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Sampling of the conformational space of biomoleculascomputer simulations
allows researchersotinvestigate atomistic details of biological phenomeunch as
protein folding and ligand bindingconformational ampling based on empirical energy
functions deperglon the force field and isided by enhanced simulation methodibis
thesis discusses conformational sampling methadd force fields along with
applicationof conformationasamplingto forcefield optimization and ligandased drug
design. Extensive conformational samplings performed for small peptides and drug
like molecules using temperature replesechange and Hamiltonian regdiexchange

molecular dynamics. Obtainecbnformational ensemblesere then usedto improve



peptidebackbone and sidehain parameters inthe CHARMM protein force fields
thereby yielding more accurate conformatiopadperties Obtainedensemblesvere ale
applied toligand-based drug desigmherea novel method based on the conformationally
sampled pharmacophore approaghs usedto identify quantitative structuractivity
relationshig (SARs) of € opioid receptor ligands. Basezh the SARs, we proposed
ligandbinding orientations related to receptor activatibhe binding orientations were
further investigatedising simulations of selected ligands bound to 8dimensionaim
opioid receptor structureur studies validate ligandased SARs and show atomistic

details ofligand-receptor interactions and the mechanism opioid receptor activation.
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Preface

| started his thesisafter Drs. Andrew Coop and Alexander D. MacKerdit., told
me aboutopioid receptor ligandsind theirinteresting structuractivity relationships
(SARs) andstructural diversity Opioids are powerful analgesics invaluable in treating
moderate or severe paiand their SARs have been well known for decades. However
many interesting aspeaots$ their SARsremained to be explored, for example, how subtle
differences in the length of Mubstituents can turn on or off receptor activatiamd
which molecular signatures of opioids are related to adverse side effects such as
tolerance. Weapproachedhe SARswith rigorous molecular mechanics methods, using
stateof-the-art force fields and extensive conformatiosaimpling.Later, after X-ray
crystal structures of opioid receptotsad beenelucidated we were able to combine
ligand-based worlwith the information from theeceptors. We believéhat our work on
the SARs of opioidsdescribedin Chaptes 3, 4 and 5 broadened our understandinf o

agonism and antagonism of opiomtstheatomisticlevel.

In addition to theopioid work, continuous effortare ongoing in our laboratory to
improve conformationgbroperties described by protein force fieldséong these lines|
had the opportuniy to evalua¢ peptidebackbone parameters through conformational
sampling of small peptides such as (Alayhich is a well-established systenfor
optimizngbac k bornye (tlbr si o nWe pdaiaved ntetsuehr ssnall model
systemscould be usedo evaluate sidehaintorsion parameterstoo, and demonstrated

thata model system diAla),X(Ala)4 peptides, where X is one of 20 amino acick be



effectivefor this purpse This work describedn Chapter 2provides examples of how
sidechain parameters can be evaluated for future work related to optimipdtibase

parameter# other force fields.

Chapter Tof thisthesis covers the basics of force fields aodformational
sampling Overall, my thesis workaught me the importancg accurate force fields and
efficient conformational sampling methoasdtheir useful applicationso design drugs,
which will be invaluable resources for my future studies. | hbpethe work presented

in this thesignakes gositivecontribution tothe scientific community
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Chapter 1. Computational ligand-based rational design: Role of

conformational sampling and force fields in model developmeht

Abstract

A significant number of drug discovery efforts are based on natural products or high
throughput screens from which compounds shgwpotential therapeutic effects are
identified without knowledge of the target molecule or its 3D structure. In such cases
computational ligandased drug design (LBDD) can accelerate the drug discovery
processes. LBDD is a general approach to elucidae th e | at i onship of
structure and physicochemical attributes to its biological activity. The resulting structure
activity relationship (SAR) may then act as the basis for the prediction of compounds
with improved biological attributes. LBDD nietds range from pharmacophore models
identifying essential features of ligands responsible for their activity, quantitative
structureactivity relationships (QSAR) yielding quantitative estimates of activities based
on physiochemical properties, and to #amty searching, which explores compounds
with similar properties as well as various combinations of the above. A number of recent
LBDD approaches involve the use of multiple conformations of the ligands being
studied. One of the basic components to geremultiple conformations in LBDD is

molecular mechanics (MM), which apply an empirical energy function to relate

! Shim, J.; MacKerell Jr., A. D. Computational ligabdsed rational design: Role of
conformational sampling and force fields in model developmdetdChemComr011,
2, 356:370.Copyright 2011 RSC Publishing



conformation to energies and forces. The collection of conformations for ligands is then
combined with functional data using methods ragdgnom regression analysis to neural
networks, from which the SAR is determined. Accordingly, for effective application of
LBDD for SAR determinations it is important that the compounds be accurately modelled
such that the appropriate range of conformatiancessible to the ligands is identified.
Such accurate modelling is largely based on use of the appropriate empirical force field
for the molecules being investigated and the approaches used to generate the
conformations. The present chapter includelsriaf overview of currently used SAR
methods in LBDD followed by a more detailed presentation of issues and limitations

associated with empirical energy functions and conformational sampling methods.

1. Introduction

When ligands and data on the biologjieativities of those ligands are the only
information available for drug development, comptdieled ligand based drug design
(LBDD)'® is an effective method to extend the knowledge of the known ligands to design
compounds with immved biological activity. The importance of LBDD is emphasized
by more than 50 % of current FR&pproved drugs targeting membrane proteins such as
G protein coupled receptors (GPCRs), nuclear receptors, and transpdaesshich
threedimensional (3D) structures are often not available, a necessary prerequisite for
target based drug design approed™®. Considering the difficulties in determining 3D

structures of membrarassociated proteins, LBDD methodologies are anticipated to



continue to have a significant impact on drug development into thsefeable future:

12

Drugs typically exert their pharmacological effects by specific interactions with
their target proteins. Such uniquent er acti ons have -dandkeerf,ounder st
AindbdedfAconformati onal select i dfowhiahr Apopu
are based on the inherent chemical structure of molecules, their dynamic conformational
properties and how those two influence the receptor. Thesattentifying any causation
or correlation between structures and activities, referred to as a stractungy
relationship (SARY?, can be of utility for ligand design. LBDD based SAR identifies
similarities and/or differences in structural or physicochemical properties of compounds
and relates them to activity, including efficacy (e.g. activatiortionsation of receptors,
Vmax Of enzymes), affinity (e.g. K selectivity (e.9. K isororm?Ki isoforne),
pharmacokinetics (ADMEY' #* drugdrug interactions, or any biological properties of
interest. Various descriptors of the ligands are related to biological actiVit@sgh
various statistical methods, for instance, regression, classification, dimension reduction,
variable selectiongtc from which important features of the ligands responsible for

activity are identified and used to develop new leads or to optimizek ligands.

Three major categories of LBDD are quantitative structure activity relationship
(QSARY"?, pharmacophore modelifff?, and similarity searchirfg®®. Over several
decades, tatistics, computational algorithms, and descriptors comprising the three
categories and their pipelining have led to significant improvements both in efficiency
and accuracy. Programs can deal with 100~1000s of molecules to build models or search

molecula properties against databases of millions compounds in a short period of time.



Overall improvements have been achieved by sophisticated data mining techniques and
by more accurate mathematical descriptions of molecules through molecular mechanics

(MM) 3" and quantum mechanics (QM) meth®ds

Recent advances in statistical, algorithmic and chemoinformaticslation to
LBDD have been discussed elsewhere in d&pthThis chapter will briefly overview
LBDD followed by a detailed presentation of new developments in the areas of

conformational sampling and force fields (FF) with respect to LBDD.

2. Basic components of contpiaided LBDD

2.1. Representation of molecules

Molecules may be described in different ways ranging from- daethree
dimensional (3D) and higher methods. For simple counting of molecular constitutions or
fragments in 1D, one can use line notation AESMILES (Simplified molecular input
line entry specificatiorff and SLN (SYBYL line notatiorff or chemical fingerprints,
such as the MACCS representaforilD representations are used for fast lookup and
comparison and in some cases do not yield a unique description of the molecules, as in
the MACCS fingerprints. When molecules are represented as a*fraptms are nodes
and bonds are edges connecting the nodes, yielding a 2D description of a molecule.
Information on bond or atom types, atom size, or stereochemistry and so on can be stored
in the form of matrix and readily accessed. Along with the graph representation, a simple
connection table may be used to calculate 2D molecular properties, for example,

molecular weight, molar refractivity, number of rotatable bonds, branching, number of



hydrogen bond acceptors and donors, and sum of atomic polarizabilities. Such descriptors
are widely used in QSAR analysis. For a more detailed and realistic representation of
molecules, a 3D representation, typically in the form of atomic Cartesian coordinates, is
required. Such 3D descriptions also allow for the calculations of various descriptors and,
more importantly, can represent the -hictive conformations of a moleculeThis is
particularly important when comparing compounds with different chemical structures
that may show similar biological properties by having similar 3D placement of
biologically important functional groups. 3D descriptors, such as the spatiabmslaip
between functional groups, may be calculated using-sempirical orab initio QM

met hods for small size ligands (number of at
growing computational power, the use of QM & MM is significantly increasing in the
field of LBDD 8 Beyond 3D methods are 4D and higher representations. For example,
the different possible conformations of the 3D structure of a molecule may be considered
a 4D representation. The ramder of section 2 will present different nD representations

of molecules and their utilization in LBDD.

2.2. 2DQSAR

A large number of 1D or 2D molecular descriptors have been devéloffed
Most software packages that include a QSAR module calculate a range of descriptors
such as physicochemicaleet t r oni ¢, topol ogical, and shape
five?® is a classical example of a straightforward application of QSAR where

bioavailability is related to descriptors including octanol/water partition coefficient



(logP), molecular weight, number of hydrogen bond donors and acceptors, and number of

rotatable bonds.

Development of SAR models often requires-precessing of the descriptors
prior to model development. Values are often normalized such that coefficients obtained
from fitted models represent the significance of the individual descsipbaportantly,
given the large number of possible 1D/2D descriptors it is necessary that the number of
descriptors used during model development be limited by selection method®ldgies
In simple terms highly correlated descriptors are typically removed from model
development. Descriptor selection is then often linked to model development itself.
Those descriptors most predictive of a target propertyselexted by iterative analysis
(stepwise multiple linear regression (MLB) replacement methdd or by learning
algorithms (Genetic algorithify adaptive fuzzy partition algorithth Gaussian
processe8, or Genetic function approximation (GFA) Correlated or redundant
descriptors may also be eliminated by partial least square YPL)r principle

component analysis (PC%)®

Given a suithle training set (i.e. set of compounds with known biological
activities) and descriptors, one applies statistical methods according to the characteristics
of the data set. When linearity is present MLR and PLS are good choices. Nonfifrearity
® occurs when one handles a large number oflfmmologous data sets, for example in
pharmacéinetic (PK) studies where multiple biological phenomena such as absorption
and metabolism can impact the biological data, or when activities are influenced by many
factors such as receptor dimerization, existence of receptor isoforms, and conformational

changes. Selection (or design) of the experimental data for model development can



minimize nonlinearity, thereby reducing possible ambiguities in the developed QSAR but
users need to keep in mind the inherent complexity of biological phenomena. Seléction o
the appropriate statistical methods also depends on whether the goal of the study is
interpretation or predictability. Classical methods such as MLR produce explicit physical
meaning but predictability is not as good as using modern statistical tobisfirave
predictability. However, interpretability is often compromised with improved
predictability. While the MLR method, which maximizes interpretability, was the most
used method in 2008, it was followed by PLS & support vector machine (SVM)
approache that yield improved predictability. Newly developed statistical metfiods
include Gene Expression Programming (GEP)Project Pursuit Rgession (PPRY,

Local Lazy Regression (LLRJ while recent variations in QSAR approaches are
hologramQSAR®, autoQSAR®, and invers€QSAR* among others. Hologram
QSAR” partitions molecules into smaller fragnts and uses size, length, and as well as
additional information on those fragments as descriptors. It is usually combined with PLS
to derive a QSAR. Aut@SAR” is an automated QSAR where the thésscriptors, the

best statistical methods, and validations are chosen for given set of molecules and
updated as the number of molecules in training set increases. In Q@R after a

QSAR model is built, distributions of descriptors yielding optimal activity are estimated

and structures are generated or searched that match tbinkeitions.

As a last step in QSAR model development, the models require validafibn
Approaches to do this include cressidation, yrandomization, or external test set. It is
generally perceived that leaomeout or leaven-out crossvalidations do not necessarily

indicate predictability directly and external validation using compgsumot included in



model development is recommended to verify predictability of the developed models. An

overview of statistical methods used in QSAR analysis is given in Tahle

Tablel-1. Overview of statistical methods used inQ3AR

Method

Description

Stepwise selectior|

Replacement
method

Genetic algorithm
(GA)

Multiple linear
regression (MLR)
Principal
component

regression (PCR)

Partial least
square regressio
(PLR)

Linear
discriminant
analysis (LDA)

Support vector
machine (SVM)

Decision tree

(DC)

Random
(RF)

K-nearest

foresi

neighbof®

Descriptors are added one by one (forward selection) or deleted (backward sel
to find significant descriptors yielding the best statistics.

