gbind 's are almost identical forJF214and

JF215(-11.23 kcal/mol compared to -11.32 kcal/mol, respectively), highlighting the need

for TI in this context. Further, as could be expected, the complete removal of the entire

distal di�uorophenyl group also resulted in a large impact on�� Gbind . This is no surprise

as, based on the homology docking models, this group forms key interactions with TM6 of

the PAC1R. Both methodologies agree that this transformation is unfavorable, however, TI

predicted the transformation to be almost three times less favorable than ensemble docking.

Unfortunately, without more quantitative experimental binding studies it is not possible to

empirically validate which method best agrees with experiments in this context, however,

previous work has shown Glide is not an accurate tool for predicting binding af�nity.2–4

Taken together with the ensemble docking data, these transformations show promising

ability for this methodology to accurately predict how a chemical change will affect the
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biological activity of a ligand bound to the PAC1R.

3.3.2 INVESTIGATION AND ATTEMPTED OPTIMIZATION OF RJB88

With a new scaffold identi�ed from the EDED methodology developed in chapter 2,

and a reasonable validation of TI implemented in the AMBER MD package both in hand,

interest turned to optimizing the ligand to be a stronger inhibitor. Our attempts to optimize

RJB88, an analog ofZINC000525587102synthesized without the indole �uorine, be-

gan with �rst investigating how the new scaffold binds to the pocket of the PAC1R. More

speci�cally, if the scaffold binds in a similar fashion to that ofJF214. This began by �rst

considering howRJB88 and ZINC000525587102could lay in the binding pocket. Top

poses from the ensemble docking methodology suggest that bothZINC000525587102and

RJB88 could lie, broadly, in two similar fashions — with the distal phenyl group facing

TM5 or with the entire molecule rotated 180 degrees, facing TM1,Figure 3.5. Considering

Figure 3.5.Two possible orientations ofZINC000525587102(orange tube representation)
bound to the allosteric pocket of the PAC1R identi�ed using ensemble docking. On the left,
the indole is facing TM1, on the right the distal phenyl ring is facing TM1.

the generally linear nature of the ligand, both poses seems likely without further investi-

gation. Four ligands were designed,Figure 3.6, in order to probe howRJB88 binds to

the pocket. These four ligands incorporated the key functional groups ofJF214 into the

scaffold ofRJB88. The hypothesis being that, if the di�uoro analog,RJB145, is a stronger
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antagonist thatRJB88, a reasonable assumption can be made that the phenylsulfonamide

is interacting with the PAC1R in a similar way to the di�uorophenyl group ofJF214. The

other threeRJB88analogs are designed to elucidate if the scaffold binds the other orienta-

tion in the binding pocket, (Figure 3.5Right). If this were the case, presumably, adding the

hydroxyl and chloro groups which are known to be key toJF214's activity should increase

the activity of theRJB88 scaffold. Also, only one of the four top docking poses had the

Figure 3.6. Initial docking hit, ZINC000525587102, the original synthesized analog,
RJB88, and four of its analogs designed to probe the binding motif of the scaffold based
on known information of howJF214binds.

ligand docking with the indole towards TM5, however, this pose was the second highest

rated pose (� Gbind of -9.41 kcal/mol). The top pose of the four conformations, the pose

with the lowest� Gbind of -12.76 kcal/mol, was docked with the indole towards TM1.

Encouragingly, based on the resulting experimental assays from the synthesized molecules,

RJB145 was able to better inhibit the PAC1R,Figure 3.7. This western blot activity as-

say shows that the PAC1R's cognant ligand, PACAP27, in band 2 strongly activates the

receptor.RJB88 andRJB145, bands 3 and 4, respectively, are able to decrease the signal

of the PAC1R as evidenced by the lightening of their bands with the band corresponding to
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Figure 3.7.Western blot forRJB88 and its analogs. P27 is the shortened PACAP27 pep-
tide, the PAC1R's cognant ligand. A weaker signal is associated with less PAC1R activation
and, thus, a stronger antagonist.

RJB145being lighter than that ofRJB88. Interestingly, the other three analogs;RJB146,

RJB151, andRJB155, were all weaker antagonists than the originalRJB88 with the last

two, RJB151 andRJB155 having almost no inhibitory affect. Also of note isRJB146,

which has a chloro group on the meta position of the phenylsulfonamide. This ligand ap-

pears to have some affect on the PAC1R's activity, however, it is less potent thanRJB88

even though it also has a halogen on one of the same positions asRJB145. Perhaps, due to

chlorine's size, it is not able to interact in the same, favorable way the �uoro substituents

are. This data suggests, not only that this new scaffolds binds to a similar pocket asJF214,

but also that the phenylsulfonamide group is interacting in a similar way to that of the

di�uoro group of JF214.

Based on the chemical structure of theRJB88scaffold, we saw multiple potential meth-

ods for optimization, summarized inFigure 3.8. This included optimization of the indole,

which posed the highest dif�culty synthetically, optimization of the central linker, and opti-

mization of the distal phenylsulfonamide. It also included changing the central linker group

as well as the indole. Some of these areas of optimization were attempted and are discussed
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in this dissertation.

Figure 3.8.Areas of potential optimization ofRJB88. The �rst, R1, presents optimization
off of the distal phenyl ring. The second, R2, presents optimization off of the linker phenyl
ring. the third, R3, presents optimization off of the indole heterocycle. The last two, R4 and
R5 present optimization by changing the linker group and indole tail, respectively.

Linker Analogs

Based on the fact that the addition of the di�uoro was experimentally found to increase

activity early on, and that functionalizing the indole is synthetically more challenging and

expensive than functionalizing the phenyl linker, the linker presented the most attractive

area of the scaffold to attempt to optimize using TI methodology. This includes decorating

the phenyl ring as well as changing the linker itself,Figure 3.8, compounds3.2 and3.4.

