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Preface 

 

I started this thesis after Drs. Andrew Coop and Alexander D. MacKerell, Jr., told 

me about opioid receptor ligands and their interesting structure-activity relationships 

(SARs) and structural diversity. Opioids are powerful analgesics invaluable in treating 

moderate or severe pain, and their SARs have been well known for decades. However 

many interesting aspects of their SARs remained to be explored, for example, how subtle 

differences in the length of N-substituents can turn on or off receptor activation, and 

which molecular signatures of opioids are related to adverse side effects such as 

tolerance. We approached the SARs with rigorous molecular mechanics methods, using 

state-of-the-art force fields and extensive conformational sampling. Later, after X-ray 

crystal structures of opioid receptors had been elucidated, we were able to combine 

ligand-based work with the information from the receptors. We believe that our work on 

the SARs of opioids, described in Chapters 3, 4 and 5, broadened our understanding of 

agonism and antagonism of opioids at the atomistic level. 

In addition to the opioid work, continuous efforts are on going in our laboratory to 

improve conformational properties described by protein force fields. Along these lines, I 

had the opportunity to evaluate peptide-backbone parameters through conformational 

sampling of small peptides such as (Ala)5, which is a well-established system for 

optimizing backbone (φ , ψ) torsion parameters. We believed that such small model 

systems could be used to evaluate side-chain torsion parameters, too, and demonstrated 

that a model system of (Ala)4X(Ala)4 peptides, where X is one of 20 amino acids, can be 
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effective for this purpose. This work, described in Chapter 2, provides examples of how 

side-chain parameters can be evaluated for future work related to optimization of these 

parameters in other force fields. 

Chapter 1 of this thesis covers the basics of force fields and conformational 

sampling. Overall, my thesis work taught me the importance of accurate force fields and 

efficient conformational sampling methods and their useful applications to design drugs, 

which will be invaluable resources for my future studies. I hope that the work presented 

in this thesis makes a positive contribution to the scientific community.  
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Chapter 1. Computational ligand-based rational design: Role of 

conformational sampling and force fields in model development
1 

 

Abstract 

A significant number of drug discovery efforts are based on natural products or high 

throughput screens from which compounds showing potential therapeutic effects are 

identified without knowledge of the target molecule or its 3D structure. In such cases 

computational ligand-based drug design (LBDD) can accelerate the drug discovery 

processes. LBDD is a general approach to elucidate the relationship of a compound’s 

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 methods range from pharmacophore models 

identifying essential features of ligands responsible for their activity, quantitative 

structure-activity relationships (QSAR) yielding quantitative estimates of activities based 

on physiochemical properties, and to similarity 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 generate multiple conformations in LBDD is 

molecular mechanics (MM), which apply an empirical energy function to relate 
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conformation to energies and forces.  The collection of conformations for ligands is then 

combined with functional data using methods ranging from 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 conformations accessible 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 includes a brief 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 biological activities of those ligands are the only 

information available for drug development, computer-aided ligand based drug design 

(LBDD)
1-6

 is an effective method to extend the knowledge of the known ligands to design 

compounds with improved biological activity. The importance of LBDD is emphasized 

by more than 50 % of current FDA-approved drugs targeting membrane proteins such as 

G protein coupled receptors (GPCRs), nuclear receptors, and transporters
7
, for which 

three-dimensional (3D) structures are often not available, a necessary prerequisite for 

target based drug design approaches
8-10

. Considering the difficulties in determining 3D 

structures of membrane-associated proteins, LBDD methodologies are anticipated to 
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continue to have a significant impact on drug development into the foreseeable future
11, 

12
. 

 Drugs typically exert their pharmacological effects by specific interactions with 

their target proteins. Such unique interactions have been understood as “lock-and-key”
13

, 

“induced-fit”
14

, “conformational selection” or “population shift” hypotheses,
15-19

 which 

are based on the inherent chemical structure of molecules, their dynamic conformational 

properties and how those two influence the receptor. Therefore, identifying any causation 

or correlation between structures and activities, referred to as a structure-activity 

relationship (SAR)
20-22

, 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. activation or stimulation of receptors, 

Vmax of enzymes), affinity (e.g. Ki), selectivity (e.g. Ki, isoform1/Ki, isoform2), 

pharmacokinetics (ADME)
23, 24

, drug-drug interactions, or any biological properties of 

interest.  Various descriptors of the ligands are related to biological activities through 

various statistical methods, for instance, regression, classification, dimension reduction, 

variable selection, etc. from which important features of the ligands responsible for 

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

 Three major categories of LBDD are quantitative structure activity relationship 

(QSAR)
25-27

, pharmacophore modeling
28-32

, and similarity searching
33-36

. Over several 

decades, statistics, 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 

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



 

4 

 

Overall improvements have been achieved by sophisticated data mining techniques and 

by more accurate mathematical descriptions of molecules through molecular mechanics 

(MM)
37

 and quantum mechanics (QM) methods
38

.  

 Recent advances in statistical, algorithmic and chemoinformatics in relation to 

LBDD have been discussed elsewhere in depth
39-42

. This 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 computer-aided LBDD 

2.1. Representation of molecules 

 Molecules may be described in different ways ranging from one- to three 

dimensional (3D) and higher methods.  For simple counting of molecular constitutions or 

fragments in 1D, one can use line notation such as SMILES (Simplified molecular input 

line entry specification)
43

 and SLN (SYBYL line notation)
44

 or chemical fingerprints, 

such as the MACCS representation
45

. 1D 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 graph
46

, atoms 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 
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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 bio-active conformations of a molecule.  This 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 spatial relationship 

between functional groups, may be calculated using semi-empirical or ab initio QM 

methods for small size ligands (number of atoms ≤ 100) and MM for most ligands. With 

growing computational power, the use of QM & MM is significantly increasing in the 

field of LBDD
1, 38

.  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 remainder of section 2 will present different nD representations 

of molecules and their utilization in LBDD. 

 

2.2. 2D-QSAR 

 A large number of 1D or 2D molecular descriptors have been developed
47, 48

. 

Most software packages that include a QSAR module calculate a range of descriptors 

such as physicochemical, electronic, topological, and shape properties. Lipinski’s rule of 

five
49

 is a classical example of a straightforward application of QSAR where 

bioavailability is related to descriptors including octanol/water partition coefficient 
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(logP), molecular weight, number of hydrogen bond donors and acceptors, and number of 

rotatable bonds.  

 Development of SAR models often requires pre-processing of the descriptors 

prior to model development. Values are often normalized such that coefficients obtained 

from fitted models represent the significance of the individual descriptors. Importantly, 

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 methodologies
50, 51

.  

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 property are selected by iterative analysis 

(stepwise multiple linear regression (MLR)
52

, replacement method
53

) or by learning 

algorithms (Genetic algorithm
54

, adaptive fuzzy partition algorithm
55

, Gaussian 

processes
56

, or Genetic function approximation (GFA)
57

). Correlated or redundant 

descriptors may also be eliminated by partial least square (PLS)
58-61

 or principle 

component analysis (PCA)
62, 63

.  

 Given a suitable 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. Nonlinearity
64, 

65
 occurs when one handles a large number of non-homologous data sets, for example in 

pharmacokinetic (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 
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minimize nonlinearity, thereby reducing possible ambiguities in the developed QSAR but 

users need to keep in mind the inherent complexity of biological phenomena. Selection of 

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 tools that improve 

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) 

approaches that yield improved predictability. Newly developed statistical methods
39

 

include Gene Expression Programming (GEP) 
66

, Project Pursuit Regression (PPR)
67

, 

Local Lazy Regression (LLR)
68

 while recent variations in QSAR approaches are 

hologram-QSAR
69

, auto-QSAR
70

, and inverse-QSAR
71

 among others. Hologram-

QSAR
69

 partitions molecules into smaller fragments 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. Auto-QSAR
70

 is an automated QSAR where the best descriptors, 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 Inverse-QSAR
71

 after a 

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

and structures are generated or searched that match those distributions.  

 As a last step in QSAR model development, the models require validation
72, 73

. 

Approaches to do this include cross-validation, y-randomization, or external test set. It is 

generally perceived that leave-one-out or leave-n-out cross-validations do not necessarily 

indicate predictability directly and external validation using compounds not included in 
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model development is recommended to verify predictability of the developed models. An 

overview of statistical methods used in QSAR analysis is given in Table 1-1. 

 

Table 1-1. Overview of statistical methods used in 2D-QSAR 

Method Description 

Stepwise selection 
Descriptors are added one by one (forward selection) or deleted (backward selection) 

to find significant descriptors yielding the best statistics. 

Replacement 

method 

Initially, a subset of descriptors are selected randomly and iteratively one of them is 

replaced with one from the other set. Heuristics avoiding full searching increases 

efficiency but there is possibility of being trapped in local minima. 

Genetic algorithm 

(GA) 

In GA a model is represented as a chromosome and descriptors are genes on the 

chromosome. During reproduction, chromosomes undergo mutations and 

recombination generating diverse descendant chromosomes. Descriptors in high 

scoring chromosomes or frequently appearing descriptors in the entire population are 

deemed important. 

Multiple linear 

regression (MLR) 

Coefficients (an) are determined in the equation, “Activity = 

a1Descriptor1+a2Descriptor2+…+an” by least square fitting often using the Levenberg-

Marquardt algorithm74. 

Principal 

component 

regression (PCR) 

Eigenvectors of the covariance matrix of descriptors are used as independent 

variables in the regression. These orthogonal vectors (principal components) describe 

the direction of maximum variance in descriptor space, resulting in grouping a large 
number of descriptors in the final models.  

Partial least 
square regression 

(PLR) 

A process to reduce the number of variables by finding principal components (or 
latent variable) as in PCR, PLS includes correlation with dependent variables. 

Therefore, the maximum variances reflect both descriptor space and activity space. 

Linear 

discriminant 

analysis (LDA) 

LDA performs linear transformation of descriptors to better discriminate the 

categorical data by minimizing within-class variance and maximizing between-class 

variance. Solution is found based on Bayes theorem. 

Support vector 

machine (SVM) 

SVM trains a model to find a hyperplane of descriptors by separating data into 

subsets with maximum margins. Vectors on the margins are called support vectors 

and they are components of a kernel function, which is used in mapping data into a 

new dimension. It was expanded for non-linear classification and regression by 

mapping input vectors into higher dimensions. 

Decision tree 

(DC)  

Training set data are recursively partitioned and pruned based on the best splitting 

descriptors from the top node to the end nodes in the binary tree.  

Random forest 

(RF) 

As an ensemble of DC, each tree votes for the activities. Individual trees are grown by 

using a randomly selected subset of full descriptor set.  

K-nearest 

neighbor75 

Data is divided into training and test set. Each molecule in the test set is classified 

according to the majority among k-nearest neighbors and decision surface is learned. 
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Table 1-1 Continued 

Artificial neural 

network (feed 

forward network) 
76, 77 

Descriptors in the input nodes are connected with nodes in hidden layers and weights 

on the nodes are trained to produce activity in an output node. 

Self organizing 

map (SOM, 

Kohonen map)  

In contrast to a feed forward network, a self-organizing map is subjected to 

unsupervised learning and input nodes are projected to nodes in a rectangular forms 

(feature map) with weights. Training is done by minimizing distances between nodes 

and the result of training is clusters or organized patterns in the feature map. 