Initially, a subset of descriptors aselected randomly and iteratively one of then
replaced with one from the other set. Heuristics avoiding full searching incr
efficiency but there is possibility of being trapped in local minima.

In GA a model is representeas a chromosome and descriptors are genes ol
chromosome. During reproduction, chromosomes undergo mutations
recombination generating diverse descendant chromosomes. Descriptors il
scoring chromosomes or frequently appearing descriptors ientive population are
deemed important.

Coefficients (@ ar e det er mi
a;Descriptof+aDescriptos+ é +@ by | east
Marquardt algorithrff.

ned in t he
square fit
Eigenvectors of the covariance matrix of descriptors are used as indep:
variables in the regression. These orthogonal vectors (principal components) d
the direction of maximum variance in descriptor space, resulting in grouping a
number & descriptors in the final models.

A process to reduce the number of variables by finding principal componen
latent variable) as in PCRPLS includes correlation with dependent variabl
Therefore, the maximum variances reflect both descriptor space and activity spz

LDA performs linear transformation of descriptors to better discriminate
categortal data by minimizing withirtlass variance and maximizing betwesass
variance. Solution is found based on Bayes theorem.

SVM trains a model to find a hyperplane of descriptors by separating date
subsets with maximummargins. Vectors on the margins are called support ver
and they are components of a kernel function, which is used in mapping data
new dimension. It was expanded for Hovear classification and regression |
mapping input vectors into higheintkensions.

Training set data are recursively partitioned and pruned based on the best s
descriptors from the top node to the end nodes in the binary tree.

As an ensemble of DC, each tree votes for theitiesvIndividual trees are grown b
using a randomly selected subset of full descriptor set.

Data is divided into training and testt.sEach molecule in the test set is classif
according to the majority amongnearest neighbors and decision surface is learn



Table 21 Continued

Artificial  neural
network (feed| Descriptors in the input nodes are connected with nodes in higglens and weight:

forward network)| on the nodes are trained to produce activity in an output node.
76,77

In contrast to a feed forward network, a s®ifjanizing map is subjected 1
unsupervised learning and input nodes are projected to nodes in a rectangula
(feature map) with weights. Training is done by minimizing distances between |
and the reduof training is clusters or organized patterns in the feature map.

Self  organizing
map (SOM,
Kohonen map)

It aims to find the best descriptors by splitting data sets by fuzzy rules. Fuzzy Ic
originated from human reasoning making a correct judgrbased on uncertail
information. Models are trained by a set of adaptiv@HEN rules and fuzzy scorint
function.

Adaptive  fuzzy
partition
algorithm

While being similar to GA, uniqueness of GEP is using expression of chroma
and fitness function to elte the phenotype. From a chromosome, different g
(descriptors) may be expressed according to reading frames resulting diversif
of child chromosomes.

Gene expressiol
programming
(GEP)

While other nonlinear regressions have fixed function and varyimgnyers
(weights) during model development, GP uses varying Gaussian functional forn
are trained by Bayesian inference.

Gaussian
processes (GP)

To reduce the problem of increasing volume of higher dimensional space, w
introducing hidner dimensions, PPR projects input data into 1D space as SOM
A series of transformations are trained to explain activities.

Project pursuit
regression (PPR)

Local lazy | Local QSARs are generated in clusters of molecules and prediction of test comj
regression is done bysearching nearest neighbors.

23.nDQSAR (3 O n O 7)

QSAR methods based on 3D descriptors (T4k® such as molecular volume,
sur f ac e snaioh @pole maménts, HOMO, and LUMO, depend on the chemical
and spatial features of moleculeslternatively, 3DQSAR®® may be based on the
molecular interaction field mapped onto a 3D grid surrounding the molecules of interest
The descriptors are the magnitudes of the fields at the grid points, an approach used in
CoMFA (comparative molecular field analy$isind CoMSIA (comparative molecular
similarity indices¥?. For example, in COMFA polar or hydrophobic probes are placed on
grid points and noibonded interaction energies with the ligands are calculated, with the

resulting values used as descriptfins each molecule, such that each molecule has, in



essence, a number of descriptors that correspond to the number of grid points. The grid
point values are subjected to statistical methods such as PLS or PCA and related to
biological activities. Notablythese approaches require alignment of the different ligands
being studied. When flexibility is added to the shape information by using multiple
conformations, it is classified as 4QSAR® 8 Although 3DQSAR can use multiple
conformers it meansultiple model evaluations, with the input into each model being
one static conformer for each ligand in the training setQEAR, in one embodiment,
overcomes this limitation by using grid cell occupancy descriptors calculated based on
multiple conformes. 5DQSAR® # attempts to construct a pseudmeptor based on
ligand information in combination with a GA to vary ted point locations to produce a
favorable inducedit state. Beyond this, 6MSAR’ incorporates solvation energy terms.
Finally, the inclusion of 3D structure of the target frommay crystallography or NMR in

the models represents the highest dimension, 7D, applied to date, though the approach is

no longer formally BDD.

Of the methods in Table-2, CoMFA and CoMSIA are the most widely used.
Their main limitations are their dependency and sensitivity to conformations and
alignments of the molecules under study. Different occupancies by different
conformations or changes in molecular alignments can cause different interaction fields
yielding dfferent QSAR models. To overcome the limitations, alignmedépendent
3D-QSAR was developed by transforming -8bd data into 2D descriptors such as
GRIND (Grid independent descriptotsf°and VolSurf®. The approaches are listed and

summarized in Table-2.
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Table +2. Overview of nBQS AR approaches (3 O n O 7)

method description

Probes placed on grid points in the 3D field around a molecule experience an inte
CoMFA energy with the ligands that defines the molecular shape and electrostatic propertie
surrounding environment.

It expands CoMFA by includingpydrophobic and hydrogen bonding contributions ¢

CoMSIA calculates how these contributions are similar between molecules.
It eliminates alignmendependency by using distances between 3D grid points. Hi
GRIND relevant regions among a set of molecules atecteed as nodes and the intensity
molecular interaction field at those nodes are used as descriptors. The program ALI
provides tools to compute, analyze, and interpret the GRIND.
Volsurf Information on 3D grid voxels (shape, electrostatic, volu@re compressed into 2|
numerical descriptors by image analysis tools.
AD-QSAR Multiple conformations in a grid box generate the occupancies at grid points, with

occupancies used as the descriptors.

Multiple hypothetical binding pockets agenerated around ligands based on a 3D
5D-QSAR | and the receptor models are evolved by GA with the most favorable binding pocket
evaluated by relative free energy of ligand binding.

It includes optimization of structures in aqueous solutioncaiculates solvation energ
6D-QSAR | and charges by sereimpirical QM method, AMSOTL’. Ligands6é arr-¢
binding pocket is determined by MC simulation.

2.4. Pharmacophore modelling

The IUPAC definitiof* o f a phar mahe ensdmble of steris and
electronic features that is necessary to ensure the optimal supramolecular interaction
with a specific biological target structure and to trigger (or block) iisldgical
response Phar macophor e model |l ing {iQSAR@hdosel vy
commonly used pharmacophoric keys include hydrogen bond donors and acceptors,
ionizable groups, aromatic rings, aliphatic hydrophobic groups, among others. In many

casessuperimposed compounds based on pharmacophore models are the starting point

11



for 3D-QSAR analysis. Alternatively, pharmacophore features may be identified by
building 3D-QSAR iteratively with different conformations or alignment attempted to
increase actity predictiorf>. As with 3DQSAR methods, critical steps in
pharmacophore modelling are selection of -d@bive conformations and structure
alignmernts. Conformations can be pealculated and saved in a database or be generated
onthefly during alignments. Various sampling methods used to generate multiple
conformations will be discussed below. Using a collection of pharmacophoric keys or
points (i.e functional groups that may contribute to biological activity) and a
conformational ensemble which is expected to include the active conformation,
molecular alignment (or superpositidrif > 32 93s carried out by mapping fragments of

the compounds with a target functidmeing minimized. In the clique detection
algorithn?® distances between features are stored in a matrix and the differences between
two matrices become the target function. Another way is using®Gahere a
chromosome describes a molecule and genes encoded in it represent the ligand fragments
to be méched to the features of the reference compound. The target function or fitness
function in GA can include a range of information such as the similarities between
features and volumes of aligned structures. The GA is often extended -the-iy
conformatonal sampling by including geometric information of a molecule into the
chromosomes. FlexS algoritfitmis also used in pharmacophoreafure mapping. It
decomposes a molecule and grows it on top of the reference compound beginning from
an anchor fragment. In all cases, it is important to select a reference structure that has
high experimental activity, a known 3D binding conformationaofavorable docking

score to facilitate interpretation of the obtained model. Details of methods used by the
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major pharmacophore modelling programs and recent research on alignment methods

31
I

were reviewed in Leacht al®* and Lemmen and Lengader Such alignment methods

are also of general utility for pharmacophdased similarity searching.

2.5. Ligand based similarity searching

Similarity searching is an effective, computationally accessible method to identify
compounds with qualities similar to that of an active, lead compound. For example, if the
number of ligands for which biological activity is known are too few to buildSAR
model, similarity searching may be effective. Similarity searching can be based on a
number of features including chemical fingerprints, physiochemical properties as well as
2D and 3D features selected by QSAR or pharmacophore models. If compounds
structurally similar to active compounds are desired, searches based on chemical
fingerprints are appropriate. However, if the goal of the study is the identification of
ligands that have a new scaffold/chemical structure but maintain the desired biological
activity (i.e. scaffold hoppirtj), searching based on pliyshemical properties may be of
utility. The most widely used descriptors in similarity searching are chemical
fingerprints or large numbers of physiochemical properties. Fingerprints can have diverse
properties and combinatorial or compressed fingeiprare emerging and efforts are
being made to improve the fingerprint representations. To quantify the extent of
similarity between compounds, different similarity measures are used alone or in
combinations; these include the Tanimoto, Cosine, HammingsdiRao, and Forbes

indices. Finally, it should be noted that it is useful to perform successive searches using

13



the nearest neighbors of a query compound. A number of software packages, including
MOE (Molecular Operating Environment, Chemical CompuBmgup’’) and Discovery

Suite (Acclerys In®) allow for similarity searching. Public small molecule databases
such as PubChethzINC'® and ChEMBL®* or open source softwdfé usng those
databases provide similarity searching and clustering tools. Notable are clustering
technique¥*® where output structures from a similarity search are further grouped into
subsets to reduce redundancy and to check diyénscompounds selected, for example,

for a targetbased database scré¥nResults of clustering vary based on classification
algorithms, descriptorsand similarity measuré¥*°” and there is no gold standard to
obtain the best clustering. Therefore it is desirable to perform clustering with a
combination of methods, descriptors, and similarity coefficients followed by manual

evaluation of the results to achieve the desired ouwtcom

3. Conformational sampling

For the 3D and higher order methods it is essential that the appropriate,
biologically relevant conformations be identified. Considering that-tlikegmolecules
can have 10 or more rotatable bonds and each such bondan& laccessible rotamers
a compound may haveé®onformations that must be considered. The need to access a
large number of these conformations is further emphasized by studies showing that
bioactive conformations of compounds inry crystal structure®f ligandprotein
complexes can have energies 15~20 kcal/mol higher than the global mififfhidm

While the value of ¥ is likely an overestimation due to steric clashes, it is evident that a
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majpr concern in modern LBDD methods is securing bioactive conformations given that
model assessment includes multiple conformations in a large number of ‘Sfuti's*

116 Furthermore, taking all conformations into account during model development can
account for the dynamic nature of molecules:@BAR™ ® and the Conformationally

119

sampled pharmacophore (0% are representative methods that useitticgmation.