In total, approximately sixty differentRJB145 analogs were investigated using TI. The

computational results are summarized inFigure 3.9andFigure 3.10. In general, lipophilic

additions were favorable off of the middle phenyl ring when they pointed deeper into the

pocket of the PAC1R, and hydrophilic additions were tolerated when they pointed in the

opposite direction towards the extracellular "top" of the PAC1R's 7TM bundle. Interest-

ingly, as theRJB88 scaffold is bilaterally symmetrical, experimentally, there should be no

difference between the two ortho positions relative to the sulfonamide and the two positions
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meta to the sulfonamide. However, due to the quick convergence time of the individual�

Figure 3.9.TI results of decorating the middle linking phenyl group of the RJB scaffold.
All �� Gbind values given in comparison toRJB145. If error is given, the ensemble was
replicated three times.

windows of the TI ensembles (approximately 100 psFigure 3.3), the linker phenyl group

is rotationally locked for the time of the simulation. This means that, in the TI ensemble,

substituting off of the two ortho groups as well as substituting off the two meta groups, can

give very different results. As an example,3.6aand3.6b are experimentally the same —

the linking phenyl group has free rotation, meaning these two compounds are chemically

identical. However, because TI runs on such a short timescale, it has essentially sampled

two rotational conformations of the same molecule to give drastically different answers,

�� Gbind of -2.60 for3.6acompared to a�� Gbind of 2.99 for3.6b(both�� Gbind 's rela-

tive toRBJ145).
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The best analogs ofRJB145determined from TI included alkyl groups from the ortho

position facing deeper into the pocket. A general trend formed where increasing the steric

bulk of the alkyl group generally decreased�� Gbind up to thetert-Butyl analog. At this

point the large steric bulk was too great to �t in the empty pocket below the linker group

and the center of the ligand was forced to displace in order to adjust. This phenomenon is

present with3.9and extreme with3.10.

Figure 3.10.TI results of changing the middle linker. All�� Gbind values given in relation
to RJB145.

As well as adding alkyl groups to the ortho position of the linking phenyl ring, other

groups were added. Speci�cally, the addition of a hydroxyl group to the meta position

relative to the sulfonamide was also predicted to be favorable. This also was predicted to

have an additive affect with the addition of an alkyl group.

In addition to decorating the existing linker phenyl group, several other central aro-

matic groups were investigated. Unfortunately, in general, these proved less fruitful than

decorating the linker group. For example, the inclusion of an N heteroatom at any position

of the linker phenyl group proved unfavorable.3.11band3.11dwere especially unfavor-

able with large decreases in predicted binding af�nity (� 5 kcal/mol). Additionally, the

transformation of the middle linker to the napthlene or either regioisomer of the quinoline
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had great affect on the binding af�nity. Although this list of compounds is not exhaustive,

more work is required to �nd ligands which have a better central aromatic linker than the

current phenyl group.

Amide Analogs

In addition to functionalizing linker analogs, analogs of the distal amide were also

investigated. Besides the alteration of the middle phenyl group, these seemed to be the

most easily accessible. Unfortunately, none of the attempted analogs were predicted to in-

crease the binding af�nity of the ligand to the PAC1R,Figure 3.11. Of particular note

Figure 3.11.TI results of various distal amide analogs ofRJB145. All values in relation to
RJB145.

are compounds3.18-3.20. These compounds share much in common withJF214. In fact,

the chlorohydroxypheyl group ofJF214 is previously reported to tolerate no changes.14
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This is potentially rationalized by the binding poses and MD simulations which show the

hydroxyl group of the phenyl ring binding to S164 and/or S390. This interaction is also

present with compounds3.19and3.20(heavy-atom to heavy-atom distance of 2.8 Å), yet

doesn't seem to increase the predicted binding af�nity for the PAC1R. Further, the addition

of the chloro group only seems to worsen this affect. On the other hand, although3.23dif-

fers fromRJB145by only the indole nitrogen, it is predicted to have worse binding af�nity

(by nearly 3 kcal/mol). Looking at the structural explanation for this, it can be seen that the

removal of this indole nitrogen removes a hydrogen bond to the backbone of G389 (heavy-

atom to heavy-atom distance of 2.9 Å). This could account for the decrease in predicted

binding af�nity either in whole or in part.

Figure 3.12.Hydrogen bonding of3.19 to S164 (left) and hydrogen bonding of3.23 to
G389 (right).

3.3.3 INVESTIGATION AND ATTEMPTED OPTIMIZATION OF JF214

In addition to optimizing theRJB88 scaffold, TI optimization methodology was also

attempted onJF214. This proved to have different challenges than that of theRJB88scaf-

fold, speci�cally, a signi�cant amount of synthesis and experimental testing had already

been done prior to attempted optimization using TI methods. This had its advantages, how-

ever, as this data was key for validating the TI methodology. Still, the challenge remained to

attempt to �nd something with stronger biological activity than that ofJF214. Our strategy
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began with analyzing the work that had previously been done. Similar to the RJB scaffold,

JF214 has three aromatic rings which were ideal to use as areas for substitution as well

as two linkers which themselves potentially offered areas for optimization. Most of the

synthetic work that had been done to elucidate the structure activity relationship ofJF214

altered the phenyl hydrazide group or the n-benzyl group on the other end of the molecule,

however, little work had been done altering the indole. Only one analog,MB-III-183 al-

tered the indole by incorporating a heteroatom into the aromatic ring. Thus, a reasonable

starting strategy was to attempt to optimize the least optimized part of the molecule — the

indole.

As previously demonstrated, the addition of something seemingly as small as a �uoro

group can have a large impact on the biological activity of the ligand, taking this into

account, one of the �rst transformations attempted was the addition of a �uoro off of the

indole. This transformation, which had been attempted previously and shown to match

experimental results, was attempted for each hydrogen atom on the indole. Interestingly,

two �uoro positions showed a substantial negative�� Gbind , Figure 3.13. Although all

of the compounds inFigure 3.13were predicted to have increased binding af�nity to the

PAC1R, compounds3.26 and3.27 were predicted to be particularly potent.3.27, with a

�uoro group off of the �fth indole carbon in particular was predicted to have a�� Gbind

of -3.41 kcal/mol. The next best compound,3.26, which features a �uoro group of the

sixth indole carbon is predicted to be favorable but by a smaller margin than3.27. The

remaining three compounds,3.25, 3.28, and3.29, were also predicted to be stronger binders

thanJF214 but a small margin most likely within the margin of error for this technique

(approximately 1.5 kcal/mol15).