Adaptive fuzzy 

partition 

algorithm 

It aims to find the best descriptors by splitting data sets by fuzzy rules. Fuzzy logic is 

originated from human reasoning making a correct judgment based on uncertain 

information. Models are trained by a set of adaptive IF-THEN rules and fuzzy scoring 

function. 

Gene expression 

programming 
(GEP)  

While being similar to GA, uniqueness of GEP is using expression of chromosome 

and fitness function to evaluate the phenotype. From a chromosome, different genes 

(descriptors) may be expressed according to reading frames resulting diversification 
of child chromosomes. 

Gaussian 

processes (GP) 

While other nonlinear regressions have fixed function and varying parameters 
(weights) during model development, GP uses varying Gaussian functional forms that 

are trained by Bayesian inference. 

Project pursuit 

regression (PPR) 

To reduce the problem of increasing volume of higher dimensional space, without 

introducing higher dimensions, PPR projects input data into 1D space as SOM does. 

A series of transformations are trained to explain activities. 

Local lazy 

regression 

Local QSARs are generated in clusters of molecules and prediction of test compounds 

is done by searching nearest neighbors. 

 

2.3. nD-QSAR (3 ≤ n ≤ 7)  

 QSAR methods based on 3D descriptors (Table 1-2) such as molecular volume, 

surface area, ∆Gsolvation, dipole moments, HOMO, and LUMO, depend on the chemical 

and spatial features of molecules. Alternatively, 3D-QSAR
78-80

 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 analysis)
81

 and CoMSIA (comparative molecular 

similarity indices)
82

. For example, in CoMFA polar or hydrophobic probes are placed on 

grid points and non-bonded interaction energies with the ligands are calculated, with the 

resulting values used as descriptors for each molecule, such that each molecule has, in 
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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. Notably, these 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 4D-QSAR
83, 84

. Although 3D-QSAR can use multiple 

conformers it means multiple model evaluations, with the input into each model being 

one static conformer for each ligand in the training set. 4D-QSAR, in one embodiment, 

overcomes this limitation by using grid cell occupancy descriptors calculated based on 

multiple conformers. 5D-QSAR
85, 86

 attempts to construct a pseudo-receptor based on 

ligand information in combination with a GA to vary the grid point locations to produce a 

favorable induced-fit state. Beyond this, 6D-QSAR
87

 incorporates solvation energy terms.  

Finally, the inclusion of 3D structure of the target from X-ray crystallography or NMR in 

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

no longer formally LBDD. 

 Of the methods in Table 1-2, 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 different QSAR models. To overcome the limitations, alignment-independent 

3D-QSAR was developed by transforming 3D-grid data into 2D descriptors such as 

GRIND (Grid independent descriptors)
88, 89

 and VolSurf
88

. The approaches are listed and 

summarized in Table 1-2. 
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Table 1-2. Overview of nD-QSAR approaches (3 ≤ n ≤ 7) 

method description 

CoMFA 

Probes placed on grid points in the 3D field around a molecule experience an interaction 

energy with the ligands that defines the molecular shape and electrostatic properties in the 

surrounding environment.  

CoMSIA 
It expands CoMFA by including hydrophobic and hydrogen bonding contributions and 
calculates how these contributions are similar between molecules. 

GRIND 

It eliminates alignment-dependency by using distances between 3D grid points. Highly 

relevant regions among a set of molecules are selected as nodes and the intensity of 

molecular interaction field at those nodes are used as descriptors. The program ALMOND 

provides tools to compute, analyze, and interpret the GRIND. 

VolSurf 
Information on 3D grid voxels (shape, electrostatic, volume) are compressed into 2D 

numerical descriptors by image analysis tools. 

4D-QSAR 
Multiple conformations in a grid box generate the occupancies at grid points, with those 

occupancies used as the descriptors. 

5D-QSAR 

Multiple hypothetical binding pockets are generated around ligands based on a 3D grid 

and the receptor models are evolved by GA with the most favorable binding pocket model 

evaluated by relative free energy of ligand binding. 

6D-QSAR 
It includes optimization of structures in aqueous solution and calculates solvation energy 
and charges by semi-empirical QM method, AMSOL90. Ligands’ arrangement in pseudo-

binding pocket is determined by MC simulation. 

 

2.4. Pharmacophore modelling  

 The IUPAC definition
91

 of a pharmacophore is “the ensemble of steric and 

electronic features that is necessary to ensure the optimal supramolecular interaction 

with a specific biological target structure and to trigger (or block) its biological 

response.” Pharmacophore modelling is closely related to 3D or 4D-QSAR and 

commonly used pharmacophoric keys include hydrogen bond donors and acceptors, 

ionizable groups, aromatic rings, aliphatic hydrophobic groups, among others.  In many 

cases superimposed compounds based on pharmacophore models are the starting point 
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for 3D-QSAR analysis.  Alternatively, pharmacophore features may be identified by 

building 3D-QSAR iteratively with different conformations or alignment attempted to 

increase activity prediction
28

. As with 3D-QSAR methods, critical steps in 

pharmacophore modelling are selection of bio-active conformations and structure 

alignments. Conformations can be pre-calculated and saved in a database or be generated 

on-the-fly 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 superposition)
1, 28, 31, 32, 92

 is carried out by mapping fragments of 

the compounds with a target function being minimized. In the clique detection 

algorithm
93

 distances between features are stored in a matrix and the differences between 

two matrices become the target function. Another way is using GA,
94

 where a 

chromosome describes a molecule and genes encoded in it represent the ligand fragments 

to be matched 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 for on-the-fly 

conformational sampling by including geometric information of a molecule into the 

chromosomes. FlexS algorithm
95

 is also used in pharmacophore feature 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 conformation or a favorable 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 

were reviewed in Leach et al.
31

 and Lemmen and Lengauer
92

.  Such alignment methods 

are also of general utility for pharmacophore-based 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 build a QSAR 

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 hopping
96

), searching based on physiochemical 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 fingerprints are 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, Hamming, Russel-Rao, and Forbes 

indices.  Finally, it should be noted that it is useful to perform successive searches using 
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the nearest neighbors of a query compound.   A number of software packages, including 

MOE (Molecular Operating Environment, Chemical Computing Group
97

) and Discovery 

Suite (Acclerys Inc
98

) allow for similarity searching. Public small molecule databases 

such as PubChem
99

 ZINC
100

 and ChEMBL
101

 or open source software
102

 using those 

databases provide similarity searching and clustering tools.  Notable are clustering 

techniques
103

 where output structures from a similarity search are further grouped into 

subsets to reduce redundancy and to check diversity in compounds selected, for example, 

for a target-based database screen
104

. Results of clustering vary based on classification 

algorithms, descriptors, and similarity measures
105-107

 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 outcome. 

 

3. Conformational sampling  

 For the 3D and higher order methods it is essential that the appropriate, 

biologically relevant conformations be identified.  Considering that drug-like molecules 

can have 10 or more rotatable bonds and each such bond may have 3 accessible rotamers 

a compound may have 3
10 

conformations 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 in X-ray crystal structures of ligand-protein 

complexes can have energies 15~20 kcal/mol higher than the global minimum
108-111

.  

While the value of 3
10

 is likely an overestimation due to steric clashes, it is evident that a 
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major concern in modern LBDD methods is securing bioactive conformations given that 

model assessment includes multiple conformations in a large number of studies
109, 110, 112-

116
.  Furthermore, taking all conformations into account during model development can 

account for the dynamic nature of molecules; 4D-QSAR
83, 84

 and the Conformationally 

sampled pharmacophore (CSP)
117-119

 are representative methods that use this information. 

 Various methods are employed to generate multiple conformations of a ligand. 

Systematic search approaches
120-122

 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 non-physical structures. Systematic 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 trial model buildup. An alternative to systematic 

sampling is Monte Carlo based approaches
123-125

 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 to the Metropolis criterion
124, 125

. In the Metropolis method a conformation 

with an energy, ∆E, lower than that of the previous conformation is accepted while 

conformations with higher, less favorable energies are kept based on the acceptance 

probability, p=e
-∆E/kT

 where 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 easily overcome 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 method
126

 adds 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 search
127

 keeps a record of previous sampled states thereby maximizing the 

exploration of previously unsampled conformations. When GA
128, 129

 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 

descendant conformations. Molecular dynamics (MD) simulations sample conformations 

deterministically according to Newton’s equations of motion and overcome trapping in 

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 into account.  

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 

sampled. 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 

discussion of conformational sampling will focus on MD based approaches
130-134

.  

 MD simulations 
131, 135, 136

 are based on Newton’s equations of motions.  The 

second law F=ma states that from position ri(t) , velocity vi(t), and mass mi for an atom i 

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

from analytical derivatives of the potential energy function and integration methods are 

used to obtain new positions ri(t+δt) and velocities vi(t +δt) from the previous states, ri(t), 

vi(t), and ai(t). For example, the original Verlet integrator
137

 uses a Taylor series 

expansion of position. Summing equation 1-1a and 1-1b yields 1-1c which determines the 

new position. This integration minimizes memory requirements as it is not necessary to 

store velocities, although they can readily be calculated using equation 1-1d if required. 
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 Leapfrog Verlet integration
138, 139

 uses an expansion of positions and velocities to 

the second order and an interval 1/2δt instead of δt. Subtraction of equation 1-2b from 1-

2a yields 1-2c. New positions may then be obtained by substituting v(t) from 

rearrangement of 1-2a into v(t) of 1-1a and truncating the expansion at the velocity term 

yielding equation 1-2d. 
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 Extended integration methods have been developed to enhance accuracy and 

provide special features for the simulation system of interest
140

.   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 targeted.  For 

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 

boundaries
140

.  While these are necessary for 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 simulations may be performed in the “gas phase” or 

using implicit solvent models to treat 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 the necessary 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 regions, 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 excessively high temperatures can minimize this problem and a 

number of protocols, referred to as simulated annealing
141

, perform high temperature MD 

followed by room temperature 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 velocities 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 Maxwell-Boltzmann 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 

conformations. 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 as generalized ensemble (GE) algorithms
142-144

. These include replica 

exchange MD (REXMD)
145

, meta-dynamics
146, 147

, accelerated MD (AMD)
148

 and λ-

dynamics
149

 among 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 the 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 (TI) 
150

 or the weighted histogram analysis 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 (Equation 1-3).  
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In equation 1-3 Ti indicates the temperature of replica i, qi is the configuration of replica i 

at the point of exchange, and E
i
 represents Hamiltonian energy of replica i.  The 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 straightforward, 

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 the presence of 

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 developed
152

.  

Concerning, exchange frequency, higher exchange frequencies typically lead to enhanced 

sampling
153

.  However, care must be taken as although high temperature enhances barrier 

crossing, it may shift the equilibrium between two states and make high temperature 

states more favorable throughout all replicas. 

 Hamiltonian replica exchange molecular dynamics (HREXMD)
154-156

 overcomes 

drawbacks of REXMD by scaling the potential energy function (i.e. Hamiltonian) rather 

than the temperature (Equation 1-3c). Perturbation of the Hamiltonian can involve almost 

any term in a force field such as the peptide backbone conformational energies, dielectric 

constant or ligand-solvent interactions. HREXMD needs a lower number of replicas than 

REXMD since the perturbation is applied locally on selected components of the system. 