Various methods are employed to generate multiple conformations of a ligand.
Systematic search approacti®¥? formally perform an exhaustive sampling of
conformational space, thereby covering the whole energy surface. However, as the
degrees of freedom increases the number of possible conformations becomes enormous
and often includes nephysical structures. Syshatic search procedures therefore often
limit the number of conformations accessed and select conformations within-a user
defined energy difference range. For example, MOE supports a maximum of up to 10000
conformers and each one is subjected to trialehbdildup. An alternative to systematic
sampling is Monte Carlo based approatfiéé® where random changes in structures (i.e.
trial moves) are attempted by rotation about a dihedral angle or other geometric change
with the new conformations associated with the trial moves accepted or rejected
according 6 the Metropolis criteriof* %> In the Metropolis method a conformation
with an energy, &k, | ower than that of t he
conformations with higher, less favorable energies are kept based on the acceptance
probability, p=e®E’ fwhere k is the Boltzmann constant, T is the temperature and p is
compared to a random number. If p is greater than the random number the conformation
is accepted, allowing higher energy conformations to be sampled. In this method energy

barriers are eagilovercome by increasing the effective temperature but random elements
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still exist during sampling leading to inefficiencies due to similar conformations being
accessed. The Poling meth&tadds a penalty function (poling function) to the energy
during the conformational search that is inversely proportional to the root mean square
distance between conformations so sampling of similar conformation is avoided while
accessing new conformation is maximized. With the same goal as the Poling method,
Tabu searcli’ keeps a record of previous sampled states thereby maximizing the
exploration of previously unsampled conformations. When&A?° is applied for
conformational sampling, each chromosome is a conformer and contains genes
corresponding to structural degrees of freedom in the molecule. Chromosomes undergo
mutations and crossover resulting in the sampling of diverse conformations in the
descadant conformations. Molecular dynamics (MD) simulations sample conformations
deterministically according to Newtonbés equ
local minima due to the inclusion of kinetic energy in the system, as described below.
All of the methods mentioned in this paragraph have advantages and disadvantages. For
small molecules systematic search algorithms in combination with an accurate force field,
as discussed below, can assure that all relevant conformations are taken inta. accoun
With larger molecules, exhaustive sampling of all accessible conformations is not
feasible, MC or MD methods allow for extensive sampling of accessible conformations,
though care must be taken to assure that all the relevant conformations are being
sanpled. One outstanding advantage of both MD and MC methods is that a variety of
methods that allow for detailed representation of the biological environment of a
molecule by, for example, the explicit treatment of waters and ions have been developed

for these approaches. Given the wide use of MD methods for conformational sampling as
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well as for studies of the dynamics of molecules ranging from small ligands to large
macromolecular complexes containing 1 million or more atoms, the remainder of the

discussiorof conformational sampling will focus on MD based approacf&¥.

MD simulations®3!: 135 136

ae based on Newtonds equation
second law F=ma states that from positigt) r velocity y(t), and mass pfor an atom i

at time t, force ft) can be calculated. In MD simulations, forces are usually obtained

from analytical derivativesf the potential energy function and integration methods are

used to obtain new positiongrt + it ) anftveloyi fresmsm tHthe previ
vi(t), and t). For example, the original Verlet integrdtSruses a Taylor series

expansion of position. Summing equatibda andl-1b yieldsl-1c which determines the

new position. This integration minimizes memory requirements as it is ness@y to

store velocities, although they can readily be calculated using eqaatwif required.

r(t+at) =r(t)+v(t)at + % a(t)a? Equatioril-l1a
r¢e- a)=r()- vit)d +%a(t)at2 Equationl-1b
rit+d)=2r()- r(t- o) +a(t)a? Equatioril-1c
vty = ¢ +d)2'dr (t- ) Equationi-1d

Leapfrog Verlet integratiort™” ***uses an expansion of positiand velocities to
the second order and an interval2bftom2-Gdt i nst e
2a yields 1-2c. New positions may then be obtained by substituting v(t) from
rearrangement df-2a into v(t) ofl-1a and truncating the expansiahthe velocity term

yielding equatiori-2d.
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v(t +%at) =v(t) +%a(t)at Equationl- 2a

v(t - % a) =v(t) - % a(t)a Equationl- 2b
1 1 .

v(t +§at) =v(t- Eat) +a(t)d Equationl- 2c

rt+ad) =r(t)+v(t +%at)at Equationl- 2d

Extended integration methods have been developed to enhance accuracy and
provide special features for the simulation system of intéfest For example, for
simulations of aqueous solutions it may be desirable to reproduce constant pressure,
temperature, or volume in accord with the specific ensemble being targdted
example, simulations in the constant pressure, temperature and number of particles
ensemble (NPT) may be used to calculate Gibbs free energies while a constant volume,
temperature and number of particles ensemble (NVT) yields Helmholtz free energies
However, such simulations require the appropriate boundary conditions, such as periodic
boundarie¥'®. While these are necesgdor sampling the conformations of ligands in
the presence of explicit solvent, for LBDD MD simulations are typically performed in the
absence of explicit solvent . Such simulat:

using implicit solvent models todat the solvent environment, as detailed below.

High temperature MD has long been used to facilitate the crossing of high energy
barriers to assure a broad sampling of conformational space. In high temperature MD, the
probability of particles having éhnecessary velocity (or kinetic energy) to cross energy
barriers is increased over room temperature simulations. While sampling in MD is driven
by information on the molecular forces thereby guiding conformational sampling to

physically meaningful regia unwanted sampling may occur in high temperature MD.
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This is due to the high temperature leading to sampling of conformations that are
inaccessible at room temperature thereby causing inefficient use of computational effort.
However, care to avoid excéasly high temperatures can minimize this problem and a
number of protocols, referred to as simulated annedfingerform high temperature MD
followed by roomtemperature MD to assure that conformations relevant to the latter are

being sampled.

A simple way to improve sampling via MD simulations is to perform multiple
simulations of the system starting with different initial random number seeds to assign
the \elocities to the particles in the system. Typically, a Gaussian distribution of
velocities are randomly generated and assigned to each particle with those initial
velocities satisfying a MaxweBoltzmann distribution defining a selected temperature.
While the overall velocity distribution is approximately reproduced with the different
random number seeds yielding the same macroscopic temperature, the individual atoms
have different velocities, thereby directing the molecule to sample different
conformatioms. However, this approach does not always avoid kinetic trapping for larger

molecules due to large barriers often associated with large conformational changes.

Methods that go beyond the use of high temperature and multiple MD runs are
referred to asgeneralized ensemble (GE) algorithfid*’. These include replica
exchange MD (REXMDY®°, metadynamic$*® **’ accelerated MD (AMDf®a nd o
dynamic$*® amomg others. In GE algorithms energy barriers are overcome by adding an
external biasing potential(s) to the system. This may be performed by accessing
additional conformations from additional simulations, as in REXMD, or by approaches

that directly modify tle free energy landscape of the system. Many GE MD simulation
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approaches sample the free energy landscape efficiently and may be used to calculate
accurate free energy differences. The free energies are often calculated by

thermodynamic integration (T} or the weighted histogram agais method (WHAM)

151

Standard REXMD involves parallel independent simulations (replicas) at a range
of temperatures and exchanges conformations between replicas according to an exchange

probability (Eqation1-3).

- D
P(exchangg= , for D>0 Equationl- 3a
,1 ,forD¢O

a1 19
whereD=2&— - —QE E

ST g( (ay) - E(@))
in REXMD Equationl- 3b

1 i i i i

or b= —[[E'(@)- E'@)- (E'@)- E'@)
in HREXMD Equationl- 3c

In equationl-3 T; indicates the temperature of replica; is the configuration of replica

at the point of exchange, afif] represents Hamiltonian energy of replicaThe main

idea behind REXMD is that one MD trajectory in a local minima can take conformational
information from another replica which may be found in another region of
conformational space (e.g. across an energy barrier) but have similar energies. The
probability of exchange between replicas is such that it enforces sampling of a Boltzmann
distribution of conformations, thereby satisfying a proper thermodynamic ensemble as
defined by the simulation conditions. Implementation of REXMD is not straightfdrwa

with issues including how to set up the proper temperature spacing, the number of
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replicas, and the exchange frequency. For large systems with explicit solvent, REXMD
requires a large number of replicas and small temperature difference between adjacent
replicas to achieve an acceptable exchange ratio. To overcome this implicit solvent
models, as discussed below, may be used thereby allowing for a significant increase in
the difference in temperature between adjacent replicas. For example, in thegdsen
explicit solvent replicas may have temperature differences of 10 K while when implicit
solvent is used 30 K may be used. In addition, hybrid methods have been dévéloped
Concerning, exchange frequency, higher exchange frequencies typically lead to enhanced
sampling®®. However, care must be taken as although high temperature enhances barrier
crossing, it may shift the equilibrium between two states and make high temnperat

states more favorable throughout all replicas.

Hamiltonian replica exchange molecular dynamics (HREXNB$° overcomes
drawbacks of REXMD by scaling the potential energy function (i.e. Haraltpmather
than the temperature (Equatit+8c). Perturbation of the Hamiltonian can involve almost
any term in a force field such as the peptide backbone conformational energies, dielectric
constant or ligandolvent interactions. HREXMD needs a lowemuer of replicas than
REXMD since the perturbation is applied locally on selected components of the system.

Generally the perturbation is expressed
H@)=aH,+ (- /)H, Equation1-4

whereO (@ a1, such that the Halhib.the grouadrstateé)s t

when & is zerbi(ane.tdudédety pteattear bed) wh
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simulations are carried on each replica witl;)aand conformations exchanged between

adpcent H preplicas thereby facilitating the crossing of energy barriers.

Ther e ar e single MD approaches 4using d )

dynamic$*® **’i mp | e masran artificéal particle that is propagated during the MD

simulations thereby sampling various @& valu
system without the need ofusingq@ee f i ned & values. The Hamil:'t
adding two more termsof dynamice» v ar i a h)l,e sa st os hHo(wen ; }lise | o w, ar

used since multiple &s can be used to pertu
such as electrostatic or dihedral energies. In the approach the extended Hamiltonia
comprised of the standard, ground state Hamiltonian and the perturbations associated

with the o terms is defined as
Sl . )
Hextendeg{q}) =H ({ a‘}) +a Em/iz +U ({ a‘}) Equatlonl-5
i=1

where ma n ¢areadynamic variables which overcome the limitatoh usi ng di scr e
values and U {}9) ii-depeadend-biasing potential which can take various forms to

sample as many states as possible.

Another single dynamics GE method, Metadynaffifcs*’ *°®

uses a history
dependent biasing potential to force selectedyreles of freedom (e.g. collective
variables, CV) of the system being sampled away from conformations visited frequently.

This is performed by dAliftingo | ow energy

regions are being sampled, thereby facilitatingfeonational changes away from the
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low energy regions. The biasing potential is the sum of Gaussian functignt)av are
used to fill valleys of the free energy surface as defined as follows

AU(@-cv(t)* g
9

V,U(g),t)=h ez 2w Equation1- 6
t

whereU(q) is the potential energy of coordinates q at time t, h is Gaussian height, w is
Gaussian width, and CV(t) is the value of the CV at time t. The simulation remembers
information about the added biasing potentials and the figas ¥ negative imagef the
free energy surface thereby allowing reconstruction of the original free energy surface.
Metadynamics is able to run with multiple CVs such as distance between two atoms,
angles, or torsion angles; the choice of CVs, and optimal h and w for eaeneQ\ser

selected and optimization of these parameters for the system of interest is often required.

Taking a similar strategy, the orthogonal space random walk (OSRW)
algorithm?®® ' is another efficient way of conformational sampling. This strategy
simultaneously perturbs the order parameter
generalizedfree energy space to overcome not only local minima trapping but also
l agging of changes i n t he environment sur
conformational changes to occur. OSRW uses 2D Gaushiped repulsive potentials
to flatten the free energydace and avoid oftewisited states. After searching the whole
conformational space it is possible to select accessible conformations by order parameters

associated with the conformational change.

Another approach is accelerated MD (AMH§. AMD is a simple but efficient

sampling method that has shown good performance for biomolecules. Compared to
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metadynamics and OSRW, it uses a simpler form of the biasing potential (edu&)ion
When applying the method, tahuming dactor Sot thee ner gy
bi asi ng p odemhmhneedad bé paefivesl larld the biasing potential is applied

when the potential energy is less than E.

() V()2 E
V*(r):ilv(r)+ (E-VO) o Equatiorl- 7
| a+(E-V(r))

REXMD and HREXMD have been successfully used for conformational

sampling of flexible ligandg!®: 162163

, while the other GE algorithms have been used
mainly in biomolecules to date. However, considering their success in conformational
sampling, problems involved in flexible protein loops and ligand passage in ret¥ptors

185 it is anttipated that they will be of utility to conformational sampling in LBDD.

In addition to the sampling algorithms, an important consideration is the role of
solvent in conformational sampling. Conformational changes and sampling are dependent
on the surronding environment of all molecules such that energetically favorable
conformations in gas phase may not be favorable in solution (or a receptor binding site)
and vice versa. This occurs due to water competing for favorable intramolecular
interactions, forexample, by disrupting intramolecular hydrogen bonds or reduced
intramolecular dipolalipole interactions. Alternatively, water can impact the orientation
of hydrophobic groups, which may remain fac
together in thgresence of solvent. Therefore sampling conformations in the presence of
explicit water molecules is ideal when studying biological systems but such calculations

are computationally expensive due to the presence of additional particles in the system.
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In addition, the viscosity of the water surrounding a molecule can slow conformational
sampling during MD simulations, thereby further increasing the computational costs. An
effective alternative to explicit solvent are continuum solvent models that allow fo
distributions of conformations to be obtained that approximate an explicit solvent
environment while allowing for efficient sampling by avoiding the increased number of
particles and the viscosity issues with water. A large number of implicit solved#lsno

are available and recent reviews on the topic have been pre§&tffedSimple implicit
solvent models use constant or distadependent dielectric constants. Another approach
is using solvation parameters for each atom based on their solvent accessibility so that
particles in the system have varying responses to envaotsmMore accurate solutions

to solvation effects are obtained by the PoisBotizmann (PBY® *"°or Generalized
Born (GB)'"* models. In MD, the most widely used methods are GB models due to the
high efficiency of their analytical solution and comparable accuracy with respect to PB
modes that typically require numerical solutions. GB models calculate the electrostatic
component of the solvation free energy as shown in Equat®)ywith that term added to

the total energy.