In addition to the �uorinated analogs,Figure 3.13, analogs which are substituted with
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Figure 3.13.TI results of various �uorinatedJF214 analogs. All values of�� Gbind in
relation toJF214.

methyl and tri�uoromethyl groups were also investigated,Figure 3.14. These ligands were

also predicted to have stronger binding af�nities thanJF214. 3.22-3.25and3.27-3.30, the

�rst of which feature a methyl group on the third, �fth, and sixth indole carbons and the last

three feature a tri�uoromethyl group on the third, �fth, and sixth indole carbons, respec-

tively. On the contrary,3.25and3.26, both of which are functionalized off of the seventh

carbon of the indole, are predicted to have very little change in potency or a signi�cant

decrease in potency, respectively.

Investigating the analogs on a structural level reveals several possible explanations for

their predicted increased binding af�nity. For example, the position of the �uoro group

of 3.27in relation to the PAC1R,Figure 3.15panel A, shows that it could be interacting

with N240. N240 also appears to be interacting with the carbonyl oxygen of the amide.

The �uoro group could be in�uencing this hydrogen bond interaction through space. Ad-

ditionally, the increased steric bulk of ligands3.30-3.33and3.35-3.38appears to be �lling
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Figure 3.14.TI results of variousJF214 analogs. All values of�� Gbind in relation to
JF214.

previously empty pockets above and below the indole ring, respectively. More speci�cally,

3.30-3.32appear to be �lling the pocket created by residues E374, N375, E380, F384, and

L387 located above the indole,Figure 3.15panel B. Interestingly, this pocket is comprised

of polar residues on one side and nonpolar residue on the other side. During the simula-

tion, it is also �lled with several water molecules. Although it is perhaps unexpected that

�lling this pocket with a nonpolar group would be bene�cial to the binding af�nity of the

ligand due to the electronics of the pocket, the increased sterical �t of the analog's methyl

group �lling this pocket might be enough to make up for those factors. On the other hand,

3.35-3.38, whose substituents stick deeper into the pocket, are �lling a pocket created by

residues F196, N240, Y241, H365, and Q392,Figure 3.15panel C. The substituents of3.34

and3.39are positioned perpendicular to the indole ofJF214which is parallel to the TM7

bundle of the receptor. In these ligands, this causes unfavorable steric interactions between

the ligand and the receptor as the substituents of the ligand try to occupy the same space

as residue Y241. In order to compensate, Y241 is pushed away and theJF214(speci�cally

the indole) is also displaced.
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Figure 3.15.Binding motifs of variousJF214analogs. Panels A-C show favorable interac-
tions of3.27, the two pockets which3.30-3.33and3.35-3.38bind to, respectively. Panel D
shows the unfavorable movement of Y241 and the displacement of the ligand caused by the
substituent of3.31from the �rst lambda window (green ligand and cyan receptor residue)
to last lambda window (orange ligand and magenta receptor residue).

As a next step towards the optimization ofJF214, it was investigated whether combin-

ing two previously predicted favorable substituents could give a larger increase in predicted

binding af�nity. Figure 3.16showsJF214analogs which are doubly substituted with dif-

ferent versions of the previously found best groups fromFigure 3.13 and Figure 3.14.

3.41, which is substituted with a methyl on the third indole carbon and a tri�uoro methyl

Figure 3.16.TI results of variousJF214analogs including two substituents. All values of
�� Gbind in relation toJF214.
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on the �fth carbon, has a predicted�� Gbind of -7.94 kcal/mol compared to the individu-

ally substituted analogs,3.30and3.35, which have�� Gbind 's of -2.61 kcal/mol and -6.69

kcal/mol, respectively. This means that the increase in binding af�nity is roughly additive

by adding these two substituents.

3.4 CONCLUSIONS AND FUTURE WORK

Free energy alchemical calculations have recently emerged as a useful tool for the pre-

diction of relative small molecule binding af�nities. Within the scope of CADD, this has

practical applications for the optimization of small molecule drugs which already have

modest af�nity to a biological target.ZINC000525587102, identi�ed via HTVS ensem-

ble docking,RJB88, an analog ofZINC000525587102, andJF214, which was previously

known, are modest PAC1R antagonist with scaffolds that are well-poised for optimization.

TI, implemented in AMBER MD, was validated on several ligands whose experimental

ability to inhibit the PAC1R were already known. This techniques proved to match exper-

imental data well for the direction of the relative binding af�nity (i.e. it predicted which

compounds were worse binders with accuracy). This procedure was then used to predict

which analogs ofZINC000525587102, RJB88, andJF214would inhibit the PAC1R more

strongly.

Numerous analogs ofRJB88were simulated and their�� Gbind 's relative to their start-

ing scaffolds were calculated. Of the compounds simulated, compounds which included

small to medium-sized alkyl groups on the ortho position of the sulfonamide were pre-

dicted to bind more tightly to the PAC1R. This trend increased with steric bulk until the

tert-Butyl analog. Substituents larger than this group were too sterically bulky to �t into

the binding pocket. Analogs which altered the linker group ofRJB88as well as the indole
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group were also simulated. Although some of these transformations were tolerated, none

of them were predicted to be as favorable as the addition of the alkyl group to the ortho

position.

Although substantial experimental SAR work had already been done on the scaffold

of JF214, analogs of this scaffold were also simulated. Analogs with substituents on the

third and �fth carbons were predicted to bind to the PAC1R more tightly thanJF214.