Generally the perturbation is expressed as a function of an order parameter λ in 

4-1Equation                                      )1( 0i1        H Hλ)H(λ ii   

where 0 ≤ λi ≤ 1, such that the Hamiltonian is the reference state H0 (i.e. the ground state) 

when λ is zero and target state H1 (i.e. fully perturbed) when λ is one. In HREXMD, 
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simulations are carried on each replica with H(λi) and conformations exchanged between 

adjacent H(λi) replicas thereby facilitating the crossing of energy barriers.  

 There are single MD approaches using dynamic variations of λ. Lambda-

dynamics
149, 157

 implements λ as an artificial particle that is propagated during the MD 

simulations thereby sampling various λ values as dictated by the free energies of the 

system without the need  of using pre-defined λ values. The Hamiltonian is expressed by 

adding two more terms for dynamic λ variables to H(λi), as shown below, and { λi } is 

used since multiple λs can be used to perturb different components of the Hamiltonian 

such as electrostatic or dihedral energies.  In the approach the extended Hamiltonian, 

comprised of the standard, ground state Hamiltonian and the perturbations associated 

with the λ terms is defined as 
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where mi and λi are dynamic variables which overcome the limitation of using discrete λ 

values and U
*
({λi}) is a λi-dependent biasing potential which can take various forms to 

sample as many states as possible.  

 Another single dynamics GE method, Metadynamics
146, 147, 158

 uses a history-

dependent biasing potential to force selected degrees of freedom (e.g. collective 

variables, CV) of the system being sampled away from conformations visited frequently. 

This is performed by “lifting” low energy regions with a biasing potential as those 

regions are being sampled, thereby facilitating conformational changes away from the 



 

23 

 

low energy regions. The biasing potential is the sum of Gaussian functions, VG, that are 

used to fill valleys of the free energy surface as defined as follows 
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where U(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 final VG is a negative image of 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 each CV are user 

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
159, 160

 is another efficient way of conformational sampling. This strategy 

simultaneously perturbs the order parameter space (general term for λ or CV above) and 

generalized free energy space to overcome not only local minima trapping but also 

lagging of changes in the environment surrounding the CV or λ required for 

conformational changes to occur. OSRW uses 2D Gaussian-shaped repulsive potentials 

to flatten the free energy surface and avoid often-visited 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 (AMD) 
148

. 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 (equation 1-7). 

When applying the method, the boost energy E and α, which is a tuning factor for the 

biasing potential’s well-depth, need to be pre-defined and the biasing potential is applied 

when the potential energy is less than E. 
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 REXMD and HREXMD have been successfully used for conformational 

sampling of flexible ligands
118, 161-163

, 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 receptors
164, 

165
, it is anticipated 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 surrounding 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, for example, by disrupting intramolecular hydrogen bonds or reduced 

intramolecular dipole-dipole interactions.  Alternatively, water can impact the orientation 

of hydrophobic groups, which may remain “accessible” in the gas phase, but cluster 

together in the presence 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.  



 

25 

 

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 for 

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 solvent models 

are available and recent reviews on the topic have been presented
166-168

.  Simple implicit 

solvent models use constant or distance-dependent 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 environments. More accurate solutions 

to solvation effects are obtained by the Poisson-Boltzmann (PB)
169, 170

 or Generalized 

Born (GB)
171

 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 

models that typically require numerical solutions. GB models calculate the electrostatic 

component of the solvation free energy as shown in Equation 1-8, with that term added to 

the total energy.  
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In equation 1-8 ε is the dielectric constant of solvent, qi is the partial atomic charge of 

atom i, rij is the interatomic distance between atom i and j, and Ri, which is the most 

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

Born radii can be understood as an atom’s degree of burial within the solute or radius 
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exposed to the solvent environment. A number of GB models have been developed such 

as GBMV
172

 and GBSW
173

 in CHARMM
174, 175

 and GB
OBC 167

 in AMBER
176, 177

 which 

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

 The final portion of this section presents a simple example of sampling the 

conformational space of a peptide using three MD-based sampling approaches based on 

the CHARMM22/CMAP protein force field
178

. Figure 1-1 shows the extent of sampling 

attained by MD in both vacuum and explicit solvent (Figures 1-1a and 1-1b) and by two 

sampling methods (single MD vs. HREXMD using explicit solvent, Figures 1-1b and 1-

1c) for the flexible opioid pentapeptide, Leu-enkephalin. For the explicit solvent 

HREXMD, λ=0, 0.14, 0.19, 0.27, 0.37, 0.52, 0.72, and 1.0 where 1.0 represents a 

CHARMM phi, psi energy surface that is flat for non-glycine residues, as implemented 

using the CMAP tool
178

. 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 measured by the 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 Figures 1-1a and 1-1b 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 due to the 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, HREXMD (1-1c) samples a 

similar range of conformations as the standard explict solvent MD (1-1b), 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 Å  for the AB distance 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 sampling, it points out the importance of the simulation method and 

solvent environment when performing conformational 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 of sampling may 

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 deviations of overall 

structure, distance between atoms or functional groups (as in Figure 1-1), or torsions may 

be used for simple evaluation of convergence. Alternatively, differences in probability 

distributions between two intervals of a trajectory (e.g. the first and 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 not necessarily 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 performed simulations. 
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Figure 1-1. 2D-probability distribution of AB distance-ANB 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 the basic 

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 the Appendix A. 

 

 

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 this 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 field and a number 
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of force fields are available for drug-like 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 reproduce QM conformational 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.  Potential energy 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), and non-bonded interactions 

(electrostatic and van der Waal energies). Such force fields are referred to as Class I 

models.  In Class II 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. Equations 1-9 and 1-10 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 Brooks et al.
174

 for the class I 

force field in CHARMM and in Plimpton
179, 180

 for a class II FF. Class I FFs include 

those specialized for biomolecules (see below). The simple functional form shown in 

Equation 1-9 is computationally efficient allowing them to handle macromolecules in 

aqueous or other condensed phase environments. Equation 10 is a typical energy function 

used in a Class II FF and employs more complex form which facilitates (but doesn’t 

necessarily dictate) transferability across a wider range of molecules. 
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In equation 1-9 b, θ, S, n, φ, δ, and ω represent the bond length, angle, distance between 

1-3 atoms, multiplicity, torsion, phase, and improper angle, respectively, and the 

subscript zero indicates the equilibrium geometry parameter. Kx are the associated force 

constants. The Lennard-Jones 6-12 equation is commonly used to model the van der 

Waals energy between atom i and j, where εij, rij, and Rmin,ij are the well-depth, 

interatomic distance, and interaction distance at minimum of the energy between atoms i 

and j, respectively. In the electrostatic or Coulombic term, qi and qj are partial atomic 

charges and ε is the dielectric constant. 

 For equation 1-10 the same symbols are used as in Equation 1-9 and additionally 

b’ and θ’ used in the crossterms represent the second bond or angle associated with the 

cross interaction. 
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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 equations 1-9 and 1-10 include force constants, 

equilibrium geometries, partial atomic charges, well depth and interaction distance at 

minimum energy (Rmin,ij) and so on.  The goal of parameter optimization is reproducing a 

collection of quantum mechanical and/or experimental observables for the ligands of 

interest.  

 Parameters for macromolecules such as proteins, nucleic acids, lipids and 

carbohydrates have been paid special attention and optimized extensively in Class I FFs 

such as AMBER(Assisted Model Building with Energy Refinement)
176, 177

, 

CHARMM(Chemistry at Harvard Molecular Mechanics)
174, 175

, GROMACS
181

 and 



 

32 

 

OPLS(Optimized Potential for Liquid Simulations)
182, 183

.  Subsequently, parameters for 

drug-like molecules were added to be compatible with the individual biomolecular FFs 

while maintaining the accuracy of the “parent” biomolecular FF. To achieve this, the 

parent and related small molecule parameters use the same form of the 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 

molecule-biomolecular complexes.  For example, the CHARMM General FF (CGenFF) 

184
 follows the standard optimization procedure of the CHARMM additive biomolecular 

FF
185

.  

 As an example of parameter 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 lengths 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 NMR J coupling 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 reproduction 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 chemical entities, 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 on a bond-charge 

increment algorithm extended to included angle- and 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).  A web-based utility in the 

context of the ParamChem project is available to perform 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 between molecules 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 sampling, even 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 parameters, as previously described
184

. 

 Beyond CGenFF there are a number of other small molecule FFs designed to be 

compatible with biomolecular FFs.  GAFF (General AMBER FF)
186

 was developed for 

the simulation of  pharmaceutical compounds with the AMBER biomolecular FF. It is 

based on QM optimization of about 3000 model compounds and geometric information 

from the Cambridge structure database (CSD)
187

. It has 57 atom types, 700 bond length 

parameters, 3000 angle parameters, and 500 dihedral angle parameters. Beyond these 

available parameters, the Antechamber toolkit
188

 is used to assign parameters for novel 

molecules. SwissParam is a web-based utility used to generate CHARMM consistent 

parameters for ligands. It takes internal energy parameters and charges from MMFF 
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(Merck Molecular FF)
189, 190

 while cubic and quadratic terms for bond, angle, and 

improper energies that are present in the Class II force field are truncated as required for 

use with the Class I 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 biomolecular FF make them formally incompatible with the CHARMM 

biomolecular FF. OPLS-AA (All Atom) emphasizes parameters to reproduce the 

conformational energetic and condensed phase properties of small molecules for use in 

biological environments. Initial parameters were adopted from the OPLS-UA (united 

atom), AMBER, and CHARMM FFs and 50 model compounds were optimized focusing 

on torsion and non-bonded parameters
182

. OPLS-AA uses experimental liquid properties 

as target data during parameter optimization.  Thus, Class I biomolecular FFs 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 II FFs were initially designed to treat a wide range of small molecules.  

Examples include CFF/CVFF (consistent valence FF)
191

, MM2 (molecular mechanics)
192

, 

MM3
193

, MM4
194

, MMFF94
189

, and Tripos 5.2 FF
195

.  These FFs are typically not 

optimized with respect to interactions with the environment, with the exception of 

MMFF, limiting their applicability.  In general, Class II 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 (Equation 1-10) 

included to allow for both 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 packages 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 series achieving high accuracy for organic molecules with respect to 

geometries, conformational properties and heats of formation. Upon going from MM1 to 

MM2, the MMx series shifted to a simpler form of Class II FF and MM3 lead to further 

improvements by including more model compounds, additional experimental data, and 

higher energy conformations during parameter optimization.  MM4 represents a further 

extension of a Class II FF due to the inclusion of four-fold torsional energy terms, 

torsion-improper-torsion cross terms, bond-torsion-bond cross terms, two torsion-bond 

cross terms for central and terminal bonds each and so on.  MM4 was optimized targeting 

thermodynamic quantities ∆H, ∆S, ∆G, and geometries from QM calculations or 

experimental spectroscopic data. All of these class II 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 

targeting 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 

accurate 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 targeting QM dihedral 

potential energy scans of dimethyltryptamine and dimethylamino[1,4]diazepine which 

are analogues of serotonin and clozapine.   

 

Figure 1-2. Comparison of conformational energy surface. A) is potential energy surface 

(PES) of dimethyltryptamine and B) shows that of dimethylamino-dibenzo[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 parameter optimization along 

with QM data obtained at the MP2/6-31G* level using the Gaussian03 program
196

. 