DG, ° - %% 185 g a9, - Equatiori-8
¢ €&+ r> 0
J T RR PR R S
¢ I~
In equation1-8 U i s t boestamt bfesdlvent,;tisrttie artial atomic charge of

atom i, § is the interatomic distance between atom i and j, anhdvRich is the most

important parameter in GB models, is the effective Born radii of atom i. The effective

Born radii can be undesto d as an atomdés degree of buri
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exposed to the solvent environment. A number of GB models have been developed such
as GBMV/"? and GBSW'® in CHARMM'"* " and GEB®*“**" in AMBER'"® *""which

differ primarily in the way that the effective Born radii are calculated.

The final portion of this section presents a simple exangdl sampling the
conformational space of a peptide using three-béded sampling approaches based on
the CHARMM22/CMAP protein force fiefd®. Figure 1-1 shows the extent of sampling
attained by MD in bothacuum and explicit solvent (Figurésla andl-1b) and by two
sampling methods (single MD vs. HREID using explicit solvent, Figure$-1b and1-
1c) for the flexible opioid pentapeptidé,eu-enkephalin. For the explicit solvent
HRE XMD, =0, 0. 14, 0.19, 0. 27, 0. 37, 0.
CHARMM phi, psi energy surface that is flat for Aglycine residues, as implemented
using the CMAP todl® Simulations were performed using the REPDSTR module in
CHARMM for 10 ns, attempting exchanges every 0.5 ps for the HREXMD. The range of
conformational sampling was measuredthey 2D probability distribution of the distance
between two aromatic rings (A and B) and the angle between two aromatic rings and N
terminal nitrogen (N). Additional details of the simulation methodology are included in
the Appendix A Comparison of igures 1-1a and1-1b show that the sampling of
conformational space by MD differs in gas phase vs explicit solvent. In explicit solvent,
structures with longer AB distances and larger ANB angles are being sampled. These
represent more extended structures wuthe presence of solvent; in the gas phase the
peptide folds back on itself leading to more compact structures as no solvent is available
to compete for intramolecular interactions. As expected, HREXWHDc] samples a

similar range of conformations #se standard explict solvent MO-(Lb), but the extent
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of sampling is more complete using the same amount of simulation time. The more
complete sampling by HREXMD is due to the simulation overcoming an energy barrier
in the vicinity of 10~12 A for the ABistance and 60~100° for the ANB angle. Although

this example is not a rigorous test from which better performance can be proved based on
more efficient samplingjt points out the importance of the simulation method and

solvent environment when performiegnformational sampling.

An important consideration when performing conformational sampling is the
extent of convergence; have all the accessible conformations of the molecule been
sampled? When conformational sampling is done by MD, convergence dfrgampy
be checked by continuing the simulation time and testing if additional conformations are
being sampled. If additional conformations are not being sampled the sampling may be
considered converged. For conventional MD, root mean square deviafiansrall
structure, distance between atoms or functional groups (as in Bigyrer torsions may
be used for simple evaluation of convergence. Alternatively, differences in probability
distributions between two intervals of a trajectory (e.g. thedinst second half) can also
indicate if the simulation has reached convergence. For GE methods, convergence of the
calculated free energy surface indicates adequate sampling. However, it should be
emphasized that the appearance of convergence does maisardy mean that true
convergence has been attained. There is always the possibility that a molecule, especially
more complex molecules such as polypeptides, may have access to significantly different

conformations than those accessed in the performadations.
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Figure 1-1. 2D-probability distribution of AB distancANB angle pair of Leu
Enkephalin. Pharmacophoric point A represents the centroid of the aromatic ring of
tyrosine, B is the centroid of the aromatic ring of phenylalanine, and N is tlhe bas
nitrogen. a) through c) compares different sampling of conformational space by a) gas
phase MD, b) explicit solvent MD and c) explicit solvent HREMD. Simulation details
are in theAppendix A
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4. Force fields (FF)

While the appropriate sampling approaches can assure that the required range of
conformations is being accessed it is the underlying energy function that largely
determines the probability of the conformations being sampled. While QM methods can
supply ths information their computational demand limits their utility for sampling large
numbers of conformations for even small molecules. Accordingly, it is necessary to use
molecular mechanics energy functions. While such functions are computationally
efficient, they are based on simple terms that require a set of parameters to allow for the
energy and forces on a molecule to be accurately calculated, as described below. These

parameters, therefore, dictate the applicability and quality of the force fidld aumber
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of force fields are available for driifge molecules. In the remainder of this article an
overview of the force fields most commonly used for ligands will be presented, including
examples of the ability of selected force fields to reprodudec@nformational energies

of two example ligands.

A force field consists of a potential energy function and the associated parameters
that allow the energy and forces to be calculated as a function of the molecular structure
and conformation. Potentiahergy functions used in molecular mechanics typically
include terms for bond stretching, angle bending, rotation around bonds (dihedral or
torsion angles), out of plane motions (improper angles), anedbanded interactions
(electrostatic and van der Waahergies). Such force fields are referred to as Class |
models. In Class Il force fields crossterms to treat correlation between bonds and angles,
angles and torsions, and so on are included and different variations of the nonbond terms
may be used. Equahs 1-9 and1-10 show examples of potential energy functions in the
two classes, which are classified by their simplicity and potential transferability. Detailed
descriptions of the example functional forms are found in Breoks!’ for the class |
force field in CHARMM and in Plimptar® *¥°for a class Il FF. Class | FFs include
thoe specialized for biomolecules (see below). The simple functional form shown in
Equation1-9 is computationally efficient allowing them to handle macromolecules in
agueous or other condensed phase environments. Equation 10 is a typical energy function
usedin a Class |1 FF and employs more compl e

necessarily dictate) transferability across a wider range of molecules.
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CIassI:U(R\’/) = aK,b-b)+aK,(@g-q)

bonds angles
+ A Ke(S-S)°+ 4K @Q+cospr - d))
Urey- Bradley dihedrals
+ a Kw(W' W0)2 + a UCMAP(f!/)
impropers residues
B @ d2 e 0
- aRr . . < Nop
+ a ‘:e- %elen,u 8 _ zangln,lj 8 U+ qqu |u Equationl-9
nonbondef Ijg rij 9 & rij 9 l:l 410 q’\
pairs ’ Q “u {]

In equationl-9 b, d, S, n, G, U0, and ¥ rbetpeeesent t
1-3 atoms, multiplicity, torsion, phase, and improper angle, respectively, and the
subscript zero indicates the equilibrium geometry paramelearéithe associated force

constants. The Lennattbnes €12 equation is commonly used to model the eer

Waal s ener gy bet we e nj rg M. are ahe dvelldepth, wher e
interatomic distance, and interaction distance at minimum of the energy between atoms i

and j, respectively. In the electrostatic or Coulombic ternang gare parial atomic

charges and U is the dielectric constant.

For equatioril-10 the same symbols are used as in Equdt®rand additionally
b6 and doé used in the crossterms represent

Cross interaction.
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Classll:U (F\{) = & [Kpo(b- by)* + Kg(b- 1)° + Ky, (b- by)*]

bonds

+ a [qu(Q‘ qo)2 + Kq3(q' %)3 + Kq4(q' %)4]

angles

+ 4 [K, (1+cosf)+K,,(1+cos2f) + K, ,(1+cos3f)]

dihedrals

e
62 len Jij

§¢
)

+ a a Kbu(b' bo)(b‘blo + a a thXCI' %)(Q'qo)

bond®onds anglesingles

+a a Kyb-h)@- q)

bondsngles

33;.Rm|n ij 0 U qlq] 0

e
gerij ou 4,01%

1]

e

-n 2 -u 1

+ aKm+ a i
impropers nonbonde’fi
pairs

|ooo%

+8 & (b- b)[K,,cosf +K,,,cos2f + K, ,,COS3f]

bondslihedrals

+a a(b-by)K, ,cos +K,,,cos2f +K, ,,C0S3f]

bondsdihedrals

+4 a- %K, s cOSF +K ., cos2f + K, ,,COS3f]

angleglihedrals

+ a a a qu‘(q' %)(q" qlo)COSf Equationl-lo

anglesinglesdihedrals

To move from a potential energy function to a FF requires determination of the values of
the parameters, a process referred to a parameter optimization or parametrization.
Parameters to be optimized in equatioh® and 1-10 include force constants
equilibrium geometries, partial atomic charges, well depth and interaction distance at
minimum energy (Rin,j) and so on. The goal of parameter optimization is reproducing a
collection of quantum mechanical and/or experimental observables for thesligdin

interest.

Parameters for macromolecules such as proteins, nucleic acids, lipids and
carbohydrates have been paid special attention and optimized extensively in Class | FFs
such as AMBER(Assisted Model Building with Energy Refineméft)*’’

CHARMM(Chemistry at Harvard Molecular Mechanitd) '> GROMACS®! and
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OPLS(Optimized Potential fdriquid Simulations)®* ' Subsquently, parameters for

druglike molecules were added to be compatible with the individual biomolecular FFs

whil e maintaining the accuracy of the fnfpare
parent and related small molecule parameters use the samefftinen potential energy

function and strategy used for optimization of the FF. This is necessary to provide
consistent and balanced energy and force evaluations during simulations of small
moleculebiomolecular complexes. For example, the CHARMM GdneFa(CGenFF)

184 follows the standard optimization procedure of the CHARMM additive biomolecular

FFS,

As an example of pameter optimization the approach used in the CHARMM
additive force field for small molecules, with which we are intimately familiar, will be
used. Typically, optimization of CGenFF parameters is performed as follows. Force
constants, equilibrium bond letlg and valence angles are parametrized to reproduce
experimental or QM vibrational frequencies and geometries. Dihedral angle force
constants, phases, and multiplicities are optimized targeting QM potential energy scans or
spectroscopic data such as NMRcdupling constants. Charges are optimized by
evaluating optimal distances and interaction energies of water interaction with the drug
like molecule based on QM calculations as well as dipole moments and optimization of
LJ parameters is guided by the regwotion of pure solvent or crystal experimental data.

To date, CGenFF includes approximately 150 atom types, 400 bond, 1200 angle, 3000
torsion parameters explicitly optimized based on 500 model compounds. When
extending the force field to new chemicatibes, parameters for the new molecules not

already available in the CGenFF may be assigned by analogy for the bond/angle/dihedral
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and LJ terms, while determination of the partial atomic charges is based onehaogel
increment algorithm extended tacloded angleand dihedrals increments that have been
trained to reproduce CGenFF charges for over 500 model compounds (K.
Vanommeslaeghe and A.D. MacKerell, Jr., work in progress). Ahlaskd utility in the
context of the ParamChem project is availabl@erform these functions. An important
feature of CGenFF when automatically assigning parameters is information about the
quality of the assigned parameter based on a penalty score. This is important as the
ability of parameters to be transferred betwemolecules in the context of empirical
force fields is limited, as shown below, and it allows users to know which parameters
require validation and further optimization to obtain the required level of accuracy.
However, as with conformational samplingyee in cases where the parameters are
directly transferred to a new molecule, the possibility that those parameters may not
perform with adequate accuracy exists, such that the aware user is advised to perform

validation tests of the transferred parametasspreviously describ&Y.

Beyond CGenFF there are a number of other small molecule FFs designed to be
compatible with biomolecular FFs. GAFF (General AMBER “#Ryas developed for
the simulation of pharmaceutical compounds with the AMBER biomolecular FF. It is
based on QM dmization of about 3000 model compounds and geometric information
from the Cambridge structure database (C&D)t has 57 atom types, 700 bond length
parameters, 3000 angle parameters, and 500 dihedral angle parameters. Beyond these
available parameters, the Antechamber totfkis used to assign parameters for novel
molecules. SwissParam is a wedised utility used to generate CHARMM consistent

parameters for ligands. It takes internal energy parameters and charges from MMFF
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(Merck Molecular FFY®® °° while cubic and quadratic terms for bond, angle, and
improper energies that are present in the Class Il force field are truncated as required for
use with the Gss | CHARMM additive FF. In addition, van der Waals energy
parameters are from the CHARMM additive FF based on atom type similarity. However,

it should be noted that the nonbond parameters being derived in a different manner than
that of the parent braolecular FF make them formally incompatible with the CHARMM
biomolecular FF. OPL&A (All Atom) emphasizes parameters to reproduce the
conformational energetic and condensed phase properties of small molecules for use in
biological environments. Initial grameters were adopted from the ORLS (united

atom), AMBER, and CHARMM FFs and 50 model compounds were optimized focusing
on torsion and nobonded parameteéfé. OPLSAA uses experimental liquid properties

as target data during parameter optimization. Thus, Class | bionaldédtd have been
extended to include parameters for a range of small molecules though the extent of
chemical space covered and the quality of the parameters for those molecules vary

significantly.