Although these compounds could potentially be expensive and time-intensive to synthesize,

they could represent the future of the PAC1R antagonists.
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CHAPTER 4: SIZE -SELECTIVE CATALYTIC POLYMER ACYLATION

WITH A M OLECULAR TETRAHEDRON

4.1 BACKGROUND AND I NTRODUCTION

Selective catalytic chemical modi�cation after synthesis1,2 represents an effective means

to diversify the structures and functions of small molecules and polymers. Yet, despite var-

ious examples of protein post-translational modi�cations (PTMs) catalyzed by enzymes, it

remains a daunting task to create catalysts that can selectively recognize and modify man-

made polymers. Thus, it has been a major goal of synthetic chemists to create supramolecu-

lar catalysts3–7 , which can operate selectively on man-made polymers.8,9 These efforts have

led to the successful application of selective supramolecular catalysts for small-molecule

transformations10–12 as well as for growth8 and functionalization13 of linear polymers in a

processive manner. However, selective post-synthetic polymer modi�cation (hereafter re-

ferred to as PSPM) by supramolecular organocatalysts has, to the best of our knowledge,

not yet been reported. We now show that a hydrazone-linked tetrahedron with large open-

ings can size-selectively functionalize (Figure 4.1B) complex polymeric mixtures. Analo-

gous to previously reported catalytic transport systems operating with polymeric tracks13

our catalyst is designed to slide along the polymeric substrates during the reaction, which

leads to ef�cient (Figure 4.8) catalytic functionalization of side-chain functional groups.
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Figure 4.1.Substrate-Selective Catalysis: From Small Molecules to Polymeric Substrates.
(A) Examples of prior work in the size-selective catalysis arena with small-molecule sub-
strates. (B) We extend the concept of size-selective catalysis to larger substrates with a
hydrazone-linked molecular tetrahedron as the organocatalyst, which can size-selectively
modify a polydisperse mixture of polymer chains.
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This process is enabled — similar to the seminal system of Nolte and co-workers13

— by threading of the polymer chains through the cavity of the catalyst. Yet, in contrast

to Nolte's catalyst, which was optimized for linear polymers, threading, and size-selective

functionalization of side-chain polymers also become possible with our organocatalytic

tetrahedron. With regard to prior work in the �eld of size-selective catalysis (which has re-

cently been reviewed by Otte14), our system is unique in that it acts on a polydisperse mix-

ture of polymer chains in a size-selective manner, whereas mostly pairs of small molecules

were used as the substrates for size-selective catalysis in prior work (Figure 4.1).

To achieve activity and selectivity, a PSPM catalyst has to recognize the polymeric-

substrates to initiate catalysis. Molecular polyhedra with large openings are well suited to

meet this challenge, with tetrahedral structures providing the largest openings of all pos-

sible regular polyhedra.4 For instance, the surface area per face of a regular tetrahedron

is 1.8 times larger than the corresponding surface area per face for a cube with an identi-

cal volume. Here, we now show that –— due to their wide openings — tetrahedral cages

allow polymers with bulky side chains to thread through, preparing for further catalytic

functionalization. Although molecular polyhedra with Td symmetry can be synthesized15–17

with dynamic covalent chemistry (e.g., with imine linkages) the currently reported systems

likely lack suf�cient stability18,19 for organocatalytic PSPM processes. While hydrolytic

stability can be imparted onto imine-linked cages by reduction of the imines to amines,20,21

the secondary amines formed upon reduction are good nucleophiles, which might engage

in side reactions under the acylation conditions employed in this work. Thus, rather than

using cages with imine/amine linkages, we �rst invented a method to create a porous tetra-

hedron (Figure 4.2) with acyl-hydrazone linkages and peripheral glycol chains required

for the PSPM catalysis. The primary reasons for utilizing a hydrazone-linked cage as our
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organocatalyst were the following: (1) hydrazone linkages generally display enhanced hy-

drolytic stability, which renders them excellent candidates for catalysis, (2) the NH group

available in acyl-hydrazones represents a suitable hydrogen bond donor, which can direct

the assembly of hydrazone-linked polyhedra, and (3) the hydrogen-bonding capabilities of

hydrazones can assist PSPM catalysis by binding and unfolding polymeric substrates.

Figure 4.2. Comparison of Tetrameric Hydrazone-Linked Molecular Cages. (A) A C2d-
symmetric hydrazone cage reported by Warmuth and co-workers.22 (B) The Td-symmetric
hydrazone tetrahedron reported in this work. Its wide openings allow it to act as a size-
selective catalyst for PSPM. Molecular models of both cages were minimized with the
OPLS323 force �eld.

However, due to the hydrogen-bonding capabilities of hydrazones, hydrazone-linked

cages with large openings have a high propensity to form interlocked structures. This fea-

ture renders it dif�cult to synthesize hydrazone-linked cages without intercatenation, which

is one reason for why hydrazone-linked polyhedra with large openings and Td symmetry

are challenging to synthesize. The closest design to a tetrahedral hydrazone-linked cage is

the C2d symmetric hydrazone cavity andCage-1, invented by Warmuth and co-workers.22
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Yet, with approximately 9–13 Å, the openings ofCage-1(Figure 4.2A) are relatively nar-

row, which prevents intercatenation but would likely also prevent side-chain polymers from

threading through as required for PSPM catalysis.

For an ef�cient synthesis of hydrazone-tetrahedra with large openings, we designed a

special vertex (syn-7) to encode tetrahedron formation (Figure 4.3). Syn-7combines hin-

dered rotation24 around three Ph-Phs-bonds with three intramolecular [NH-OR]-hydrogen

bonds, which direct25 the growth of the tetrahedron upon hydrazone formation. This strat-

egy allowed us to create a hydrazone-linked Td-symmetric molecular tetrahedron. The

tetrahedron not only binds to side-chain polymers, but it also catalyzes the PSPM of amine-

functionalized polymers with relatively long side chains in a size-selective manner.

4.2 MODEL PREPARATION , M ETHODS, AND SYNTHESIS

In order to verify our proposed model for the observed kinetic behavior ofTet-1, we

employed 800 ns MD simulations with the OPLS3e force �eld in explicit CH2Cl2 solvent.

The MD simulations (1) help to explain the outcome of the1H DOSY NMR spectra shown

in Figure 4.5. Speci�cally, we see in the simulations that a typicalNH22-POA polymer

unfolds upon binding toTet-1, and it increases (Figure 4.6) in size during that process.