Dihedral angles, shown as curved arrows in the Figure, 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
-6

 kcal/mol/Å . With dimethyltryptamine, 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 is due 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 for all three FFs. However, results for 

dimethylamino[1,4]diazepine emphasize that caution needs to be taken as when 

transferring parameters to new compounds (Figure 1-2b and Table 1-3).  The MMFF 

energy surface has local minima around 150° and 270° which will lead 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 typically be 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 angle parameters.  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 user to possible limitations in the FF, such as occur in 

dimethylamino[1,4]diazepine’s conformational energy.  In such cases validation of the 

parameters and additional optimization should be performed as required.   Efforts to 

extend the ParamChem web server to include an automated interface for parameter 

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

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

 

Table 1-3. Root mean square deviation from QM potential energy surface 

  RMSD 

FF dimethyltryptamine 

dimethylamino-

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 using a properly optimized FF for the ligands of interest facilitated the 

development of a novel approach in our laboratory, the conformationally sampled 

pharmacophore (CSP)
117-119, 163, 197, 198

.  CSP is a LBDD approach based on extensive 

sampling of conformational space, under the assumption that such 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 features and/or physical properties to be 

determined, as shown in Figure 1-1 for Leu-Enkephalin.  As 4D-QSAR uses occupancy 

of lattice points on a 3D grid by conformations of the ligands being studied as 

descriptors, CSP uses probability distributions of pharmacophoric features (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 opioids
117-119

 and bile acids
163, 197, 198

.  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 knowledge 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 the quantitative 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 developed 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 

model for δ-opioid receptor ligands demonstrated how flexible peptidic opioids can be 

superimposed with non-peptidic opioids
118

.  
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Figure 1-3. Schematic diagram of CSP procedures  

 

 

 For proper CSP modelling, accurate FF and efficient conformation searching are 

needed.  To date, MMFF and CGenFF have been used successfully.  Conformational 

sampling has used extended MD simulations alone at both room and high 

temperatures
117-119

 and temperature REXMD simulations in implicit solvent
118, 163, 198

. 

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, pharmacophore development 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 distributions 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 used for further model development.  Notably, the CSP method can be 



 

41 

 

readily combined with physicochemical descriptors to further facilitate model 

development
163, 198

. 

 

6. Conclusions 

 Presented is an overview of computational ligand-based drug design approaches 

currently in use in rational drug design. Over the last 2-3 decades, a large number of 

methods have been developed and many of these have been implemented in readily 

accessible software 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 project, what 

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.  

 

 

  



 

42 

 

Chapter 2. (Ala)4-X-(Ala)4  as a model system for the optimization of the 

χ1 and χ2 amino acid side-chain dihedral empirical force field 

parameters.
2
 

 

Abstract 

Amino acid side-chain 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. Recently, new side-chain torsion 

parameters were introduced into the CHARMM and Amber additive force fields and 

evaluated based on the conformational properties of the individual side-chains using 

protein simulations in explicit solvent. While effective for validation, MD simulations of 

proteins must be extended into the microsecond regime to obtain full convergence of the 

side-chain conformations, limiting their use for force field optimization. To address this, 

we systematically test the utility of explicit solvent simulations of (Ala)4-X-(Ala)4 

peptides, where  X represents the amino acids, as model systems for the optimization of 

χ1 and χ2 side-chain parameters.  The effect of (Ala)4-X-(Ala)4 backbone conformation 

was tested by constraining the backbone in the α-helical, C5, C7eq and PPII 

conformations and performing exhaustive sampling using Hamiltonian replica exchange 

simulations. Rotamer distributions from protein and the (Ala)4-X-(Ala)4 simulations 

                                                

2
 Shim, J.; Zhu, X.; Best, R. B.; Jr., A. D. M. Effective model system for the optimization 

of the χ1 and χ2 amino acid sidechain dihedral parameters. J. Comp. Chem. 2012, 34, 

593-603. Copyright 2012 Wiley Periodicals, Inc. 
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showed the highest correlation for the C7eq and PPII conformations, though agreement 

was best for the α-helical conformation for Asn. Hydrogen bond analysis indicate the 

utility of the C7eq and PPII conformations to be due to specific side-chain-backbone 

hydrogen bonds not being oversampled, thereby allowing sampling of a range of side-

chain conformations consistent with the distributions occurring in full proteins.  It is 

anticipated that the (Ala)4-X-(Ala)4 model system will allow for iterative force field 

optimization targeting condensed phase conformational distributions of side-chains. 

 

Introduction 

Experiments to understand the structure and dynamics of proteins are often coupled with 

computer simulations to investigate atomic scale phenomena related to biological 

function
199, 200

. Atomistic details of protein folding processes
201

, ligand-binding 

pathways
202

, and dynamical events contributing to catalysis
203

 are 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 proteins in MD 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 polypeptides
178, 204-209

.  These typically include additional 

optimization of the φ and ψ dihedral angle parameters, including adjustments to the 

CMAP 2D dihedral energy correction map used in the CHARMM
178, 205

 and AMOEBA 
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force fields
210

, targeting the reproduction of NMR data for (Ala)5 and related peptides.   

However, concerted efforts to improve the parameters associated with the side-chain 

conformational properties have been limited despite the important role of side-chains.  

Most force fields, such as OPLS-AA
182, 183

, Amber
176

, and CHARMM
174, 175

, 

parametrized individual side-chains focusing on model compounds.  This allowed 

optimization of the both non-bond 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 directly to the amino acid side-chains sharing the 

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

relatively poor agreement with experimentally observed conformational properties of 

side-chains in full protein simulations
211-213

. Therefore, improvements in the treatment of 

side-chain conformational properties in proteins via additional dihedral angle parameter 

optimization are anticipated to improve the accuracy of force fields.  

An early effort to address limitations in the χ1 and χ2 torsion parameters was undertaken 

in the context of the OPLS-AA force field
183

 and later validated via the prediction of 

side-chain conformations in condensed phase properties on 36 proteins
214

. During the 

optimization process, implicit solvent was used for computational efficiency and local 

minima of χ1 and χ2 were found by energy minimization. Although the optimization 

procedure only minimized one residue while the conformation of the remaining residues 

were fixed, it led to improved accuracy of the force field. More recently, new χ1 torsion 

parameters in the Amber 99SB force field for selected  residues were presented
211

. The 

parameters were optimized based on the model system (Ala)4-X-(Ala)4, where X 

represents one of 17 amino acids. In MD simulations of the (Ala)4-X-(Ala)4 peptides the 
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backbone was restrained to the alpha helical conformation to focus on sampling of χ1 and 

the peptides subjected to MD simulations of over 700 ns to obtain adequate sampling of 

the targeted dihedral. Populations of χ1 from both the (Ala)4-X-(Ala)4 peptides and 

protein simulations were compared with PDB statistics. Four residues, Ile, Leu, Asp, and 

Asn, which showed large differences in χ1 sampling from a PDB survey of rotamer 

distributions were selected, and the relevant dihedral parameters optimized against QM 

energies, followed by evaluation with extended MD simulations of four proteins. Protein 

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

the experimental data. Given the importance of proper sampling of χ1 and χ2 and the need 

to optimize the associated parameters, at 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 use in explicit solvent simulations. There is a large amount of 

NMR data on side-chain 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 surrounding protein. Thus, this data is not the most stringent test of 

“intrinsic” rotamer preferences, and moreover the protein environment introduces a 

dependency on the energy of side-chain interactions. Better models for comparison are 

unfolded or disordered peptides, where the side-chains 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 side-chain parameter optimization, dipeptides may be considered the smallest system 

to check condensed-phase 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 

computationally inaccessible when multiple iterations of parameter optimization are 

required. 

Between the two extremes, (Ala)4-X-(Ala)4 peptides are interesting models as they are 

small and their simulation requires relatively short times to converge when using 

enhanced sampling methodologies.  Importantly, (Ala)4-X-(Ala)4 will be more 

representative of the experimental regime than dipeptides, since the side-chains can have 

interactions with the backbone beyond the adjacent peptide bonds.  In the present work, 

we build on the use of  (Ala)4-X-(Ala)4 as a model system for χ1 and χ2 sampling
211

 by 

systematically evaluating the utility of the model to reproduce sampling in the full 

unfolded proteins for 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 Exchange
155, 156

 approach exploiting the CMAP utility
178

 in CHARMM
174

 to 

achieve converged sampling in a computationally accessible amount of computer and real 

time.  

 

Methods 

Empirical force field calculations were performed using the program CHARMM
174

 with 

the CHARMM22/CMAP
175, 178, 215

 and the recently developed CHARMM36
205

 additive 

protein force fields.  All calculations on (Ala)4-X-(Ala)4  included backbone restraints on 

φ and ψ to values listed below using a harmonic restraining force of 10
3
 kcal/mol/rad

2
.  

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 equations of motion integrated using the Leap-Frog integrator
139

 with a 1 fs 

integration time step for a total of 6 or10 ns, according to convergence (see below), with 

coordinates saved every 1 ps for analysis. Covalent bonds involving hydrogen atoms 

were constrained to their equilibrium bond length by the SHAKE algorithm
216

. (Ala)4-X-

(Ala)4 was immersed in a 32 Å  cubic TIP3P
217

 water box and waters with the oxygen 

within 2.8 Å  of the peptide deleted resulting in approximately 1000 water molecules. 

Periodic boundary conditions
218

 were used and an isotropic long-range correction
219, 220

 

was used to account for Lennard Jones (LJ) interactions beyond the cutoff distance of 12 

Å  with force switching
221

 over the last 2 Å .  Electrostatic interactions were calculated 

using the particle mesh Ewald method
222

 with a real space cutoff of 12 Å  using a kappa 

value of 0.34 on an approximately 1 Å  grid with a 6th order spline.  The system was 

minimized via the steepest descent and adopted basis Newton-Raphson methods for 1500 

steps and then simulated in the NPT ensemble (300K, 1atm) using the Nosé-Hoover 

thermostat and Langevin piston
223-226

 to control the pressure with a piston mass of 400 

amu and collision frequency of 20 ps
-1

.   