Class Il FFs were initially designed to treat a wide eand small molecules.
Examples include CFF/CVFF (consistent valence'8AYIM2 (molecular mechanicS¥,
MM31%2 MM4'** MMFF94'®° and Tripos 5.2 F£°. These FFs are typically not
optimized with respect to interactions with the environment, with the exception of
MMFF, limiting their applicdility. In general, Class Il force fields were optimized to
reproduce geometries, vibrational spectra and conformational energies in the gas phase,
with the various cross and higher order terms in the energy functions (Eqldt@n

included to allow forboth better reproduction of those properties as well as facilitate
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transferability of the parameters to a wider range of compounds. MMFF94 is currently
one of the most widely used FFs for small molecules and is available in numerous LBDD
software packags for small molecule simulations. Its goal is broad applicability and QM
data for over 3000 molecules and condensed phase data for 2800 CSD compounds were
used to optimize and validate the parameters. Allinger and coworkers have developed the
MM1-4 FF seles achieving high accuracy for organic molecules with respect to
geometries, conformational properties and heats of formation. Upon going from MML1 to
MM2, the MMXx series shifted to a simpler form of Class Il FF and MM3 lead to further
improvements by inalding more model compounds, additional experimental data, and
higher energy conformations during parameter optimization. MM4 represents a further
extension of a Class Il FF due to the inclusion of fimlnl torsional energy terms,
torsionimpropertorsion cross terms, bontbrsionbond cross terms, two torsiond

cross terms for central and terminal bonds each and so on. MM4 was optimized targeting
t her modynamic guantities &eH, &S, &G, and
experimental spectroscopic datAll of these class Il FFs are primarily utilized for
organic compounds in the gas phase, though MMFF94 has shown limited use in

macromolecular condensed phase simulations.

Use of a FF for energy evaluation, energy minimization, MD simulation or other
sampling approach represents a significant, important step forward in most modern
LBDD studies and the quality of the FF plays an important role in the outcomes of such
studies. As emphasized in the preceding paragraph, the various FFs were optimized
targaing a training set of molecules. Accordingly, each FF may be anticipated to

reproduce the energies and forces of the molecules in the respective training sets with
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reasonable accuracy. However, the question of transferability remains such that how
accurae is the treatment of a molecule not in the training set originally used to optimize
the FF. While a full investigation to address this issue represents a significant challenge,
two examples of the transferability of selected FFs will be given targ@iviglihedral
potential energy scans of dimethyltryptamine and dimethylamino[1,4]diazepine which

are analogues of serotonin and clozapine.

Figure1-2. Comparison of conformational energy surface. Aakential energy surface
(PES) of dimethyltryptamine and B) shows that of dimethylardiibenzo[1,4]diazepine.
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Figure 1-2 shows dihedral potential energy surface generated by MMFF,
SwissParam, CGenFF, and, in 2b, CGenFF after additional parameteizatbn along
with QM data obtained at the MP2R.G* level using the Gaussian03 progtdin
Dihedral anglesshown @ curved arrows in theidgure, were rotated in 15° increments
and the geometries were optimized at each step. MMFF, SwissParam and CGenFF
parameters were input into CHARMM and geometries were minimized to an RMS force
of < 10° kcal/mol/A . With dimethyltrgtamine, MMFF and SwissParam underestimated
the height of energy barriers and CGenFF had a different peak shape at 45° and 330°.
Since SwissParam adopted parameters from MMFF, its energy surfaces were similar to
that of MMFF, though not identical. This diie to the different representations of the
nonbond terms, which contribute to the energy surfaces and emphasize the problem with
mixing parameters from different force fields. Overall, the shape of the surfaces for
dimethyltryptamine are acceptable foall three FFs. However, results for
dimethylamino[1,4]diazepine emphasize that caution needs to be taken as when
transferring parameters to new compounds (Fidugbd and Tablel-3). The MMFF
energy surface has local minima around 150° and 270° which leall to errors in
conformational sampling; similar problems are present with the parameters generated by
SwissParam. When energies as a function of conformation are incorrectly represented the
conformations selected from the sampling approach will tylgidag incorrect or the
probabilities of those conformations improperly represented. Initial parameters from
CGenFF showed poor agreement with the QM PES, but the FF is in significantly better
agreement following optimization of selected dihedral anglempaters. The results with

all the tested FFs indicate the limited ability to transfer parameters to new molecules. An
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advantage of CGenFF is that penalty values are provided for each parameter assignment.

This alerts the wuser to possible limitations imet FF, such as occur In

di methyl amino[1l,4]diazepinebds conformational
parameters and additional optimization should be performed as required. Efforts to

extend the ParamChem web server to include an automatethdetdor parameter

validation and optimization are ongoing (K. Vanommegie, S. Pamidighantam, M.

Sheetz and A.D. MacKerell, Jr. Work in progress).

Table1-3. Root mean square deviation from QM potential energy surface

RMSD
dimethylamine
FF dimethyltryptamine dibenzo[1,4]diazepine
MMFF 0.87 5.04
SwissParam 1.42 5.42
CGenFF 0.62 12.84
CGenFF* n.d. 3.59

5. Conformationally sampled pharmacophore (CSP)

Leveraging the ability to perform extensive conformational sampling of small
molecules usinga properly optimized FF for the ligands of interest facilitated the
development of a novel approach in our laboratory, the conformationally sampled
pharmacophore (CSPj!!% 163197198 cgp s g LBDD approach based on extensive
sampling of conformational space, under the assumptiorsticat sampling will lead to

inclusion of the bioactive conformation being sampled despite that conformation not
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being known. The use of all accessible conformations in the CSP approach allows for
probability distributions of different geometric featurewl@r physical properties to be
determined, as shown in Figutel for LeuEnkephalin. As 4BQSAR uses occupancy

of lattice points on a 3D grid by conformations of the ligands being studied as
descriptors, CSP uses probability distributions of pharmacapfeatures (e.g. distances,
angles and dihedrals) as descriptors for model development. The use of all accessible
conformations in CSP has allowed it to be applied successfully to highly flexible
molecules such as peptidic opiditie*® and bile acid$* °” 1% A strength of the
method is the ability to connect the pharmacophore models to molecular details of the
ligands being studied thereby facilitating physical interpretation of the models and
applying the kowledge for ligand optimization, including rational drug design. By
including all conformations, CSP can often recognize subtle differences among
structurally similar compounds as well common pharmacophore features among diverse
compounds. By using ¢hquantitative overlap of pharmacophoric feature probability
distributions of different ligands rather than conformations of the ligands themselves
during model fitting, the molecular alignment problem is eliminated. However, once a
suitable model is del@ped the conformational distributions from the MD simulations
used in CSP model development may be used to guide possible superposition thereby
identifying the biologically relevant conformations of the ligands. For example, CSP
mo d e | -ofio@ recefpto ligands demonstrated how flexible peptidic opioids can be

superimposed with nepeptidic opioids*,
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Figure1-3. Schematic diagram of CSP procedures
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For proper CSP modelling, accurate FF and efficient conformation searching are
needed. To date, MMFF and CGenFF have been sisecessfully. Conformational
sampling has used extended MD simulations alone at both room and high
temperaturés™*° and temperature REXMD simulations in implicit soléft'® 1%

Figure 3 shows the general procedure used in CSP modelling. Once conformations are
pre-enumerated for the training set of compounds, which may be performed using any of
the above sampling methods, pharmacoelievelopment is performed in an automated,
computationally feasible fashion. As for identification of pharmacophore features,
aromatic ring, ionizable groups, or hydrogen bond donors and acceptors can be identified,
the associated probability distributie between the features calculated and, based on the
extent of overlap of those distributions, the various combination of overlaps iteratively

regressed against biological data, with those features yielding the best correlation with

experimental data usddr further model development. Notably, the CSP method can be
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readily combined with physicochemical descriptors to further facilitate model

developmerif® 1%

6. Conclusions

Presented is an overview of computational lighaded drug design approaches
currently in use in rational drug design. Over the la8t @&cades, a large number of
methods have been developed and many of these have been implemented in readily
accessibleaftware packages. While this convenience is important for utilization of these
methods, it is essential that users understand the assumptions and limitations in those
methods allowing for decision on the suitability of the methods for a given projedt, wha
kind of knowledge one can obtain through the study, and which aspect is the limiting
factor with respect to producing accurate SAR models. As many LBDD approaches
require extensive sampling of conformational space emphasis in this article was placed
on recent FF development and the use of MD simulations and related techniques for

conformational sampling.
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Chapter 2. (Ala)s-X-(Ala), as a model system for the optimization of the
Gi a n ¢ ansno acid sidechain dihedral empirical force field

parameters”

Abstract

Amino acid sidechain fluctuations play an essential role in the structure and function of
proteins. Accordingly, in theoretical studies of proteins it is important to have an accurate
description of their conformational properties. Recenthgw sidechain torsion
parameters were introduced into the CHARMM anchb&r additive force fields and
evaluated based on the conformational properties of the individuatlssiies using
protein simulations in explicit solvent. While effective for validation, MD simulations of
proteins must be extended into the microsecond retprodtain full convergence of the
sidechain conformations, limiting their use for force field optimization. To address this,
we systematically test the utility of explicit solvent simulations of (AX)(Ala)4
peptides, where X represents the amindgcas model systems for the optimization of

G and ¢, sidechain parameters. The effect of (AlX-(Ala)s backbone conformation
was tested by constr ai +helicaly C5t 6& and BRIk bo n e i
conformations and performing exhaustive samplisgng Hamiltonian replica exchange

simulations. Rotamer distributions from protein and the A¥)Ala), simulations

2Shim, J.; Zhu, X.; Best, R. B.; Jr., A. D. Effective model system for the optimization
of the 661 and 2 amino adcliGmpsChdn@lh a3 n di hed
593-603.Copyright 2012 Wiley Periodicals, Inc.
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showed the highest correlation for the.£and PPII conformations, though agreement
was be s t-helfical confdrrhation 10r Asn. Hydgen bond analysis indicate the
utility of the C%q and PPIl conformations to be due to specific sitlainbackbone
hydrogen bonds not being oversampled, thereby allowing sampling of a range-of side
chain conformations consistent with the distributiomgusring in full proteins. It is
anticipated that the (Alg)X-(Ala); model system will allow for iterative force field

optimization targeting condensed phase conformational distributions edlsdies.

Introduction

Experiments to understand the struetand dynamics of proteins are often coupled with
computer simulations to investigate atomic scale phenomena related to biological
function'® 2°° Atomistic details of protein folding proces&¥s ligandbinding
pathway&®, and dynamical events contributing to cataffSiare some examples where
computer simulations have yielded novel insights into protein function. To achieve these
successes proper conformational sampling in the computer simulations plays a critical

role.

Sampling of conformational space of proteinsMi simulations based on empirical
energy functions depends on the force field. In protein force fields significant effort has
been made to improve the peptide backbone parameters to achieve the correct

conformational sampling in polypeptidé% 2042%°,

These typically include additional
optimization of the G and y dihedral angl e

CMAP 2D dihedral energy correction maped in the CHARMM'® 2*>and AMOEBA
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force field$™® targeting the reproduction of NMR data for (Aland related peptides.
However, concerted efforts to improve the parameters associated withdéhehain
conformational properties have been limited despite the important role efhsdes.
Most force fields, such as OPLSA'®* 18 Ambel’® and CHARMM™ 17
parametrized individual sidehains foasing on model compounds. This allowed

optimization of the both nehond and bonded terms targeting small molecule (e.g.

ethanol in the case of serine) quantum mechanical (QM) and experimental data. The

obtained parameters were then applied directhhéoamino acid sidehains sharing the

same dihedral angle parameters. However, this approach has been shown to yield

relatively poor agreement with experimentally observed conformational properties of
sidechains in full protein simulatioAS™?*3, Therefore, improvements in the treatment of
sidechain conformational properties in proteins via additional dihedral angéenpgaer

optimization are anticipated to improve the accuracy of force fields.

An early effort t o ;anddtor®os paraietensiwasauhdertakes |
in the context of the OPL-BA force field'®® and later validad via the prediction of
sidechain conformations in condensed phase properties on 36 pfbteDsring the
optimization process, implicit solvent was used for computational efficiency and local
mi ni ma a o d& weee found by energy minimization. Although the optimization
procedure only minimized one residue wiithe conformation of the remaining residues
were fixed, it l ed to i mproved agtorgionacy
parameters in the Mber 99SB force field for selected residues were preséfitethe
parameters were optimized based on the model system,-&dgdla),, where X

represents one of 17 amino acids. In MD simulations of the £Xlg)Ala), peptides the
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backbone was restrained to the alpha heticaln f or mat i on t o faadcus on ¢
the peptides subjected to MD simulations of over 700 ns to obtain adequate sampling of

the targeted di heflomabbth theP(Alg-X-(AR), peptides and f G

protein simulations were compared with BBtatistics. Four residues, lle, Leu, Asp, and

Asn, which showed ; baampliggefronda PDBesuneyn af eolamer n G
distributions were selected, and the relevant dihedral parameters optimized against QM
energies, followed by evaluation with ertdled MD simulations of four proteins. Protein

NMR data for the proteins showed the new parameters to yield improved agreement with

the experimental data. Givemanhkdandthempedr t ance
to optimize the associated parammsieat least in part, based on condensed phase

simulations, the selection of computationally accessible model systems is very important.