(2) The MD simulations also shed light on the alteration of the supramolecular interactions

present within the polymer upon binding toTet-1. As shown inFigure 4.7, the number

of intramolecular hydrogen bonds folding up the polymer decreases by binding toTet-1

as these intrapolymer hydrogen bonds get replaced with hydrogen bonds formed between

Tet-1 and the polymer.
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4.2.1 MODEL PREPARATION

All models were constructed using the Maestro program (2018-2 release).Tet-1 and

[NH22-POA@Tet-1] systems were simulated in periodic simulation boxes of 121 x 121

x 121 Å3 and 67 x 67 x 67 Å3, respectively, with CH2Cl2 molecules as the solvent. Each

construct went through minimization, equilibration, and 800 ns MD production stages. At

least two replicas with differing random seeds were run for all simulations.

4.2.2 SIMULATION SETUP

Each model was simulated in the NPT ensemble (300 K, 1 atm, Martyna-Tuckerman-

Klein coupling scheme). All simulations were performed in the Maestro-Desmond program

(GPU version 5.4) with a time step of 2 fs. The Ewald technique was used for the electro-

static calculations. The Van der Waals and short-range electrostatics were cut off at 9 Å.

Hydrogen atoms were constrained using the SHAKE algorithm. MD trajectories were ana-

lyzed using in-house Python scripts and the Schroïnger (2018-2 release) API.

4.2.3 SYNTHESIS OF TET-1

The synthesis (Figure 4.3) of syn-7started with a trifold formylation ofsyn-1, which

is readily created on a multigram scale with a solid-state-driven ampli�cation of the syn-

atropoisomer of 1 as we reported previously.24 The methoxyl groups ortho to the aldehydes

of the resultingsyn-2 were then removed selectively with BCl3 to afford the tris-phenol

syn-3. Finally,syn-3was converted into the vertexsyn-7through (1) alkylation of the phe-

nolic -OH groups, (2) Pinnick oxidation of the aldehydes to carboxylic acids, (3) esteri�-

cation, and (4) hydrazinolysis of the resulting methyl esters. To form the tetrahedronTet-1,
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Figure 4.3. Synthesis of the Hydrazone-Linked Molecular TetrahedronTet-1. Reagents
and conditions: (1) BCl3, CH2Cl2; (2) Br-C4H8-triglyme, K2CO3, DMF, � ; (3) MeOH,
H2SO4, � ; (4) H2NNH2, MeOH, H2O, � .
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we mixed two equivalents of the vertexsyn-7with three equivalents of terephtalaldehyde

as well as tri�uoroacetic acid (TFA) as the catalyst in CH2Cl2. After 48 h of stirring at room

temperature,Tet-1 formed in 80% yield. The1H NMR spectrum ofTet-1 illustrates its Td

symmetry with only �ve resonances (all singlets) appearing in the region between 6 and 12

ppm.26 Based on a minimized molecular model (Figure 4.2B), the height ofTet-1 is 22 Å.

The tetrahedron is not only soluble in organic solvents but also in aqueous mixtures with

polar organic solvents.

4.3 RESULTS AND DISCUSSION

4.3.1 POLYMER RECOGNITION WITH TET-1

With Tet-1 isolated, we embarked on investigating the tetrahedron's ability to recognize

amine-functionalized polymers with side chains, since binding to such macromolecules is

a prerequisite for the catalytic polymer functionalization. Binding betweenTet-1 and the

Figure 4.4.Simpli�ed representation ofNH2-POA and its synthesis. Reagents and condi-
tions: (1) H2N-n-C8H17, DMF, � ; (2) H2N-n-C6H12-NH2, DMF, � .

polymericNH2-POA substrate (Figure 4.4) was con�rmed by (1)1H DOSY NMR spec-

troscopy (Figure 4.5A-Figure 4.5C), (2) 1H-1H nuclear Overhauser effect spectroscopy
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(NOESY) NMR (Figure 4.5D), (3) all-atom molecular dynamics (MD) simulations (Figure

4.6), and (4)1H NMR-based host-guest titrations. The1H DOSY NMR spectrum of the

NH2-POA/Tet-1 mixture shows two diffusion bands for the [NH2-POA@Tet-1] complex

at different diffusion coef�cient (D) values (1.7 × 10� 10 and 2.5 × 10� 10 m2 s� 1). These

two diffusion bands of the complex likely arise from two different complexation geome-

tries, which interconvert slowly on the NMR timescale. Based on a direct comparison with

Figure 4.5. (A–C) Partial1H DOSY NMR spectra (A)Tet-1 (0.28 mM), (B) a mixture
of Tet-1 (0.28 mM) andNH2-POA (3.0 mg mL� 1; 0.45 mM), and (C) pureNH2-POA
(3.0 mg mL� 1). The spectra show a decrease of the diffusion constants for bothNH2-POA
andTet-1 upon mixing. This �nding establishes complex formation between the two com-
pounds. (D) Partial1H-1H NOESY NMR spectrum of Short-NH2-POA (3.0 mg mL� 1)
in complex withTet-1 (0.28 mM). Short-NH2-POA represents the shorter chains (aver-
age molecular weight of 2.6 kDa) of theNH2-POA polymer sample, which were isolated
by size-exclusion chromatography. NOE cross peaks between the aliphatic polymer reso-
nances Poly-aliphatic and signals corresponding toTet-1 are circled. Notably, a NOE cross
peak between Poly-aliphatic and thec protons onTet-1 (pointing inward) is observed,
which is consistent with theNH2-POA polymers threading through the cavity ofTet-1.
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MD simulations, the larger complex, with an average D value of 1.7 × 10� 10 m2 s� 1, is the

one whereNH2-POA is threaded through the cavity ofTet-1. For this binding geometry,

we clearly observed (Figure 4.5) nuclear Overhauser effect (NOE) cross peaks between the

c proton resonances ofTet-1 (which point straight into the cavity of the molecular tetra-

hedron) and the aliphatic proton resonances of the polymer chains (Poly-aliphatic). This

�nding supports threading of the polymer chains through the cavity ofTet-1. In general,

the NOE cross peaks between the proton resonances of the polymers and M� 1 h� 1 (espe-

cially with H-d) are stronger (Figure 4.5D) with the shorter polymers (Short-NH2-POA).