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

the amino acid side-chain. First, for all residues a χ1, χ2  2-dimensional (2D) potential 

energy surface (PES) was calculated for the amino acid dipeptide with the backbone 

conformation restrained in one of the four targeted conformations. The energies were 

determined in 15° increments of χ1 and χ2 from -180° to 180°. On each grid point a 

harmonic restoring force of 10
5
 kcal/mol/rad

2
 was applied to the χ1 and χ2 dihedrals and 

the energy was minimized to a gradient of 10
-5

 kcal/mol/Å . Based on the respective PES, 
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2D χ1, χ2 grid-based energy correction maps analogous to those previously developed for 

the (φ,ψ) backbone dihedrals
178

 were created, called χ-CMAP herein, yielding an inverted 

PES (i.e. the change in energy as a function of  χ1, χ2 was inverted from the unmodified 

CHARMM surface) and applied using the CMAP utility. The λ=0 state (χ-CMAPλ=0) was 

the absence of the χ-CMAP (i.e. standard CHARMM potential) and the fully perturbed 

state (χ-CMAP λ=1) was the inverted 2D (χ1, χ2) PES.  For the HREX calculations there 

were 9 replicas with λ=0.00, 0.09, 0.18, 0.27, 0.36, 0.45, 0.54, 0.63, and 0.72. For polar 

residues it was necessary to overcome strong electrostatic interactions such as hydrogen 

bonding between the side-chains and backbone or water. Therefore scaling was 

performed to neutralize the partial atomic charges (i.e. side-chain charges set to 0.0 in the 

λ’=1 state) with λ’=0.00, 0.15, 0.30, 0.45, 0.60, 0.75, 0.90, 1.05 and 1.20. At  λ’=1.05 and 

1.20 the partial charges of the side-chain atoms have the opposite signs to original 

charges. Charge scaling is feasible with charged residues although the sum of charges 

becomes non-integral for the intermediate λ’ values. One difference made in scaling 

charges of cationic or anionic residues was that charges were modified more gradually 

across replicas by using λ’=0.0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7 and 0.8 as required to 

achieve appropriate exchange acceptance ratios. Replicas were exchanged every 1 ps and, 

as shown below, convergence could be obtained in 6 ns for most residues and 10 ns for 

charged residues and those containing rings.  It should 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 replica 2, the first 

excited state, the CMAP and charge (neutral case) lambda’s were 0.09 and 0.15, 
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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 used to compare the effect 

of different side-chain parameters. Conformations from the λ=0 state replica alone were 

subjected to analyses and χ1 and χ2 torsions and their probability of population to be in -

180 (trans, or t), -60 (gauche-, or g-), and 60 (gauche+, or g+) conformations were 

calculated.   g+ is defined as 0˚ ≤ χ < 120˚, t as 120˚ ≤ χ < 240˚ and g- as 240˚ ≤ χ < 360˚.  

To check convergence of the MD simulations t, g-, and g+ rotamer populations were 

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

segments and the changes of populations were monitored and compared with the average 

population over 10ns. All (Ala)4-X-(Ala)4 simulations were performed using CHARMM 

C36a3 or  a revised version of C36a2. Local computer clusters 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 et. al
205

. Proteins 

used for unfolded state simulations were Ubiquitin (UB) and the B1 domain of G protein 

(GB1). 200 ns unfolded simulations were performed in the presence of 8 M urea, the 

same concentration used in the NMR experimental study
227

, in a 70 Å  truncated 

octahedron cell. Sampling was enhanced using the solute tempering replica exchange 

method
228, 229

 in a modified version of GROMACS 4.5.3
181

. Folded state simulations 

were performed on Ubiquitin (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 200 ns using explicit solvent 



 

50 

 

MD at 300K and 1bar using GROMACS. Results from simulations with both C22/CMAP 

and C36 were used for the comparison with the (Ala)4-X-(Ala)4 simulations. 

 

Results and Discussion 

The populations of χ1 and χ2 are dependent on the local (φ, ψ
230

. 

As a result, amino acids have different propensities for secondary structures and show 

different populations of rotamers depending on the environment
231

. For example, Met, 

Gln, Glu, Lys and Leu favor helix formation and are found in helices with a high 

probability.  In contrast the remaining amino acids favor either the extended or disordered 

backbone conformations or show no significant preference for secondary structure.  

Although movements of side-chains and the backbone are correlated, in a simple model 

system, such as (Ala)4-X-(Ala)4, designed to reproduce side-chain 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 side-chains; this also facilitates comparison with data from the PDB.  Accordingly, 

four backbone conformations were considered including the C7eq and PPII 

conformations, which are involved in turns or loops, with the latter dominating the 

sampling of small peptides in solution, C5 as an extended conformations, and the right-

handed alpha helix (αR).  Representative (φ, ψ) angles were C7eq (-82.8, 77.9), C5 (-

155.0, 150.0), PPII (-75.0, 150.0), and αR (-63.0, -45.0)
178

.  Amino acids tested in the 

present study include charged residues, Arg, Asp, Glu and Lys, the polar residues Asn, 

Cys, His, Gln, Ser, Thr, Trp and Tyr and the hydrophobic residues Ile, 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 conformational sampling was checked by analyzing the χ1 and χ2 

populations as a function of time in the HREX simulations. Rotamer distributions were 

computed every 2 ns and within 6 ns most residues achieved equilibrium in sampling 

(Table 2-1, Figure 2-1). In many of the shorter, neutral amino acids, such as Asn, and Ile, 

convergences are achieved within 2 ns of HREX sampling.  However, in most cases more 

extensive sampling is required, with extreme cases being the charged or aromatic amino 

acids. With χ2 a similar pattern was observed with respect to the type of amino acid  

(Table 2-2, Figure 2-2), with convergence typically occurring with less sampling as 

compared to χ1 due to higher transition rates between the low energy conformations.  

After inspecting the results from the C22/CMAP (Ala)4-X-(Ala)4 simulations for all the 

backbone conformations, 10 ns for charged residues (Arg, Asp, Glu, Lys) and ring-

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 sampling over standard MD is 

shown in Figure 2-3 for Asn.  Results are presented for both 6 ns HREX 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.  In particular, sampling of χ1 was 

significantly improved in the HREX simulations.  While the HREX results were obtained 

over 72 cores versus 8 for the MD simulation, it is evident that extended standard MD 

simulations would be required to obtain adequate convergence.  In previous work, MD 

simulations were extended to 720 ns to obtain converged results
211

.  Thus, HREX 
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simulations, which can take advantage of local computer clusters, can produce adequately 

converged results in a time frame appropriate for iterative parameter optimization as 

required to reproduce condensed phase data.   

 

Table 2-1. χ1 Rotamer distributions in each 2ns interval of 10ns (Ala)4-X-(Ala)4 

simulations with C22/CMAP FF and the C7eq backbone conformation. 

amino acid χ1 χ1 rotamer populations average ± standard deviation 

    0-2ns 2-4ns 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 

 g- 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 

Gln t 0.21 0.12 0.13 0.10 0.28 0.17 ± 0.08 

 g- 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 

Ile 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 2-1 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 

 g- 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 

 g- 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 

 g- 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 

 g- 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 

 g- 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 

 g- 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 

 g- 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 2-1 Continued 

Asp t 0.30 0.10 0.63 0.08 0.10 0.24 ± 0.24 

 g- 0.70 0.90 0.35 0.92 0.89 0.75 ± 0.24 

 g+ 0.00 0.00 0.02 0.00 0.01 0.01 ± 0.01 

 

Figure 2-1. (Plot of Data from Table 2-1) χ1 Rotamer distributions in each 2ns interval of 

10ns (Ala)4-X-(Ala)4  simulations with C22/CMAP FF and the C7eq backbone 

conformation. Distributions in 0-2ns are represented in red line, 2-4ns in green, 4-6ns in 

blue, 6-8ns in pink and 8-10ns as cyan. 
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Table 2-2. χ2 Rotamer distributions in each 2ns interval of 10ns (Ala)4-X-(Ala)4  

simulations with C22/CMAP FF and the C7eq backbone conformation. 

 

amino acid χ2 χ2 rotamer populations average ± standard deviation 

    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 

 g- 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 

Gln t 0.68 0.70 0.56 0.76 0.74 0.69 ± 0.08 

 g- 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 

Ile t 0.50 0.50 0.56 0.48 0.48 0.50 ± 0.03 

 g- 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- 0.35 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 2-2 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 

 g- 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 

 g- 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 

 g- 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 

 g- 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 ± 0.11 

 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 
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Figure 2-2. (Plot of Data from Table 2-2) χ2 Rotamer distributions in each 2ns interval of 

10ns (Ala)4-X-(Ala)4  simulations with C22/CMAP FF and the C7eq backbone 

conformation.  Distributions in 0-2ns are represented in red line, 2-4ns in green, 4-6ns in 

blue, 6-8ns in pink and 8-10ns as cyan. 
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Figure 2-3. Sampling of the Asn χ1 and χ2 torsions (°) from (a) HREX MD and (b) 

standard MD simulations. From top to bottom, panels show results in four different 

backbone conformation of (Ala)4-Asn-(Ala)4 simulated with the C22 FF.  

 

 

As the primary goal of the present study was the development of a model for 

optimization of side-chain dihedral parameters, analysis focused on the comparison of 

rotamer distributions from protein simulations using the same force field with those from 

the (Ala)4-X-(Ala)4 model system simulations.  However, the question arises as to what is 

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 of χ1 and χ2 in the unfolded states, which would limit biases associated 
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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 of χ1 and χ2.  To address this issue, we compared χ1 rotamer probability 

distributions from NMR studies of denatured proteins
227

 and from our recent survey of 

the PDB
232

.  Presented in Figure 2-4 are the rotamer populations from the two sets of 

experimental data.  In Figure 2-4A through C, PDB survey data were divided into helical, 

extended and disordered conformations according to the secondary structure definition by 

STRIDE.  Figure 2-4D 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 denatured proteins, notable is the overall similarity 

of the χ1 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 urea hindering the side-chain from hydrogen bonding with the 

backbone for the χ1 g+ rotamer in unfolded proteins
227

.  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 proteins
233-235

 reported good agreements 

between unfolded and folded states, including for Ser.  Thus, the degree of similarity 

between sampling of χ1 in both unfolded and folded proteins indicates that using either 

state of the protein when evaluating (Ala)4-X-(Ala)4 as a model system is appropriate.  
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Figure 2-4. Probability of t, g- and g+ χ1 rotamers in the 16 amino acids from the PDB 

survey and NMR denatured protein experiments. PDB survey was sub-grouped 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 NMR experiments. 
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Figure 2-5. Comparison of calculated rotamer distributions between unfolded and folded 

protein simulations for the A) C22/CMAP and B) C36 MD simulations. 

 

Sampling of different rotamers for the amino acids from the unfolded and folded protein 

simulations
205

 using both force fields are shown on Figure 2-5.  Overall, the patterns are 

similar with respect to unfolded versus folded proteins and between the two force fields.  

For the majority of amino acids, the g- rotamer dominates with the most notable 

exceptions occurring with Ser.   Some differences between C22/CMAP and C36 occur 

with most amino acids, associated with the additional optimization of the χ1 and χ2 

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 2-4)), indicating that the use of protein simulation data for validation of (Ala)4-X-

(Ala)4 as a model is appropriate. 

 

Figure 2-6. RMS differences of t, g-, and g+ populations between the (Ala)4-X-(Ala)4 and 

unfolded protein simulations as a function of residue type in the A) C22/CMAP and B) 

C36 FFs. 
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Figure 2-7. RMS differences of t, g-, and g+ populations between the (Ala)4-X-(Ala)4 and 

folded protein simulations as a function of residue type in the A) C22 and B) C36 FFs. 
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Figure 2-8. Probability of the χ1 t, g- and g+ rotamers for the 16 amino acids from the 

unfolded protein (red solid line) and (Ala)4-X-(Ala)4 simulations (blue dotted line). 

Simulations were carried with C22/CMAP FF and results from the four different 

backbone conformations are displayed. 
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Figure 2-9. Probability of the χ1 t, g- and g+ rotamers for the 16 amino acids from the 

unfolded protein (red solid line) and (Ala)4-X-(Ala)4 simulations (blue dotted line). 

Simulations were carried out with the C36 FF and results from the four different 

backbone conformations are displayed. 

 

Analysis of the ability of (Ala)4-X-(Ala)4 to act as a model system for χ parameter 

optimization involved the RMS differences of the t, g+ and g- rotamer populations 

between the  (Ala)4-X-(Ala)4 simulations and both the unfolded protein (Figure 2-6) and 

folded protein (Figure 2-7) simulations. Comparison of the percent sampling of the three 

rotamers as a function of amino acid from the (Ala)4-X-(Ala)4 simulations and the 

unfolded protein simulations for C22/CMAP and C36 are shown in Figures 2-8 and 2-9, 
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respectively.  Analysis of the RMS differences in Figure 2-6 and 2-7 show significant 

variation as a function 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 C7eq and PPII backbone conformations to give the smallest RMS 

differences.    