Ideal reference for parameter optimization would be a condensed phase system, as most
force fields are intended for useexplicit solvent simulations. There is a large amount of
NMR data on sidehain conformations in folded proteins. However, in many cases, the
data can be explained by only a single rotamer being predominantly occupied due to the
constraints of the swunding protein. Thus, this data is not the most stringent test of
Aintrinsicodo rotamer preferences, and mor e o0\
dependency on the energy of si®in interactions. Better models for comparison are
unfolded or disordexd peptides, where the sidbains may adopt any allowed rotamer.

For example, experimental data is available for a number of unfolded proteins in
chemical denaturant. In choosing computational model systems to be used in simulations
for sidechain parametr optimization, dipeptides may be considered the smallest system

to check condenseohase properties. Of course, unfolded protein simulations in explicit
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solvent allow the most rigorous comparison with experiment, but they may be considered
computationalf inaccessible when multiple iterations of parameter optimization are

required.

Between the two extremes, (AdaX-(Ala), peptides are interesting models as they are
small and their simulation requires relatively short times to converge when using
enhanced sampling methodologies. Importantly, (Ad-(Ala), will be more
representative of the experimental regime than dipeptides, since tkeghaide can have
interactions with the backbone beyond the adjacent peptide bonds. In the present work,
we build o the use of (Ala}X-(Ala),as a model;anysampeling by r o
systematically evaluating the utility of the model to reproduce sampling in the full
unfolded proteinsdr all the amino acids excluding Gly, Ala, Val, and Pro. These tests
included the role of backbone conformation on the sampling and of a Hamiltonian
Replica Exchandé® **° approach exploiting the CMAP utilt{? in CHARMM*™ to
achieve converged sampling in a computationally accessible amount of computer and real

time.

Methods

Empirical force field calculations were performed using the program CHARRMth
the CHARMM22/CMAP "> 178 2153nd the recefyt developed CHARMM38&” additive
protein force fields. All calculations on (AlaX-(Ala), included backbone restraints on
(i ard y to values listed below using a harmonic restraining force dkaal/mofracf.

Hamiltonian replica exchange (HREX) simulations were performed using the REPDSTR
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module in CHARMM. Molecular dynamics (MD) simulations were conducted at 300K
with the eqations of motion integrated using the Leapg integratol® with a 1 fs
integration time step for a total of 6 orl0 ns, according to convergence (see below), with
coordinats saved every 1 ps for analysis. Covalent bonds involving hydrogen atoms
were constrained to their equilibrium bond length by the SHAKE algofithiiila)s-X-

(Ala); was immersed in a 32 A cubic TIB3Rwvater box and waters with the oxygen
within 2.8 A of the peptide deleted resulting in approximately 1000 water molecules.
Periodic boundary conditioft§ were used and an isotropic lerange correctioft® #2°

was used to account for Lennard Jones (LJ) interactions beyond the cutoff distance of 12
A with force switchintf* over the last 2 A. Electrostatic interactions were calculated
using the particle mesh Ewald meth@dvith a real space cutoff of 12 A using a kappa
value of 0.34 on an approximately 1 A grid with a 6th ospéine. The system was
minimized via thesteepest descent and adopted basis NefRaghsommethod for 1500

steps and then simulated in the NPT ensemble (300K, latm) using theHblmssr
thermostat and Langevin pisféi?° to control the pressure with a piston mass of 400

amu and cdision frequency of 20 p’s

Different parts of the Hamiltonian in the HREX simulations were modified according to

the amino acid side hai n. First,h q, fddimeadiohal (2D¢ poientiale s a 6
energy surface (PES) was calculated for the arnaicid dipeptide with the backbone
conformation restrained in one of the four targeted conformations. The energies were
determined in 1&mid¢ froem elBO& tmd80t ©n each grid point a

harmonic restoring force of I&cal/molrad® was apgl e d t i@ n tdihedrat and

the energy was minimized to a gradient of @al/mol/A . Based on the respective PES,
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2 D, ¢ geid-based energy correction maps analogous to those previously developed for

the( G ,bgckbone dihedrdi€we r e ¢ r e a-CMAP hereinayleltirg @n irverted

PES (1. e. t he change;inas vereed fgoyn tha snmadifiel u nct i o
CHARMMsurfc e) and applied using tiRKAPC)HW® ut il it
t he abs e nGMAP (oef standard CHARMM potential) and the fully perturbed

st atCMAPL9: was t he 4, n)\BES. tFerde RREX ¢alulations there

were 9 replicaswt h a&=0. 00, 0.09, 0.18, 0.27, 0. 36,
residues it was necessary to overcome strong electrostatic interactions such as hydrogen
bonding between the sid#ains and backbone or watefherefore scaling was

performed to netmalize the partial atomic charges (i.e. satain charges set to 0.0 in the

a@lstat¢ with &26=0.00, O0.15, 0. 30Ato@0B8&d O0. 60,
1.20 the partial charges of the sicleain atoms have the opposite signs to original
charges.Charge scaling is feasible with charged residues although the sum of charges
becomes nointegral for the intermediatedé v al ues. One difference
charges of cationic or anionic residues was that charges were modified more gradually
across replicas by wusing &26=0.0, 0.1, 0. 2
achieve appropriate exchange acceptance ratios. Replicas were exchanged every 1 ps and,

as shown below, convergence could be obtaingdiria for most residues and 18 for

charged residues and those containing ringshould be noted that the present HREX

scheme does not represent a 2D perturbation as the two aspects of the energy function
being altered were changed in a synchronous fashion, such that in repiit fst

excited stat e, the CMAP and <charge (neutr a
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respectively, in replica 3 they were 0.18 and 0.30 and in the highest replica they were

0.72 and 1.20.

Two parameter sets C22/CMAP and CHARMM36 (C36) were usedntpae the effect

of different sidec hai n par amet er s. Conformations from
subjected t ¢pa nadiasdonssamsheiraprodability of population to be in

180 ¢rans or t), -60 (@auche, or g-), and 60 gauche+ or g+) conformations were
calculated.g+i s def i ned &as 01e2 0 6O gam 4<2 P%Nxke OCarmsd < 3
To check convergence of the MD simulatiang-, and g+ rotamer populations were

evaluated as a function of simulation time. 10ns sitinria were divided into five 2ns

segments and the changes of populations were monitored and compared with the average
population over 10ndAll (Ala)s-X-(Ala)s simulations were performed using CHARMM

C36a3 or a revised version of C36aRocal computer clsters and XSEDE
supercomputing resources were used where it takes approximately 1 to 3 days to obtain

(6ns X 9replicas) on 72 processors depending on the resources

Protein simulation results were obtained from the recent study by Best®tPaiteins

used forunfolded state simulatiornsere Ubiquitin (UB) and theB1 domain of G protein

(GB1). 200 ns unfolded simulations weprformed in the presence of 8 M urea, the
same concentration used in the NMR experimental §t(din a 70 A truncated
octahedron cell. Sampling was enhanced using the solute tempering replica exchange
method®® *in a modified version of GROMACS 4.83% Folded state simulatien

were performed okbiquitin (UBQ, PDB ID:1UBQ), Bovine pancreatic trypsin inhibitor
(BPTI, 5PTI), B3 domain of G protein (GB3, 1P7E) and Hen egg white lysozyme

(HEWL, 6LYT). Folded protein simulations were run for 28€ using explicit solvent
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MD at 300K and 1bar using GROMACS. Results from simulations with both C22/CMAP

and C36 were used for the comparison with the ¢AfajAla)s simulations.

Results and Discussion

The populations of; andc, are dependent on the locél ( y ) secondary structure®.

As a result, amino acids have different propensities for secondary structures and show
different populations of rotamers depending on the envirorfiifeffior example, Met,

GIn, Glu, Lys and Leu favor helix formation and are found in helices with a high
probability. In contrast the remainignino acids favor either the extended or disordered
backbone conformations or show no significant preference for secondary structure.
Although movements of sidehains and the backbone are correlated, in a simple model
system, such as (AlaX-(Ala)s, designed to reproduce sigdain conformational
preferences, it is efficient to have a restrained backbone conformation, thereby
eliminating those degrees of freedom while focusing on full conformational sampling of
the sidechains; this also facilitates cqarison with data from the PDB. Accordingly,

four backbone conformations were considered including theg Gihd PPII
conformations, which are involved in turns or loops, with the latter dominating the
sampling of small peptides in solution, C5 as an eddrconformations, and the right
handed alpha helixCR ) . Represent at i veg(-828(i779)y05-(angl es
155.0, 150.0), PPII-{5.0, 150.0), andlR (-63.0,-45.0)"®, Amino acids tested in the
present study include charged residues, Arg, Asp, Glu and Lys, the polar residues Asn,

Cys, His, GIn, Ser, Thr, Trp and Tyr and the hydrophobic residues lle, Leu, Met and Phe.
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With four different backbone conformations and two force fields, the total number of

systems simulated was 128.

The convergence of <conformationalhaséampling
populations as a function of time in the HREX simulatidRstamer distributios were
computed every 2 ns andithin 6 ns most residues achieved equilibrium in sampling
(Table2-1, Figure2-1). In many of the shorter, neutral amino acids, such as Asn, and lle,
convergences are achieved within 2 ns of HREX sampling. However, ircases more
extensive sampling is required, with extreme cases being the charged or aromatic amino
acids. Withe, a similar pattern was observed with respect to the type of amino acid
(Table 2-2, Figure 2-2), with convergence typically occurring with lesampling as

c o mp ar edue tb bighes transition rates between the low energy conformations.
After inspecting the results from the C22/CMAP (AX)-(Ala), simulations for all the
backbone conformations, 10 ns for charged residues (Arg, Asp, Glu,angsying
containing residues (His, Phe, Trp, Tyr) and 6ns for other residues were deemed adequate

to obtain convergence; this extent of sampling was also used in the C36 FF calculations.

An example of the ability of the HREX method to improve samplivey atandard MD is

shown in Figure2-3 for Asn. Results are presented for b6thsHREX simulations and

6 ns of standard MD with only the backbone restraints. The increased sampling in the

HREX simulation over the standard MD is evident. plmr t i cul ar swasampl i ng
significantly improved in the HREX simulationdVhile the HREX results were obtained

over 72 cores versu$ for the MD simulation, it is evident that extended standard MD
simulations would be required to obtain adequateveaence. In previous work, MD

simulations were extended to 720 ns to obtain converged f&Sult¥hus, HREX
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simulations, which can take advantage of local computer clusterpraduce adequately
converged results in a time frame appropriate for iterative parameter optimization as

required to reproduce condensed phase data.

Table 2-1 . G1l Rot amer distributio@BRsXi(Na),each 2n
simulations with C22/®AP FF and the C7eq backbone conformation.

amino acid ¢ Gl rotamer popul ati o average * standard deviatior

0-2ns 24ns 4-6ns 6-8ns 8-10ns

Asn t 0.14 0.12 0.13 0.11 0.06 0.11 + 0.03
g- 0.85 0.88 0.85 0.88 0.94 0.88 + 0.04
g+ 0.02 0.00 0.02 0.01 0.00 0.01 + 0.01
Cys t 0.18 0.08 0.14 0.18 0.10 0.14 + 0.04
- 0.77 0.86 0.79 0.77 0.85 0.81 + 0.05
g+ 0.05 0.06 0.07 0.06 0.05 0.06 + 0.01
Gin t 0.21 0.12 0.13 0.10 0.28 0.17 + 0.08
- 0.77 0.88 0.85 0.88 0.72 0.82 + 0.07
g+ 0.02 0.00 0.03 0.02 0.00 0.01 + 0.01
lle t 0.08 0.04 0.05 0.04 0.03 0.05 + 0.02
g- 0.82 0.84 0.82 0.89 0.91 0.86 + 0.04
g+ 0.10 0.12 0.13 0.08 0.06 0.10 + 0.03
His t 0.42 0.52 0.27 0.44 0.35 0.40 + 0.09
g- 0.53 0.40 0.71 0.51 0.43 0.52 + 0.12
g+ 0.05 0.08 0.02 0.06 0.23 0.09 + 0.08
Leu t 0.23 0.18 0.17 0.28 0.25 0.22 + 0.05
g- 0.77 0.81 0.82 0.72 0.75 0.77 + 0.05
g+ 0.00 0.00 0.00 0.00 0.00 0.00 + 0.00
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Table 21 Continued