Thus, they very likely interact (Figure 4.6) not only with the inside but also with the out-

side ofTet-1. In turn, the shorter polymers are not long enough to effectively wrap around

the tetrahedron, while at the same time threading throughTet-1's cavity, which leads to a

more active catalytic conformation with the shorter polymer chains.

In the threaded binding geometry, the solvodynamic diameter ofNH22-POA increases

by 50%, compared with the solvodynamic diameter of theNH22-POA polymer on its own

(Figure 4.5). To con�rm this �nding, we ran MD simulations (Figure 4.6) of the polymer

with and with outTet-1 for 800 ns. These simulations demonstrated that the observed in-

crease in polymer size (approximate 20% size increase is predicted by the MD simulations)

is indeed caused by unfolding of the polymer, when it threads throughTet-1. As also in-

dicated by the MD simulations, the polymer unfolding is driven (Figure 4.7) by the cage

breaking up the intramolecular hydrogen bonds in the polymer and replacing them with

polymer-to-cage hydrogen bonds. In the second diffusion band, the diffusion coef�cient

(D) of the polymer decreases only slightly, compared with the D of the polymer by itself,

from 2.83 10� 10 m2 s� 1 (unbound polymer,Figure 4.5C) to 2.53 10� 10 m2 s� 1 (bound

polymer,Figure 4.5B). Thus, we conclude that in the second binding conformation, the
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Figure 4.6. MD Simulations Showing anNH22-POA Polymer Chain Unfolding When
Binding to Tet-1. The MD simulations help explain the increase of the polymer's solvo-
dynamic diameter, which is observed upon complexation withTet-1 by 1H DOSY NMR
spectroscopy. (A) Time average bar charts showing the radius of gyration (RGYR) of the
NH22-POA polymer chain by itself and in complex withTet-1. Error bars represent stan-
dard deviations. (B and C) Representative snapshots of 800 ns MD simulations ofNH22-
POA by itself (B) and NH2-POA threaded through the cavity ofTet-1 (C). The solvent
(CH2Cl2) is hidden for clarity.
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polymer gets unfolded to a lesser extent than when it is threaded through the cage, likely

because the polymer andTet-1 interact with side-on coordination modes in the second

binding conformation.

Figure 4.7.Time Evolution of the Total Number of Intramolecular Hydrogen Bonds within
a PrototypicalNH2-POA Polymer Chain (with and without Tet-1). The plots were gener-
ated from trajectories of 800 ns all-atom molecular dynamics (MD) simulations in explicit
CH2Cl2 solvent. The data illustrate that the total number of intramolecular hydrogen bonds
within theNH2-POA is lower when the polymer is in complex withTet-1, which is in line
with the radius of gyration simulation results shown inFigure 4.6. Thus, the observed in-
crease in effective polymer size shown inFigure 4.6 is mostly caused by the formation of
intermolecular hydrogen bonds between theNH2-POA polymer chains andTet-1, which
helps to reduce the intramolecular hydrogen bonding in the polymers, leading to partial
unfolding of the polymer chains.

4.3.2 ORGANOCATALYTIC POLYMER FUNCTIONALIZATION WITH

TET-1

Triglyme functional groups act27 as organocatalysts to accelerate aminolysis reactions.

SinceTet-1 possesses 12 peripheral triglyme chains and binds to amine-functionalized

NH2-POA polymers,Tet-1 can engage in size-selective catalytic (Figure 4.8) function-

alization of these polymeric substrates. We evaluated the catalytic performance ofTet-1

84



by monitoring the kinetics of the aminolysis reaction with1H NMR in the presence of

an internal standard (1,2,4,5-tetrabromobenzene [TBB]). Five reaction mixtures were pre-

pared in CD2Cl2 as the solvent. Each of the reaction mixtures contained (1) an excess

of 4-nitrophenyl-3,5-dinitrobenzoate (NDB) active ester, (2)NH2-POA polymer as the

substrate, and (3) one of the following catalysts/controls: (a)Tet-1, (b) Edge-model(a

model for an edge ofTet-1), (c) triglyme (Triglyme) + the simple control hydrazone N'-

benzylidene-2,4-bis(hexyloxy)benzohydrazide (Control ) in equimolar amounts, (d) triglyme

by itself, and (e) no additives. We selected NDB as the active ester, since it attaches dini-

trobenzoate groups onto the polymers, which are readily observed in the aromatic region

of the spectrum in1H DOSY NMR. This fact enabled us to determine the size selectivity

of the polymer functionalization reactions.

We followed the progress of the reactions by integrating the distinct1H NMR resonance

at approximately 6.9 ppm, which corresponds to p-nitrophenol formed upon aminolysis of

the NDB active ester. From the p-nitrophenol concentration and the initial amine concen-

tration ([amine]0 = 1.8 mM), the concentrations of the remaining amino groups ([amine])

on theNH2-POA polymers were calculated for each time point. Our kinetic data show

that plots of[amine]� 1 versus reaction time (Figure 4.8) are linear for all the samples and

therefore the reactions are all second order in the amine concentration. The amino groups

on the polymers are therefore not just acting as the nucleophiles for aminolysis but also as

base catalysts required to deprotonate28 the tetrahedral amine-adducts. This result is in line

with the prior literature for glyme-catalyzed aminolysis reactions.28 However, withTet-1

as the catalyst, we discovered that the reaction is not just second order in the amine concen-

tration but also second order in theTet-1 concentration. Given this information, we can29,30
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write the rate laws for the PSPM reactions with cat asEdge-modelor Triglyme as

@[amine]
@t

= kobs[cat]0[amine]2 (4.1)

On the other hand, when cat isTet-1, the rate law can be written as

@[amine]
@t

= kobs[cat]20[amine]2 (4.2)

Finally, for the control reaction without any catalyst added, we de�ne the rate constant kobs

of the reaction in an analogous manner:

@[amine]
@t

= kobs[amine]2 (4.3)

kobs in Eq. 4.1-4.3are observed rate constant,[amine] is the total concentration of amino

groups on all the polymer chains, and[cat]0 is the initial concentration of the organocat-

alyst. The rate constantskobs (Table 4.1) and slopes obtained from the second-order rate

plots (Figure 4.8) demonstrate that acylation of the amines on the polymers withTet-1 as

the catalyst is signi�cantly faster than with any of the other control reactions. Thus,Tet-1

is a more effective catalyst than either simpleTriglyme or Edge-model, both of which lack

the large cavity of the hydrazone cage.