RMS differences and correlation coefficients between the (Ala)4-X-(Ala)4 and protein 

simulations over all the amino acids studied for the four backbone conformations are 

presented in Table 2-3.   

 

Table 2-3. RMS differences and correlation coefficients between (Ala)4-X-(Ala)4 χ1, χ2 

rotamer distributions and those of folded and unfolded proteins, for the different 

backbone conformations of (Ala)4-X-(Ala)4, for X runs over all the studied amino acids. 

 

 Average RMSD Correlation coefficients 

 C22/CMAP C36 C22/CMAP C36 

  χ1 χ2 χ1 χ2 χ1 χ2 χ1 χ2 

Unfolded Protein Simulations  

C5 0.39 0.16 0.39 0.20 -0.25 0.76 -0.18 0.43 

PPII 0.15 0.14 0.18 0.13 0.80 0.74 0.79 0.67 

C7eq 0.18 0.16 0.15 0.18 0.74 0.68 0.85 0.54 

αR 0.33 0.16 0.24 0.17 0.23 0.67 0.45 0.44 

Folded Protein Simulations 

C5 0.39 0.14 0.46 0.21 -0.35 0.80 -0.27 0.43 

PPII 0.18 0.13 0.20 0.20 0.64 0.77 0.71 0.44 

C7eq 0.18 0.16 0.18 0.22 0.79 0.71 0.83 0.44 

αR 0.29 0.16 0.26 0.18 0.33 0.72 0.43 0.48 
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With respect to the unfolded protein simulations for the four backbone conformations, 

overall agreement of the  (Ala)4-X-(Ala)4 χ1 results are good for both the C7eq and PPII 

backbone conformations.  With C7eq, the average of the RMS differences are 0.18 and 

0.15 in C22/CMAP and C36, respectively, and the correlation coefficients 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 with C7eq for 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 C7eq and 0.64 and 0.71 with PPII.  Notably, C7eq and PPII 

backbone conformations yield the best overall agreement for the χ1 distributions with 

respect to both the unfolded and folded protein simulations.  

  χ2 distributions in the (Ala)4-X-(Ala)4 simulations also produced good agreement with 

those from the protein simulations in the C7eq and PPII backbone conformations.  RMS 

differences from unfolded protein simulations were 0.16 and 0.14 for C22/CMAP and 

0.18 and 0.13 for C36 with C7eq and PPII, respectively, and correlation coefficients were 

0.68 and 0.74 for C22/CMAP and 0.54 and 0.67 for C36. However, χ2 sampling was less 

dependent on backbone conformations than χ1, showing similar correlations for all four 

backbone conformations, with only the C7eq conformation with C36 showing some 

improvement.  The similarity of the (Ala)4-X-(Ala)4 χ2 results for all four backbone 

conformations is, to some extent, expected given that χ2  is one bond removed from the 

peptide backbone as compared to χ1. Thus, when considering both χ1 and χ2 and all the 

amino acids together both the C7eq and PPII conformations yield the best overall 

agreement with the protein simulations. 
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That the PPII conformation of (Ala)4-X-(Ala)4 is in good agreement with the unfolded 

protein simulations is not surprising as in those conditions it may be anticipated that the 

protein backbone samples significant amounts of that conformation
236-238

.  However, the 

PPII conformation also gives good agreement for folded proteins even though it is not as 

highly populated as compared to extended and αR conformations.   The good agreement 

for C7eq, which is not sampled significantly in either unfolded or folded proteins was 

somewhat surprising, but its (φ,ψ) values are similar to that of PPII (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 backbone N-H and carbonyl moieties are typically 

hydrogen bonding with other peptide bonds and not available for interactions with the 

side-chains.  While this scenario is more relevant for folded proteins, it appears to also 

apply with the unfolded proteins.  Finally, the sampling of χ1 in the αR conformation is 

also in poor agreement with that occurring in both the unfolded and folded proteins.  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 undertaken to better understand the 

nature of the interactions of the side-chains 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 sampling of χ1 in the four backbone conformations of (Ala)4-X-(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 Figure 2-10 are images of the central region 
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of the (Ala)4-Leu-(Ala)4 peptide in the four backbone conformations.  The C7eq, PPII and 

C5 conformations have higher solvent exposure of the NH and O atoms in the peptide 

backbone as compared to the αR conformation, where they are participating in the 

classical intrabackbone i to i+4 hydrogen bonds.   Thus, in αR hydrogen bonding with the 

environment is expected to be perturbed.  However, the significant difference in the 

agreement between the (Ala)4-X-(Ala)4 and protein results for C7eq, PPII and C5 is 

somewhat surprising, 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 Å  cutoff criteria for non-hydrogen atoms was calculated for all polar and charged 

amino acids (Table 2-4).  While smaller percentages are seen with Asp and His for αR, 

significant trends between the backbone conformations are not present based on this 

simple analysis. 

 

Figure 2-10. Structures of the central region of (Ala)4-Leu-(Ala)4 in the A) C7eq, B) PPII, 

C) αR and D) C5 backbone conformations.  
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Table 2-4. Percent population of polar amino acid side-chain conformations with 

hydrogen-bonding distances ≤ 3.5 Å  between heteroatoms in the side-chains and the 

peptide backbone. 

  aR C5 C7eq PPII 

Arg 1.2 2.4 0.8 2.1 

Asp 13.2 43.8 33.9 43.4 

Asn 47.5 41.2 40.9 33.6 

Cys 54.2 58.6 58.1 53.6 

Gln 13.5 6.3 3.8 5.5 

Glu 0.2 10.3 0.2 4.9 

Hisa) 18.5 34.9 19.3 30.9 

Lys 0.1 0.1 0.1 1.1 

Ser 63.1 57.1 56.7 63.7 

Thr 98.4 52.0 75.1 79.3 

Trp 0.6 1.0 0.2 0.2 

a) neutral Histidine with the ND1 protonated.  

 

Further analysis involved probability distributions of side-chain to backbone polar atom 

distances as a function of χ1 for the different backbone conformations.  In addition, the 

distance distributions were obtained for the individual residues from the PDB survey.  

Figure 2-11 shows the distance probability distribution for Asp. Analysis of the PDB data 

at the bottom of the Figure shows the interactions between the side-chain and the 

backbone to occur to varying degrees from all three χ1 rotamers, with those involving g- 

being the most populated.  In the C7eq and PPII (Ala)4-X-(Ala)4 C22/CMAP simulations 

significant hydrogen bonding also occurs with the g- rotamer, leading to that rotamer 

dominating the sampling and the good agreement with the protein data (Figure 2-6).  

With PPII hydrogen bonding in the g- rotamer dominates, with some sampling of both t 
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and g+, while with C7eq no significant sampling in the g+ rotamer is present.  In the αR 

and C5 backbone conformations significant interactions occurs with the t conformation 

while significant sampling in g+ also occurs with C5.  This trend, where side-chain-

backbone interactions from the g- rotamer dominate with C7eq and PPII, while t and/or 

g+ interactions dominate in the aR and C5 conformations is a trend seen with the 

majority of amino acids (Figure 2-12).  Indeed, it is these favorable interactions involving 

the g- rotamer that lead to enhanced sampling of that conformation in proteins (Figure 2-

4), such that the C7eq and PPII backbone conformations are the most representative of 

side-chain sampling in proteins. 
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Figure 2-11. Probability distribution of atom-atom distances (Å ) of Asp as a function of 

χ1 for the four backbone conformations of (Ala)4-Asp-(Ala)4  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 of Asp and oxygen of backbone are shown. 
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Figure 2-12a. Probability distribution of atom-atom distances (Å ) of Arg as a function of 

χ1 for the four backbone conformations of (Ala)4-X-(Ala)4  with the C22/CMAP force 

field and from a survey of the PDB. Distances between side-chain nitrogen of Arg and A) 

nitrogen of backbone and B) oxygen of backbone are shown. 
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Figure 2-12b. Probability distribution of atom-atom distances (Å ) of Glu as a function of 

χ1 for the four backbone conformations of (Ala)4-X-(Ala)4  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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Figure 2-12c. Probability distribution of atom-atom distances (Å ) of Lys as a function of 

χ1 for the four backbone conformations of (Ala)4-X-(Ala)4  with the C22/CMAP force 

field and from a survey of the PDB. Distances between side-chain nitrogen of Lys and A) 

nitrogen of backbone and B) oxygen of backbone are shown. 
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Figure 2-12d. Probability distribution of atom-atom distances (Å ) of Cys as a function of 

χ1 for the four backbone conformations of (Ala)4-X-(Ala)4  with the C22/CMAP force 

field and from a survey of the PDB. Distances between sulfur of Cys and A) nitrogen of 

backbone and B) oxygen of backbone are shown. 
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Figure 2-12e. Probability distribution of atom-atom distances (Å ) of Gln as a function of 

χ1 for the four backbone conformations of (Ala)4-X-(Ala)4  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 Gln and oxygen of backbone are shown. 
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Figure 2-12f. Probability distribution of atom-atom distances (Å ) of Thr as a function of 

χ1 for the four backbone conformations of (Ala)4-X-(Ala)4  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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Figure 2-12g. Probability distribution of atom-atom distances (Å ) of His as a function of 

χ1 for the four backbone conformations of (Ala)4-X-(Ala)4  with the C22/CMAP force 

field and from a survey of the PDB. Distances between nitrogen of His and A) nitrogen 

of backbone and B) oxygen of backbone are shown. 
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Figure 2-12h. Probability distribution of atom-atom distances (Å ) of Trp as a function of 

χ1 for the four backbone conformations of (Ala)4-X-(Ala)4  with the C22/CMAP force 

field and from a survey of the PDB. Distances 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 (Ala)4-X-(Ala)4 showed large deviations 

from denatured protein simulations, with the negative correlations being due to 

undersampling of the g- state (Figures 2-8 and 2-9).  This was typically due to 

oversampling of the t state associated with side-chain-backbone interactions in that 

rotamer (Figure 2-11 and 2-12), though with Arg, Gln and Lys the g+ rotamer was 

oversampled. It is known that in beta sheets when the side-chain of residue i assumes the 

g- rotamer, it has a steric clash with the side-chain of residue i-2
239

; however, this cannot 

occur with  (Ala)4-X-(Ala)4.  Rather the dominant contributor to oversampling of the t 

state, or g+ in the case of Arg, Gln, and Lys, is hydrogen bonding of the side-chain with 

the backbone (Figure 2-12). This effect is particularly dominant with the shorter polar 

side-chains, Asp, Asn, and Ser, though with the latter a high level of the t rotamer is 

present in the unfolded proteins UBQ and GB1.  Thus, the enhanced sampling of the t 

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 

“helical” character of the C7eq and PPII conformations (Figure 2-10) disallows those 

interactions from dominating rotamer sampling. 

The poor agreement of the αR backbone conformation with the protein simulation results 

was also due to dominant sampling of t rotamers in (Ala)4-X-(Ala)4.  As mentioned 

above, the disagreement is reasonable given the nature of unfolded protein simulations. 