Met t 0.22 0.24 0.27 0.23 0.27 0.25 + 0.02
g- 0.76 0.75 0.72 0.76 0.72 0.74 + 0.02
g+ 0.02 0.01 0.02 0.01 0.01 0.01 + 0.01
Phe t 0.36 0.13 0.19 0.28 0.16 0.22 + 0.09
g- 0.64 0.87 0.81 0.71 0.83 0.77 + 0.09
g+ 0.01 0.00 0.00 0.00 0.01 0.00 + 0.00
Ser t 0.27 0.28 0.22 0.15 0.29 0.24 + 0.06
- 0.62 0.61 0.74 0.78 0.60 0.67 + 0.08
g+ 0.12 0.11 0.04 0.07 0.11 0.09 + 0.04
Thr t 0.03 0.00 0.00 0.00 0.00 0.01 + 0.01
- 0.44 0.71 0.59 0.54 0.49 0.55 + 0.10
g+ 0.53 0.29 0.41 0.46 0.51 0.44 + 0.10
Trp t 0.40 0.44 0.26 0.21 0.11 0.28 + 0.14
o- 0.58 0.53 0.74 0.78 0.89 0.70 + 0.15
g+ 0.02 0.04 0.01 0.01 0.01 0.02 + 0.01
Tyr t 0.32 0.20 0.27 0.12 0.27 0.24 + 0.08
o- 0.67 0.80 0.72 0.86 0.73 0.76 + 0.08
g+ 0.01 0.00 0.01 0.02 0.00 0.01 + 0.01
Arg t 0.37 0.19 0.04 0.33 0.04 0.19 + 0.15
o- 0.62 0.81 0.95 0.67 0.93 0.79 + 0.15
g+ 0.01 0.00 0.01 0.01 0.03 0.01 + 0.01
Lys t 0.45 0.23 0.08 0.12 0.17 0.21 + 0.15
o- 0.55 0.74 0.92 0.89 0.81 0.78 + 0.15
g+ 0.00 0.02 0.00 0.00 0.02 0.01 + 0.01
Glu t 0.43 0.68 0.24 0.21 0.22 0.36 + 0.20
o- 0.54 0.30 0.72 0.78 0.73 0.61 + 0.20
g+ 0.02 0.03 0.04 0.01 0.05 0.03 + 0.01
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Table 21 Continued

Asp

t 0.30 0.10 0.63 0.08 0.10 0.24
g- 0.70 0.90 0.35 0.92 0.89 0.75
g+ 0.00 0.00 0.02 0.00 0.01 0.01

Figure2-1. (Plot of DatafromTabl@-1) 1 Rot amer

10ns (Ala)4X-(Ala)4
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conformation Distributions in 02ns are represented in red line4ids in green, 4ns in
blue, 68nsin pink and 810ns as cyan.

Probability

trans gauch- gauch+ trans gauch- gauch+ trans gauch- gauch+  trans
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Table 2-2 . G 2 Rot amer di stributions s»Xi(Ala),each 2n
simulations with C22/CMAP FF and the C7eq backbone conformation.

I+

amino acid 6 2 G2 rotamer popul ati o average standard deviatior

0-2ns 2-4ns 4-6ns 6-8ns 8-10ns

Asn t 0.52 0.51 0.46 0.53 0.50 0.50 + 0.03
g- 0.23 0.23 0.33 0.22 0.23 0.25 + 0.05
g+ 0.25 0.26 0.21 0.25 0.27 0.25 + 0.02
Cys t 0.42 0.39 0.42 0.38 0.41 0.40 + 0.02
- 0.29 0.33 0.26 0.30 0.29 0.29 + 0.02
g+ 0.29 0.28 0.33 0.32 0.30 0.30 + 0.02
Gin t 0.68 0.70 0.56 0.76 0.74 0.69 + 0.08
- 0.23 0.22 0.41 0.21 0.19 0.25 + 0.09
g+ 0.09 0.08 0.03 0.03 0.07 0.06 + 0.03
lle t 0.50 0.50 0.56 0.48 0.48 0.50 + 0.03
- 0.44 0.46 0.39 0.48 0.49 0.45 + 0.04
g+ 0.06 0.05 0.05 0.04 0.03 0.05 + 0.01
His t 0.24 0.23 0.24 0.24 0.22 0.23 + 0.01
g- 0.39 0.47 0.40 0.44 0.34 0.41 + 0.05
g+ 0.37 0.30 0.36 0.32 0.44 0.36 + 0.05
Leu t 0.75 0.76 0.79 0.67 0.68 0.73 + 0.05
g- 0.03 0.04 0.03 0.03 0.05 0.03 + 0.01
g+ 0.22 0.20 0.19 0.30 0.27 0.24 + 0.05
Met t 0.52 0.51 0.51 0.51 0.54 0.52 + 0.01
g- 035 0.34 0.32 0.37 0.29 0.33 + 0.03
g+ 0.13 0.14 0.17 0.12 0.17 0.15 + 0.02
Phe t 0.19 0.20 0.22 0.22 0.23 0.21 + 0.02
g- 0.47 0.43 0.43 0.48 0.44 0.45 + 0.02
g+ 0.35 0.37 0.34 0.30 0.33 0.34 + 0.02
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Table 22 Continued

Ser t 0.83 0.85 0.83 0.84 0.83 0.84 + 0.01
g- 0.09 0.07 0.09 0.08 0.07 0.08 + 0.01
g+ 0.08 0.09 0.08 0.08 0.10 0.09 + 0.01
Thr t 0.68 0.73 0.70 0.72 0.73 0.71 + 0.02
g- 0.05 0.07 0.04 0.04 0.04 0.05 + 0.02
g+ 0.28 0.19 0.26 0.24 0.23 0.24 + 0.03
Trp t 0.06 0.11 0.06 0.13 0.08 0.09 + 0.03
- 0.73 0.42 0.49 0.41 0.52 0.51 + 0.13
g+ 0.21 0.48 0.45 0.46 0.40 0.40 + 0.11
Tyr t 0.22 0.25 0.21 0.24 0.20 0.22 + 0.02
- 0.47 0.48 0.46 0.49 0.56 0.49 + 0.04
g+ 0.31 0.27 0.33 0.27 0.23 0.28 + 0.04
Arg t 0.78 0.84 0.76 0.83 0.87 0.81 + 0.04
- 0.18 0.15 0.21 0.17 0.13 0.17 + 0.03
g+ 0.05 0.01 0.03 0.00 0.01 0.02 + 0.02
Lys t 0.83 0.83 0.73 0.83 0.80 0.81 + 0.04
- 0.10 0.13 0.24 0.13 0.17 0.16 + 0.05
g+ 0.07 0.04 0.03 0.03 0.02 0.04 + 0.02
Glu t 0.77 0.76 0.76 0.76 0.85 0.78 + 0.04
g- 0.03 0.09 0.21 0.21 0.06 0.12 + 0.08
g+ 0.20 0.15 0.03 0.03 0.08 0.10 + 0.08
Asp t 0.14 0.15 0.33 0.41 0.24 0.25 + 011
g- 0.73 0.73 0.35 0.32 0.53 0.53 + 0.20
g+ 0.13 0.12 0.32 0.28 0.23 0.21 + 0.09

56



Figure2-2. (Plot of DatafromTablg-2) ¢2 Rotamer distributions
10ns (Ala)-X-(Ala)s simulations with C22/CMAP FF and the C7eq backbone

conformation. Distributions in-@ns are represented in red line4rds in green, 4ns in
blue, 68ns in pink and 40ns as cyan.

Probability

trans gauch- gauch+ trans gauch- gauch+

trans gauch- gauch+ trans gauch- gauch+

X2
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Figure 2-3. Sampling of theAsn G; andg; torsions ) from (a) HREX MD and (b)
standard MD simulations. From top to bottom, panels show results in four different
backbone conformation of (AlaAsn-(Ala), simulated with the C22 FF.

A) HREX MD B) MD

aR

p o

2000

Time (ps) Time (ps) Time (ps) Time (ps)

As the primary goal of the present study was the development of a model for
optimization of sidechain dihedral parameters, analysis focused on the comparison of
rotamer distributions from protein simulations using the same force field with those from
the (Alay-X-(Ala), model system simulations. However, the question arises as taswhat

the ideal state of the protein to consider when performing parameter optimization;
unfolded (denatured) or folded (native). For example, it may be most appropriate to

target sampling oé; and; in the unfolded states, which would limit biases ass$edia
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with different types of secondary structure. Alternatively, folded proteins may be
considered ideal as they do include secondary structure contributions that impact
sampling ofGg; and ;. To address this issue, we compagdrotamer probability
distributions from NMR studies of denatured prot&hand from our recent surveyf

the PDB*2 Presented in Figure-2are the rotamer populations from the two sets of
experimental data. In Figure4A through C, PDB survey data were divided into helical,
extended and disordered conformations accorttirige secondary structure definition by
STRIDE. Figure 24D is without such classification. Although the rotamer distributions
obtained from extended or disordered secondary structures in the PDB are more similar
to those inferred from NMR studies of @dg¢uared proteins, notable is the overall similarity

of the ¢ distributions between the unfolded and folded states regardless of secondary
structures. The only significant difference occurs for Ser. Previously, this difference was
suggested to be due to ardindering the sidehain from hydrogen bonding with the
backbone for thes, g+ rotamer in unfolded proteiffs. However, the deviation may
simply be based on the limited number of Ser residues in the NMR study, as discussed
below. In addition, other studies of unfolded prot&i#fs” reported good agreement
between unfolded and folded states, including for Ser. Thus, the degree of similarity
between sampling of; in both unfolded and folded proteins indicates that using either

state of the protein when evaluating (AtX)-(Ala), as a model system is apprate.
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Figure 24. Probability oft, g~ andg+ G, rotamers in the 16 amino acids from the PDB
survey and NMR denatured protein experimeRiSB survey was sugrouped into A)

helical secondary structures, B) extended structures, C) disordered structures (e.g. loops
and turns ) and D) including all secondary structures. Missing data for Cys is due to its
absence in the proteins used in the N&Xperiments.
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Figure2-5. Comparison of calculated rotamer distributions between unfolded and folded
protein simulations for the A) C22/CMAP and B) C36 MD simulations.
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Sampling of different rotamers for the amino acids from the unfolded and foldezlnpr
simulation§® using both force fields are shown on Fig@B. Overall, the patterns are
similar with respect to unfoldedersus folded proteins and between the two force fields.
For the majority of amino acids, thg- rotamer dominates with the most notable
exceptions occurring with Ser. Some differences between C22/CMAP and C36 occur
with most amino acids, associated twithe additional optimization of the; and G,
dihedral parameters in C36. However, the overall trends are similar between the
calculated results from the two force fields and from the folded and unfolded proteins

(which is consistent with the experimental data for the folded and unfolded proteins
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(Figure 24)), indicating that the use of protein simulation data for validation of {A{a)

(Ala), as a model is appropriate.

Figure2-6. RMS differences of, g-, andg+ populations between the (AlaX-(Ala), and
unfoldedprotein simulations as a functiof residue type in the A) C22/CMAP and B)
C36 FFs.
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Figure2-7. RMS differences of, g-, andg+ populations between the (AlaX-(Ala), and
folded protein simulations as a function of residue type inAp€22 andB) C36 FFs.
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Figure2-8. Pr o babi | it gyandg# rotaness focthe 16 amino acids from the
unfolded protein (red solid line) and (AlaX-(Ala), simulations (blue dotted line).
Simulations were carried with C22/CMAP FF and results from the four different

backbone conforations are displayed.
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Figure 2-9. Pr obabijlt, igtayd g+tordtamerdifer the 16 amino acids from the
unfolded protein (red solid line) and (AlaX-(Ala), simulations (blue dotted line).
Simulations were carried out with the C36 FF and results from the four different
backbone conformations are displayed.
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Amino acids

Analysis of the ability of (Ala)}X-(Ala); to act as a model system farparameter
optimization invoved the RMS differences of the g+ and g- rotamer populations
between the (Ala)X-(Ala), simulations and both the unfolded protein (Fig®) and
folded protein (Figur@-7) simulations. Comparison of the percent sampling of the three
rotamers as dunction of amino acid from the (AlaX-(Ala)s simulations and the

unfolded protein simulations for C22/CMAP and C36 are shown in Fig8and 2-9,
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respectively. Analysis of the RMS differences in Fig@fé and 2-7 show significant
variation as a fuection of backbone conformation and residue type. However, for both
FFs and with respect to both the unfolded and folded protein simulations, there is a
tendency for the G4 and PPII backbone conformations to give the smallest RMS

differences.

RMS differences anaorrelationcoefficients between the (AlaX-(Ala)s and protein
simulations over all the amino acids studied for the four backbone conformations are

presented in Tabl2-3.

Table 2-3. RMS differences and correlation coefficients betweeraAX-(Ala), Gi, &,
rotamer distributions and those of folded and unfolded proteins, for the different
backbone conformations of (AlaX-(Ala)s, for X runs over all the studied amino acids.