4.3.3 SIZE SELECTIVITY OF THE ORGANOCATALYTIC POLYMER

FUNCTIONALIZATION PROCESS

We have been able to demonstrate that theTet-1 catalyst can distinguish between dif-

ferent chain lengths of theNH2-POA substrates directly in the complex mixture of all the
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Figure 4.8.Total amine concentration ([amine]� 1) versus time. The reactions are all sec-
ond order in the total amine concentration. The kinetic experiments were carried out in 600
� L of CD2Cl2 at 298 K using an initial amine concentration of 1.8 mM, with an excess
(5.1 mM) of the active ester 4-nitrophenyl-3,5-dinitrobenzoate (NDB) in the presence of
one of the following catalysts: 0.28 mMTet-1; 1.7 mMEdge-model; 3.4 mMTriglyme +
Control ; and no catalytic additives.
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Table 4.1.Observed rate constants (kobs) for theNH2-POA polymer acylation reactions.

Organocatalyst kobs m

Tet-1 (0.28 mM) (8.3� 0.9 x 108 M � 3 h� 1) 3.0 � 0.2

Edge-Model(1.7 mM each) (7.8� 0.6 x 103 M � 2 h� 1) 2.0 � 0.1

Control + Triglyme (3.4 mM each) (3.6� 0.3 x 103 M � 2 h� 1) 2.0 � 0.1

Triglyme (3.4 mM) (3.8� 0.3x 103 M � 2 h� 1) 1.9 � 0.1

No organocatalyst (7.9� 0.9 x 100 M � 2 h� 1) 1.5 � 0.1

polymer chains and partially reverse the intrinsic size selectivity for the catalytic polymer

functionalization process. To investigate the size selectivity in the presence of all poly-

mer chains, we �rst ran PSPM reactions with different catalysts and NDB as the acylation

reagent to the same conversion (24%). For the �rst catalytic system,Tet-1 (0.28 mM) was

used as the catalyst, while a combination ofTriglyme + Control (3.4 mM each) was used

as the control. To be able to directly compare the different reaction systems, we equalized

them before analysis with the following protocol: (1) for the functionalization reaction cat-

alyzed byTet-1 (0.28 mM), we addedTriglyme (3.4 mM) +Control (3.4 mM) just before

analysis, and for the control reaction catalyzed byTriglyme (3.4 mM equivalents) +Con-

trol (3.4 mM), we addedTet-1 (0.28 mM), again just before analysis. All measurements

were executed with volumetric additions from identical stock solutions. In this manner

we ensured that, besides the differently functionalized polymers, all other components and

amounts thereof were exactly the same for all the samples in the end. As a result, differ-

ent properties of the equalized reaction mixtures are expected to directly correlate with

differences in the functionalization patterns of the polydisperseNH2-POA substrates

We managed to isolate some of the shortest (Short-NH2-POA; average molecule weight
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of 2.6 kDa) and longest (Long-NH2-POA; average molecular weight of 9.9 kDa) polymer

chains contained within the originalNH2-POA sample. Thus, we were able to measure

(Figure 4.9) the acylation rate constants (Figure 4.2) of the short and long polymer samples

separately, analogous to how we determined (Figure 4.8) the rate constants (kobs) with the

mixed NH2-POA sample. The short polymers (Short-NH2-POA; kobs = 2.9 � 0.4 × 109

M � 3 h� 1) indeed react faster with theTet-1 catalyst than the longer ones (Long-NH2-POA;

kobs = 1.9� 0.3 × 109 M � 3 h� 1), which con�rms the size selectivity determined directly in

the polymer mixture. Overall, the rate constants determined for the short and long polymer

chains by themselves are faster with all the catalysts than with the mixed polymer sample.

This �nding tells us that the mixture does not behave exactly like its individual components,

which is expected for a complex system with many interacting parts. For example, from the

measured binding and rate constants, we can hypothesize that the longer polymers must

inhibit the reaction with the shorter polymers, which is likely why the rate constant for

the shorter polymers alone withTet-1 (kobs = 2.9 � 0.4 × 109 M � 3 h� 1) is indeed larger

than the rate constant of the mixture (kobs = 8.3 ± 0.8 × 108 M � 3 h� 1) with Tet-1. Overall,

we conclude from this section thatTriglyme catalyzes the reaction with the long polymer

chains faster than with the short ones. In turn, withTet-1 as the catalyst, the shorter polymer

chains react faster than the longer ones, which demonstrates that theTet-1 catalyst is able to

switch the intrinsic reactivity of acylation toward selective functionalization of the shorter

chains via size-selective acceleration of the reaction with the shorter chains.

4.3.4 MECHANISM OF THE SIZE -SELECTIVE FUNCTIONALIZATION

The control reactions executed with simpleTriglyme and Edge-modeldemonstrate

that not only the triglyme functions ofTet-1 but also the cavity of the tetrahedron are
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Figure 4.9.Rate Plots Obtained for Isolated Short and Long Polymer Samples Con�rm that
Tet-1 Is a More Active Catalyst for Shorter Polymer Chains. Proposed model explaining
why theTet-1 catalyst reacts faster with the shorter polymer chains, while it binds stronger
to the substrates (but not to the transition states) with longer polymer chains.
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Table 4.2.Observed Rate Constants (kobs) for the individual Short-NH2-POA and Long-
NH2-POA Polymer Acylation Reactions.