However, it is interesting that (Ala)4-X-(Ala)4 simulations with the helical backbone were 

sampling high populations of t, which are found in the PDB to occur predominately in 

alpha helical secondary structures
239

.  The large population of t is due to steric clashes 

occurring in the g+ and g- conformations as well as the favorable hydrogen bonding with 
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the backbone (Figure 2-12). The even larger t populations in the (Ala)4-X-(Ala)4 

simulations is suggested to be due to a lack of interactions with other side-chains in the 

surrounding protein environment that would compete for hydrogen bonding with the 

backbone.   However, there are some notable results that are consistent between the 

calculated data for selected amino acids with the αR backbone conformation.  For Asn 

and Ser the αR conformation of (Ala)4-X-(Ala)4 is predicted to be the most representative 

for the denatured proteins (Figure 2-6).  This is also true for Asn with respect to the 

folded protein simulations (Figure 2-7).   To explain this we investigated interactions of 

the Asn side-chain with the peptide backbone.   

Figure 2-13 shows probability distributions of distances between the side-chain and 

backbone heteroatoms of Asn as a function of χ1. The majority of hydrogen bonding 

occurs from the g- state in the PDB survey followed by the t rotamer while only a 

minimal amount of hydrogen bonding occurs in the g+ rotamer, though some sampling is 

evident.  This is consistent with the relative populations of the three rotamers in the PDB 

survey (Figure 2-4).  However, in the protein simulations virtually no sampling of the g+ 

rotamer occurs (Figure 2-5).  This trend is reproduced in the (Ala)4-X-(Ala)4 simulations 

with the αR backbone conformation (Figures 2-8 and 2-9) leading to that conformation 

appearing to be the most appropriate for χ  dihedral parameter optimization.  However, 

this conclusion should be taken with caution in that the amount of g+ sampling is 

significantly underestimated in the protein simulations  (Figure 2-5) such that the 

apparent quality of the αR backbone conformation may be due to FF effects. 
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Figure 2-13. Probability distribution of atom-atom distances (Å ) of Asn as a function of 

χ1 for the four backbone conformations of (Ala)4-Asn-(Ala)4  with the C22/CMAP force 

field and from a survey of the PDB.  Distances between A) side-chain oxygen of Asn and 

nitrogen of backbone and B) between side-chain oxygen of Asn and oxygen of backbone 

are shown. 
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Figure 2-14. Probability distribution of atom-atom distances (Å) of Ser as a function of χ1 

for the four backbone conformations of (Ala)4-Ser-(Ala)4  with the C22/CMAP force 

field and from a survey of the PDB.   Distances between A) side-chain oxygen of Ser and 

nitrogen of backbone and B) between side-chain oxygen of Ser and oxygen of backbone 

are shown. 

 

 

  



 

85 

 

Table 2-5. Occurrences of amino acid residues in the proteins used in unfolded and 

folded protein simulations. 

  Unfolded proteins Folded proteins 

 

Number of 

residues %Frequency 

Number of 

residues %Frequency 

Arg 4 3.9 21 8.8 

Asp 10 9.7 19 7.9 

Glu 11 10.7 14 5.8 

Lys 13 12.6 24 10.0 

Asn 5 4.9 22 9.2 

Cys 0 0.0 14 5.8 

Gln 8 7.8 12 5.0 

Ser 3 2.9 14 5.8 

Thr 17 16.5 27 11.3 

His 1 1.0 2 0.8 

Trp 1 1.0 7 2.9 

Tyr 4 3.9 11 4.6 

Ile 8 7.8 16 6.7 

Leu 12 11.7 21 8.8 

Met 2 1.9 5 2.1 

Phe 4 3.9 11 4.6 

Total 103 100 240 100 

 

The change in the RMS differences between the unfolded and folded proteins in the case 

of Ser is interesting (Figure 2-5).  Analysis of Figure 2-4 shows this to be the only amino 

acid in which the pattern of χ1 rotamer sampling changes significantly between the NMR 

and PDB data, though this difference is based on the limited Ser sample size in the NMR 

data set (Table 2-5).  While disallowing general conclusion, this sampling matches that 
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occurring in the unfolded protein simulations of UBQ and GB1 where the t state 

dominates followed by the g- and g+ states, consistent with the NMR experiments.  To 

understand details of the rotamer sampling, analysis of side-chain-backbone interactions 

was undertaken (Figure 2-14).  Ser formed strong hydrogen bonds with the backbone in 

the t and g- rotamers in the PDB survey.  Given the size of the Ser side-chain such that 

the hydroxyl and backbone are in close proximity, these “intramolecular” hydrogen 

bonds dominate in the absence of well-defined interactions with the surrounding 

environment, as occurs in the denatured states of proteins investigated in the NMR 

experiments and in the (Ala)4-X-(Ala)4 simulations.  Upon folding of proteins, additional 

interactions with the environment can occur, leading to lower sampling of the t rotamer, 

consistent with the PDB survey data.  For example, Ser47 in BPTI forms a strong 

hydrogen bond with Asp50 in g+ conformation.  While the generality of these results are 

limited by the number of specific residue types in the NMR experiments as well as the 

protein simulations, the analysis suggests that for the majority of amino acids the 

environment of the side-chains is similar enough in the unfolded and folded states that the 

change in environment does not significantly impact the rotatmer sampling.  Only in the 

case of Ser and to some extent Thr, where hydrogen bonding between the side-chain and 

backbone is also favored does the loss of the more structured 3D environment in the 

unfolded states lead to more interactions with the backbone thereby changing the 

rotatmer populations.   

As stated above, there are some inconsistencies between the two C22/CMAP and C36 

data sets and comparison of Figures 2-5 and 2-6 show inconsistencies between the 

unfolded and folded protein results.  These inconsistencies are, in part, due to the 
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relatively small number of selected side-chains in the protein data set (Table 2-5).  For 

example, there are only 4 Arg, 2 Met, 1 His, 3 Ser and 1 Trp side-chains in the unfolded 

protein set.  The overall representation is better in the folded proteins, although there are 

only 5 Met and 2 His residues.  The inconsistencies can also be due to the lack of 

sampling in the protein simulation. Depending on the residue and the FF, the standard 

deviations of t, g- and g+ populations are different (Table 2-6). The average standard 

deviation and standard error over all amino acids in C22/CMAP FF were 0.13 and 0.05, 

respectively, versus 0.10 and 0.04 for the C36 FF.  As the C22/CMAP and C36 

simulations were performed for 150 ns, the problems with convergence further indicate 

that the (Ala)4-X-(Ala)4 model system can complement full protein simulations especially 

in their ability to obtain adequately converged data as required for FF optimization.  

It should be noted that in the folded protein simulations higher standard deviations occur 

as compared to the unfolded state despite the larger number of each side-chain.  The 

average standard deviation and standard error were 0.32 and 0.09 in the C22/CMAP FF 

and 0.31 and 0.08 in the C36 FF (Table 2-7). This is due to the difficulty of obtaining full 

sampling of the χ1 and χ2 rotamers in standard MD simulations of folded proteins, despite 

the simulation time being longer for the folded vs. unfolded simulations.  For example, as 

Table S7 shows, Tyr (11 occurrences) or Phe (11 occurrences) residues usually remain in 

one rotamer, either t or g-, leading to the standard deviations for these residues being 

greater than 0.49.  This phenomena may occur to a greater extent for Tyr and Phe as these 

residues are typically buried in the protein interior, thereby undergoing less 

conformational averaging than surface residues
240, 241

.    



 

88 

 

N

SD N

P
N

i

i

2

1

)( 


 Table 2-6. Average and standard deviation of t, g-, and g+ χ1 rotamer distributions in 

unfolded protein simulations with the C22/CMAP and C36 force fields.  Standard 

deviations (SD) were calculated as 

and standard errors (SE) as 

where N is the number of residue X in the proteins, Pi is rotamer probability of residue Xi 

and μ is the average. 

  C22/CMAP C36 

  
rotam
er 

probabili
ty 

standard 
deviation 

standard 
error 

probabili
ty 

standard 
deviation 

standard 
error 

Arg t 0.30 0.16 0.08 0.08 0.11 0.06 

 g- 0.50 0.34 0.17 0.75 0.24 0.12 

 g+ 0.21 0.33 0.17 0.17 0.13 0.06 

Asp t 0.26 0.12 0.04 0.59 0.14 0.05 

 g- 0.73 0.12 0.04 0.38 0.13 0.04 

 g+ 0.01 0.01 0.00 0.03 0.05 0.02 

Glu t 0.49 0.17 0.05 0.24 0.17 0.05 

 g- 0.34 0.14 0.04 0.70 0.17 0.05 

 g+ 0.17 0.17 0.05 0.06 0.10 0.03 

Lys t 0.30 0.09 0.03 0.09 0.05 0.02 

 g- 0.60 0.12 0.03 0.77 0.11 0.03 

 g+ 0.10 0.06 0.02 0.14 0.07 0.02 

Asn t 0.34 0.37 0.17 0.38 0.26 0.12 

 g- 0.54 0.36 0.16 0.56 0.26 0.12 

 g+ 0.12 0.27 0.12 0.06 0.10 0.04 

Cys t        

 g-        

 g+        

Gln t 0.31 0.12 0.04 0.09 0.07 0.02 

 g- 0.47 0.21 0.07 0.73 0.17 0.06 

 g+ 0.22 0.16 0.06 0.17 0.15 0.05 

Ser t 0.63 0.25 0.14 0.60 0.06 0.03 



 

89 

 

Table 2-6 Continued 

 g- 0.31 0.21 0.12 0.26 0.09 0.05 

 g+ 0.06 0.04 0.02 0.14 0.10 0.06 

Thr t 0.04 0.05 0.01 0.32 0.16 0.04 

 g- 0.38 0.21 0.05 0.27 0.09 0.02 

 g+ 0.58 0.21 0.05 0.40 0.12 0.03 

His t 0.12 0.00 0.00 0.17 0.00 0.00 

 g- 0.88 0.00 0.00 0.71 0.00 0.00 

 g+ 0.00 0.00 0.00 0.12 0.00 0.00 

Trp t 0.24 0.00 0.00 0.19 0.00 0.00 

 g- 0.76 0.00 0.00 0.74 0.00 0.00 

 g+ 0.00 0.00 0.00 0.08 0.00 0.00 

Tyr t 0.13 0.12 0.06 0.26 0.21 0.11 

 g- 0.87 0.12 0.06 0.70 0.24 0.12 

 g+ 0.01 0.01 0.01 0.05 0.05 0.03 

Ile t 0.20 0.15 0.05 0.21 0.12 0.04 

 g- 0.30 0.19 0.07 0.55 0.23 0.08 

 g+ 0.50 0.25 0.09 0.24 0.19 0.07 

Leu t 0.38 0.10 0.03 0.26 0.08 0.02 

 g- 0.60 0.10 0.03 0.72 0.07 0.02 

 g+ 0.02 0.03 0.01 0.01 0.02 0.00 

Met t 0.37 0.04 0.03 0.30 0.06 0.05 

 g- 0.44 0.10 0.07 0.40 0.02 0.01 

 g+ 0.19 0.06 0.05 0.29 0.05 0.03 

Phe t 0.25 0.13 0.07 0.22 0.02 0.01 

 g- 0.73 0.13 0.07 0.72 0.04 0.02 

  g+ 0.02 0.02 0.01 0.05 0.03 0.01 

Avera

ge   0.13 0.05  0.10 0.04 
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Table 2-7. Average and standard deviation of t, g-, and g+ χ1 rotamer distributions in 

folded protein simulations with the C22/CMAP and C36 force fields. 