Average RMSD Correlation coefficients

C22/CMAP C36 C22/CMAP C36

G G G G G Gy Gy G
Unfolded Protein Simulations
C5 039 01 039 020 -025 076 -0.18 043
PPl 015 014 018 0.13 080 074 079 067
C7q 018 016 015 0.18 0.74 068 085 054
UR 033 016 024 017 023 067 045 044
Folded ProteirSimulations
C5 039 014 046 021 -035 080 -0.27 0.43
PPIl 018 0.13 020 020 0.64 077 071 0.44
C7, 0.18 0.16 018 022 0.79 071 083 044
UR 029 016 0.26 018 033 072 043 0.48

66



With respect to the unfolded protein simulations for the fouklb@ae conformations,
overall agreemendf the (Ala)s-X-(Ala)s 6 resultsare good for both the Gyand PPII
backbone conformations. With g,/the average of the RMS differences are 0.18 and
0.15 in C22/CMAP and C36, respectively, and the correlati@fficeents are 0.74 and
0.85, while for the PPII conformation the RMS differences are 0.15 and 0.18 and the
correlation coefficients are 0.80 and 0.79, respectively. With the folded protein
simulations, the RMS differences are 0.18 and 0.18 witg ©©7 the C22/CMAP and

C36 FF, respectively, and 0.18 and 0.20 with the PPII backbone. Correlation coefficients
are 0.79 and 0.83 with Gyand 0.64 and 0.71 with PPIl. Notably, &and PPII
backbone conformations yield the best overall agreement foe;thiestributions with

respect to both the unfolded and folded protein simulations.

G, distributions in theg(Ala)s-X-(Ala)4 simulationsalso produced good agreement with
those from the protein simulations in the.&£dnd PPIlI backbone conformations. RMS
differences from unfolded protein simulations were 0.16 and 0.14 fofOVRRP and
0.18 and 0.13 for C36 with Gyand PPII, respectively, and correlation coefficients were
0.68 and 0.74 for CZ€ZMAP and 0.54 and 0.67 or C3 6. , $hmplrg wasress G
dependent on back b orskowingasimifaocormalations fonadl four han ¢
backbone conformations, with only the d&€onformation with C36 showing some
improvement. The similarity of th@Ala),-X-(Ala)s G results for all four backbone
conformations i s, t o s o nseoneeband eemdved framnxtiee c t e d
peptide backbomnelhus svher ecomsideximg doakly atnod aradall the
amino acids together both the &7#&nd PPIl confanations yield the best overall

agreement with the protein simti@ans.
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That the PPII conformation of (AlaX-(Ala), is in good agreement with the unfolded
protein simulations is not surprising as in those conditions it may be anticipated that the
proteinbackbone samples significant amounts of that confornfdtiofi However, the

PPII conformation also gives good agreement for folded proteins even though it is not as
highly populated as compared to extended @Rdonformations. The good agreement

for C7., which is not sampled significantly in either unfolded or folded proteins was
somewhat surprising, but ifs U , vglyes are similar to that of PPIl (see below). In
contrast, the C5 conformation gives the largest RMS differences and negative correlation
coefficients. As this conformation corresponds to that occurring in beta sheets the result
is not unexpected; in sheets the backbonreél ldnd carbonyl moieties are typically
hydrogen bonding with other peptide bonds and not available for interactionshevith
sidechains. While this scenario is more relevant for folded proteins, it appears to also
apply with the unfolded proteins. Finally, the samplingspin the UR conformation is

also in poor agreement with that occurring in both the unfolded anedfpicbteins. This
would again be suggested to be due to the lack of helical secondary structure in denatured
proteins; however, the level of agreement is similarly poor with respect to the folded
protein results. Additional analysis was therefore un#ertao better understand the
nature of the interactions of the sidlkains with the backbone leading to the differential
ability of the studied backbone conformations to reproduce rotamer sampling seen in the

protein simulations.

Differences in the sampify of ; in the four backbone conformations of (Af-(Ala)4
are expected to be due to changes in the ability of NH and O atoms in the peptide bonds

to interact with their environment. Shown in Figr&0 are images of the central region
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of the (Ala)-Leu-(Ala)s peptide in the four backbone conformations. Theg,FPII and

C5 conformations have higher solvent exposure of the NH and O atoms in the peptide
backbone as compared to thR conformation, where they are participating in the
classical intrabekbonei to i+4 hydrogen bonds. Thus, UR hydrogen bonding with the
environment is expected to be perturbed. However, the significant difference in the
agreement between the (Al@¥-(Ala)s and protein results for G4 PPIl and C5 is
somewhat surprisg, as significant hydrogen bonding interactions with the environment
are possible in all three cases. Towards understanding this effect, the percentage of side
chain rotamer conformations involved in hydrogen bonds with the backbone based on a
3.5 A cutff criteria for norhydrogen atoms was calculated for all polar and charged
amino acids (Tabl@-4). While smaller percentages are seen with Asp and HisRor
significant trends between the backbone conformations are not present based on this

simple amlysis.

Figure2-10. Structures of the central region of (Aldjeu-(Ala)s in the A) C7eq, B) PPII,
C) UR and D) C5 backbone conformations.
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Table 2-4. Percent population of polar amino acid saf@in conformations with
hydrogeabondi ng d3d.5shk between hete@atoms in the sitlains and the
peptide backbone.

aR C5 C7eq PPII
Arg 12 24 08 21
Asp 13.2 438 339 434
Asn 475 412 40.9 336
Cys 542 586 581 536
Gh 135 63 38 55
Glu 02 103 02 49
His? 185 34.9 19.3 30.9
lys 01 01 01 1.1
Ser 631 571 56.7 637
Thr 984 520 751 793

Trp 0.6 1.0 0.2 0.2

a) neutral Histidine with the ND1 protonated.

Further analysis involved probability distributions of sa&in to backbone polar atom
distances as a function &f for the different backbone conformations. In addition, the
distance distributions were obtained for the individual residues from the PDB survey.
Figure2-11 shows the distance probability distribution for Asp. Analysis oRB& data

at the bottom of the iGure shows the interactions between the gitlain and the
backbone to occur to varying degrees from all tlee®tamers, with those involving-

being the most populated. In theg@nd PPII (Ala)-X-(Ala)s C22/CMAP simulations
significant hydrogen bonding also occurs with therotamer, leading to that rotamer
dominating the sampling and the good agreement with the protein data (Bi§ure

With PPII hydrogen bonding in thgp rotamer dominates, with some sampling of bioth
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and g+, while with C%q no significant sampling inthg+r ot amer i s present.
and C5 backbone conformations significant interactions occurs with dbeformation
while significant sampling irg+ also occurs with C5. This trend, where sudan-
backbone interactions from thie rotamer dominate with G{and PPII, whilet and/or
g+ interactions dominate in the aR and C5 conformations is a trend seen with the
majority of amino acids (Figurg-12). Indeed, it is these favorable interactions lava
the g- rotamer that lead to enhanced sampling of that conformation in proteins (Figure 2
4), such that the G4 and PPIl backbone conformations are the most representative of

sidechain sampling in proteins.
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Figure2-11. Probability distribution ohtomatom distances (A) of Asp as a function of

G for the four backbone conformations (@fla)s-Asp-(Ala)s with the C22/CMAP force

field and from a survey of the PDB. Distances between A) oxygen of Asp and nitrogen of
backbone and B) between oxygen a&ipfand oxygen of backbone are shown.
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Figure2-12a. Probability distribution of atoratom distances (A) of Arg as a function of
G for the four backbone conformations of (AlY-(Ala)s with the C22/CMAP force
field and from a survey of the PDB. Distances betweendid@ nitrogen of Arg and A)
nitrogen of backbone and B) oxygen of backbone are shown.
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Figure2-12b. Probability distribution of atoratom distances (A ) of Glu asumétion of

G for the four backbone conformations of (AlY-(Ala)s with the C22/CMAP force

field and from a survey of the PDB. Distances between oxygen of Glu and A) nitrogen of
backbone and B) oxygen of backbone are shown.
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Figure2-12c. Probabilitydistribution of atorratom distances (A) of Lys as a function of
G for the four backbone conformations of (AlY-(Ala)s with the C22/CMAP force
field and from a survey of the PDB. Distances betweendhidé nitrogen of Lys and A)
nitrogen of backbonand B) oxygen of backbone are shown.
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Figure2-12d. Probability distribution of atoratom distances (A) of Cys as a function of
G for the four backbone conformations of (AlY-(Ala)s with the C22/CMAP force
field and from a survey of the PDB. Distaes between sulfur of Cys and A) nitrogen of
backbone and B) oxygen of backbone are shown.
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Figure2-12e. Probability distribution of atoratom distances (A) of GIn as a function of

G for the four backbone conformations of (AlY-(Ala)s with the C22/CMAP force

field and from a survey of the PDB. Distances between A) oxygen of Gln and nitrogen of
backbone and B) between nitrogen of GIn and oxygen of backbone are shown.
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Figure 2-12f. Probability distribution of atoratom distances (Adf Thr as a function of

G for the four backbone conformations of (AlY-(Ala)s with the C22/CMAP force

field and from a survey of the PDB. Distances between oxygen of Thr and A) nitrogen of
backbone and B) oxygen of backbone are shown.
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Figure2-12g. Probability distribution of atoratom distances (A ) of His as a function of

G for the four backbone conformations of (AlY-(Ala)s with the C22/CMAP force

field and from a survey of the PDB. Distances between nitrogen of His and A) nitrogen
of backlone and B) oxygen of backbone are shown.
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Figure2-12h. Probability distribution of atoratom distances (A) of Trp as a function of
G for the four backbone conformations of (AlY-(Ala)s with the C22/CMAP force
field and from a survey of the PDB. $dances between nitrogen of Trp and A) nitrogen
of backbone and B) oxygen of backbone are shown.
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Sampling of the C5 backbone conformations of (AM)(Ala), showed large deviations
from denatured protein simulations, with the negative correlationagbdue to
undersampling of they- state (Figures2-8 and 2-9). This was typically due to
oversampling of the state associated with sidbainbackbone interactions in that
rotamer (Figure2-11 and 2-12), though with Arg, GIn and Lys thg+ rotamer was
oversampled. It is known that in beta sheets when thechigi@ of residugé assumes the

g- rotamer, it has a steric clash with the sithain of residué-22% however, this cannot
occur with (Ala)-X-(Ala)s. Rather the dominant contributor to oversampling oftthe
state,or g+ in the case of Arg, GIn, and Lyss, hydrogen bonding of the siddain with

the backboa (Figure 2-12). This effect is particularly dominant with the shorter polar
sidechains, Asp, Asn, and Ser, though with the latter a high level of tbeamer is
present in theinfoldedproteinsUBQ and GB1 Thus, the enhanced sampling of the
and g+ rotamers with C5 is due to the orientation of the peptide bonds in the extended
conformation allowing significant hydrogen bonding with those rotamers, while the more
Ahelical 0 c hgamadPleconfoonations (Figur2Cdj disallows those

interactions from dominating rotamer sampling.

The poor agreement of th&R backbone conformatiomith the protein simulation results
was also due to dominant sampling tofotamers in (Ala}X-(Ala)s. As mentioned
above, the disagreement is reasonable gitiemature of unfolded protein simulations.
However, it is interesting that (Ala)X-(Ala), simulations with the helical backbone were
sampling high populations df which are found in the PDB to occur predominately in
alpha helical secondary structuf€s The large population dfis due to steric clashes

occurring in theg+ andg- conformations as well as the favorable hydrogending with
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the backbone (Figur@-12). The even larget populations in the (Ala)X-(Ala)s
simulations is suggested to be due to a lack of interactions with otheshsithes in the
surrounding protein environment that would compete for hydrogen lpnwith the
backbone. However, there are some notable results that are consistent between the
calculated data for selected amino acids with iRebackbone conformation. For Asn

and Ser th&R conformation of (Ala}X-(Ala), is predicted to be the mosipresentative

for the denatured proteins (Figu2e6). This is also true for Asn with respect to the
folded protein simulations (Figuiz7). To explain this we investigated interactions of

the Asn sidechain with the peptide backbone.

Figure 2-13 shows probability distributions of distances between the-cidén and
backbone heteroatoms of Asn as a functiors,0fThe majority of hydrogen bonding
occurs from theg- state in the PDB survey followed by theotamer while only a
minimal amount of 1drogen bonding occurs in tlgg- rotamer, though some sampling is
evident. This is consistent with the relative populations of the three rotamers in the PDB
survey (Figure 21). However, in the protein simulations virtually no sampling ofghe
rotameroccurs (Figure2-5). This trend is reproduced in t(ala),-X-(Ala), simulations
with the UR backbone conformation (Figur@s8 and 2-9) leading to that conformation
appearing to be the most appropriate dodihedral parameter optimizationHowever,
this conclusion should be taken with caution in that the amourg+osampling is
significantly underestimated in the protein simulatiorn@igure 2-5) such that the

apparent quality of theR backbone conformation may be due to FF effects
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Figure 2-13. Pobability distribution of atomatom distances (A) of Asn as a function of
G, for the four backbone conformations (@fla)s-Asn-(Ala), with the C22/CMAP force
field and from a survey of the PDB. Distances between A}chdén oxygen of Asn and
nitrogen of backbone and B) between suth@in oxygen of Asn and oxygen of backbone
are shown.
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Figure2-14. Probability distribution ofatm-a t om di st ances (j)1 of Ser
for the four backbone conformations (4la)s,-Ser(Ala), with the C22/CMAP force

field and from a survey of the PDB. Distances between A}dhdé oxygen of Ser and

nitrogen of backbone and B) betweedesthain oxygen of Ser and oxygen of backbone

are shown.
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