Organocatalyst kobs with Short-NH2-POA kobs with Long-NH2-POA

Tet-1 (0.28 mM) (2.9� 0.4 x 109 M � 3 h� 1) (1.9 � 0.3 x 109 M � 3 h� 1)

Edge-Model(1.7 mM) (6.8� 0.6 x 104 M � 2 h� 1) (4.6 � 0.6 x 104 M � 2 h� 1)

Control + Triglyme (3.4 � 0.2 x 104 M � 2 h� 1) (4.3 � 0.4 x 104 M � 2 h� 1)

(3.4 mM each)

important for catalysis. For instance, the slope (kobs[cat]0) of the rate plot with theNH2-

POA substrate increased (Figure 4.8) from 7.9 ± 0.9 M� 1 h� 1 (R2 = 0.96) without any

additives to 13.0 ± 0.9 M� 1 h� 1 (R2 = 0.97) with simpleTriglyme (3.4 mM) as the catalyst,

demonstrating glyme-catalysis28 in our system. Next, withEdge-model(1.7 mM) as the

catalyst, the slope of the rate plot — 13.3 ± 0.7 M� 1 h� 1 (R2 = 0.98) — turned out to be

almost identical to the value obtained withTriglyme. However, we then observed a very

signi�cant jump in the rate-plot slope (kobs[cat]20) to 64.9 ± 3.0 M� 1 h� 1 (R2 = 0.99) by

utilizing the whole tetrahedron (Tet-1, 0.28 mM) as the catalyst. These data are consistent

with a mechanism (Figure 4.10), where both the glyme functionalities and the voluminous

cavity of the molecular tetrahedronTet-1 actively participate in the size-selective polymer

functionalization mechanism.

Furthermore, from the measured second-order rate dependence on theTet-1 concentra-

tion, we can conclude that two tetrahedra must be interacting31 with the polymeric substrate

in the rate-determining transition state of the reaction. Thus, based on (1) our kinetic data

and (2) the fact that the solvodynamic diameter of the polymers increases very signi�cantly

upon binding toTet-1 (Figure 4.5 andFigure 4.6), we propose the mechanism shown in
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Figure 4.10for the observed catalytic polymer functionalization. In the proposed mecha-

nism, the hydrazone functionalities hydrogen bond with functional groups on the polymers

and thereby help unfold (Figure 4.6) the polymer chains to render the amines more reac-

tive: the �rst Tet-1 molecule involved in the transition state frees up the amine nucleophile,

while the secondTet-1 frees up the amine base. At the same time, the triglyme functional

groups ofTet-1 engage in catalysis by stabilizing the tetrahedral intermediates arising dur-

ing aminolysis. Finally, we propose that another amino group on the polymer acts as a

base (freed up by the second equivalent ofTet-1 bound to the transition state) to deproto-

nate and break apart the tetrahedral intermediate, which is clearly shown by the observed

second-order rate dependence on the amine concentration.

4.3.5 THE ROLE OF TET-1' S CAVITY DURING CATALYSIS

Figure 4.9 provides additional evidence that polymer unfolding is taking place driven

by the cavity of theTet-1 catalyst. Speci�cally, we observed (Figure 4.9B) that an edge

of Tet-1 (Edge-model) leads to an overall slower acylation rate than the much smaller

Triglyme catalyst only for the longer polymeric substrates (Long-NH2-POA). At the same

time these two control catalytic systems performed (Figure 4.9A) at approximately iden-

tical rates with the shorter polymer chains (Short-NH2-POA). This difference in catalytic

activity is explained, since the longer polymers contain, on average, more amino groups

per chain than the shorter ones, polymer folding and aggregate formation occur to a larger

extent with the longer chains. Thus, the bulkyEdge-modelperforms worse as a catalyst for

the longer polymers chains only, since the amino groups occluded inside of the folded/ag-

gregated long polymers cannot be approached effectively by theEdge-modelcatalyst.

While, these results are in line with what has been observed previously32,33 for non-
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Figure 4.10.Proposed catalytic cycle for Tet-1-Catalyzed acylation ofNH2-POA Poly-
mers. The tetrahedral cage catalystTet-1 (1) helps to unfold the polymeric substrates,
which frees up the amino groups on the polymers for acylation and base catalysis. In addi-
tion,Tet-1 (2) utilizes its 12 peripheral triglyme units to stabilize the tetrahedral aminolysis
intermediates, while (3) an internal amino group functions as the base to deprotonate the
intermediate. The fact that the amines also act as a base in the mechanism results in the
observed second-order rate dependence on the amine concentration. The twoTet-1 cages
bound to the proposed rate-determining transition state lead to the observed second-order
rate dependence on theTet-1 concentration.
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catalytic reactions — for which aggregation has been shown to reduce reaction rates — we

have now been able to demonstrate that folding/aggregation-dependent reactivity can be

directly in�uenced by changing the nature of an organocatalyst. Remarkably, with the even

bulkier Tet-1 as the catalyst, the reaction speeds up again (Figure 4.9B) with the longer

polymer chains (Long-NH2-POA) as the substrates. This result is a clear indication that

Tet-1 is able to unfold/break apart the polymeric substrates. It further highlights the impor-

tance ofTet-1's large cavity, which is lacking inEdge-modeland seems to be required for

ef�cient unfolding and catalytic functionalization of the polymeric substrates.

4.4 CONCLUSIONS

In conclusion, we demonstrated the concept of post-synthetic selective polymer modi-

�cation operating in complex mixtures of polymeric substrates. Our reaction proceeds with

size selectivity in the presence of a hydrazone-linked tetrahedron with wide openings as

the catalyst, in sharp contrast to the results observed with small-molecule catalysts. This

conclusion is supported by (1) distinct differences in the overall solvodynamic radii of the

polymeric products, (2) by a signi�cant alteration in the relative diffusion constants for the

functionalized polymers compared with the unfunctionalized ones, and (3) by rate constants

measured separately for the shorter and longer polymer chains. Our �ndings extend the

scope of catalyst-controlled size selectivity to large substrates for post-synthetic polymer

functionalization reactions, applied to polydisperse polymermixtures. Our size-selective,

catalytic approach represents a promising avenue to create next-generation polymers.
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