  C22/CMAP C36 

  

rotam

er 

probabili

ty 

standard 

deviation 

standard 

error 

probabili

ty 

standard 

deviation 

standard 

error 

Arg t 0.38 0.32 0.07 0.14 0.19 0.04 

 g- 0.47 0.35 0.08 0.70 0.33 0.07 

 g+ 0.16 0.28 0.06 0.16 0.28 0.06 

Asp t 0.37 0.37 0.09 0.49 0.40 0.09 

 g- 0.47 0.39 0.09 0.38 0.39 0.09 

 g+ 0.16 0.35 0.08 0.14 0.32 0.07 

Glu t 0.45 0.34 0.09 0.37 0.37 0.10 

 g- 0.48 0.36 0.10 0.57 0.37 0.10 

 g+ 0.07 0.18 0.05 0.06 0.21 0.06 

Lys t 0.44 0.35 0.07 0.22 0.32 0.07 

 g- 0.47 0.35 0.07 0.69 0.36 0.07 

 g+ 0.09 0.20 0.04 0.08 0.20 0.04 

Asn t 0.41 0.43 0.09 0.46 0.39 0.08 

 g- 0.59 0.43 0.09 0.54 0.39 0.08 

 g+ 0.00 0.00 0.00 0.00 0.00 0.00 

Cys t 0.21 0.43 0.11 0.21 0.43 0.11 

 g- 0.62 0.49 0.13 0.64 0.50 0.13 

 g+ 0.17 0.37 0.10 0.14 0.36 0.10 

Gln t 0.32 0.32 0.09 0.19 0.29 0.08 

 g- 0.57 0.30 0.09 0.75 0.29 0.08 

 g+ 0.11 0.12 0.03 0.06 0.08 0.02 

Ser t 0.20 0.22 0.06 0.26 0.30 0.08 

 g- 0.38 0.32 0.09 0.26 0.34 0.09 

 g+ 0.42 0.37 0.10 0.47 0.39 0.11 

Thr t 0.19 0.35 0.07 0.18 0.32 0.06 
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Table 2-7 Continued 

 g- 0.46 0.43 0.08 0.45 0.45 0.09 

 g+ 0.35 0.42 0.08 0.37 0.41 0.08 

His t 0.18 0.25 0.17 0.04 0.00 0.00 

 g- 0.83 0.25 0.17 0.96 0.00 0.00 

 g+ 0.00 0.00 0.00 0.00 0.00 0.00 

Trp t 0.15 0.37 0.14 0.20 0.38 0.14 

 g- 0.84 0.37 0.14 0.79 0.37 0.14 

 g+ 0.00 0.01 0.00 0.02 0.05 0.02 

Tyr t 0.55 0.52 0.16 0.48 0.50 0.15 

 g- 0.45 0.52 0.16 0.52 0.50 0.15 

 g+ 0.00 0.00 0.00 0.00 0.00 0.00 

Ile t 0.13 0.34 0.08 0.15 0.27 0.07 

 g- 0.62 0.44 0.11 0.69 0.42 0.11 

 g+ 0.25 0.39 0.10 0.17 0.29 0.07 

Leu t 0.40 0.41 0.09 0.30 0.40 0.09 

 g- 0.58 0.40 0.09 0.68 0.40 0.09 

 g+ 0.03 0.10 0.02 0.03 0.09 0.02 

Met t 0.18 0.17 0.07 0.12 0.20 0.09 

 g- 0.59 0.36 0.16 0.64 0.46 0.21 

 g+ 0.23 0.43 0.19 0.24 0.42 0.19 

Phe t 0.11 0.30 0.09 0.10 0.30 0.09 

 g- 0.64 0.50 0.15 0.63 0.49 0.15 

  g+ 0.25 0.44 0.13 0.27 0.46 0.14 

Avera
ge   0.32 0.09  0.31 0.08 
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Table 2-8. χ1 Rotamer distributions of individual Tyr, Phe and Ser residues in folded and 

unfolded protein simulations with C36 FF. 

 Folded protein simulation Unfolded protein simulation 

protein resid t g- g+ protein resid t g- g+ 

Tyr      Tyr     

1UBQ 59 0 1 0 GB1 3 0.45 0.54 0.02 

BPTI 10 0.30 0.70 0 GB1 33 0.08 0.92 0.00 

BPTI 21 0 1 0 GB1 45 0.08 0.87 0.05 

BPTI 23 1 0 0 UB 59 0.44 0.44 0.12 

BPTI 35 1 0 0      

GB3 3 0 1 0      

GB3 33 1 0 0      

GB3 45 1 0 0      

HEWL 20 1 0 0      

HEWL 23 0 1 0      

HEWL 53 0 1 0           

Phe      Phe     

1UBQ 4 0 1 0 GB1 30 0.23 0.69 0.09 

1UBQ 45 1 0 0 GB1 52 0.20 0.76 0.05 

BPTI 4 0.01 0.02 0.97 UB 4 0.25 0.70 0.06 

BPTI 22 0 0 1 UB 45 0.22 0.76 0.03 

BPTI 33 0.001 0 0.999      

BPTI 45 0 1 0      

GB3 30 0 1 0      

GB3 52 0 1 0      

HEWL 3 0.12 0.88 0      

HEWL 34 0 1 0      

HEWL 38 0 1 0      

Ser     Ser     

1UBQ 20 0.02 0.10 0.88 1UBQ 20 0.57 0.18 0.25 
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Table 2-8 Continued 

1UBQ 57 0.44 0.07 0.49 1UBQ 57 0.57 0.36 0.07 

1UBQ 65 0.05 0.95 0 1UBQ 65 0.67 0.25 0.09 

BPTI 47 0.52 0 0.48      

HEWL 24 0.15 0.29 0.56      

HEWL 36 0.15 0.001 0.85      

HEWL 50 0 0 1      

HEWL 60 0 0 1      

HEWL 72 0.81 0.06 0.13      

HEWL 81 0.02 0.09 0.89      

HEWL 85 0.82 0.12 0.06      

HEWL 86 0.19 0.51 0.30      

HEWL 91 0.02 0.99 0      

HEWL 100 0.52 0.49 0      

 

 

Conclusions 

In the present study (Ala)4-X-(Ala)4 model peptides were evaluated for use in the 

optimization of side-chain torsion parameters. This small system in combination with the 

applied HREX methods achieves convergence of sampling in an accessible time for 

iterative parameter optimization.  Comparison of rotamer sampling in four backbone 

conformations of (Ala)4-X-(Ala)4 with that from simulations of unfolded and folded 

proteins was performed to identify the conformations most suitable for use as a model 

system for parameter optimization.  Overall, this analysis indicated that (Ala)4-X-(Ala)4 

simulations performed with either the PPII or C7eq backbone conformations yielded 

better agreement with the protein simulations and either would be suitable for use in the 
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application of (Ala)4-X-(Ala)4 as a model system for χ1/χ2 dihedral parameter 

optimization.  The only possible exception occurs with Asn, where the aR backbone 

conformation is indicated to be the most suitable.   In particular, in the PPII backbone 

conformation the probability of hydrogen bonding with the protein backbone as a 

function of χ1 rotamer is most similar to that occurring in proteins, further indicating this 

to be the preferable conformation for using (Ala)4-X-(Ala)4 as a model system for side-

chain sampling. It is anticipated that optimization of side-chain parameters in condensed 

phase can be aided by the (Ala)4-X-(Ala)4 model system, facilitating further 

improvements in protein force fields. This would be achieved, for example, by simulating 

the (Ala)4-X-(Ala)4 model system with a given force field, comparing the resulting χ1 and 

χ2 distributions with experimental data from full proteins and then empirically optimizing 

the associated dihedral parameters to better improve the agreement with the target 

distribution (eg. lower the potential energy of a given side chain conformer whose 

conformation is underpopulated in the (Ala)4-X-(Ala)4 model system).  Indeed, this 

approach was applied in the optimization of selected side chain dihedral parameters in the 

C36 protein force field.
205

  Furthermore, the use of analogous model systems in 

experimental studies would further help in the direct comparison of simulation with 

experimental data, as has been done with NMR backbone scalar couplings in oligo-

alanine peptides
178, 204-209

. 
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Chapter 3. Consensus 3D Model of μ-Opioid Receptor Ligand Efficacy 

based on a Quantitative Conformationally Sampled Pharmacophore
3 

 

Abstract  

Despite being studied for over 30 years, a consensus structure-activity relationship (SAR) 

that encompasses the full range peptidic and non-peptidic μ opioid receptor ligands is still 

not available. To achieve a consensus SAR the Conformationally Sampled 

Pharmacophore (CSP) method was applied to develop a predictive model of the efficacy 

of μ opioid receptor ligands. Emphasis was placed on predicting the efficacy of a wide 

range of agonists, partial agonists and antagonists as well as understanding their mode of 

interaction with the receptor. Inclusion of all accessible conformations of each ligand, a 

central feature of the CSP method, enabled structural features between diverse μ opioid 

receptor ligands that dictate efficacy to be identified. The models were validated against a 

diverse collection of peptidic and nonpeptidic ligands, including benzomorphans, 

fentanyl (4-anilinopiperidine), methadone (3,3-diphenylpropylamines), etonitazene 

(benzimidazole derivatives), funaltrexamine (C6 substituted 4,5-epoxymorphinan) and 

herkinorin. The model predicts 1) that interactions of ligands with the B site, as with the 

19-alkyl substituents of oripavines, modulates the extent of agonism; 2) that agonists with 

long N-substituents, as with fentanyl and N-phenethylnormorphine, can bind in an 

orientation such that the N substitutent interacts with the B site that also allows the basic 

                                                

3
 Shim, J.; Coop, A.; MacKerell Jr., A. D. Consensus 3D model of mu-opioid receptor 

ligand efficacy based on a quantitative Conformationally Sampled Pharmacophore. J. 

Phys. Chem. B 2011, 115, 7487-7496. Copyright 2011 American Chemical Society. 
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N-receptor Asp interaction essential for agonism and 3) that the μ agonist Herkinorin, 

that lacks a basic nitrogen, binds to the receptor in a manner similar to the traditional 

opioids via interactions mediated by water or a ion. Importantly, the proposed CSP model 

can be reconciled with previously published SAR models for the μ receptor. 

 

Introduction 

Opioids represent the front-line clinical treatment for pain, acting mainly on the central 

nervous system to achieve their desirable outcome. They target three receptor subtypes μ, 

δ, and κ 
242-245

 of which μ receptors are thought to mediate the majority of pain relief, as 

μ-specific agonists are the most effective analgesics for severe pain. However, the 

clinical use of agonists is accompanied by a range of adverse side effects including 

development of tolerance, dependence, nausea, constipation, and respiratory 

depression
246-248

. Due to these side effects μ agonists have been the object of numerous 

lead modification studies
249-253

, including a large number of structure-activity relationship 

(SAR) studies
254-265

. To date, SAR studies focused on one position on the opioid skeleton 

yielding predictive models for a specific class, but introduction of substituents in other 

positions on the opioid skeleton often abolished the SAR such that a consensus 

pharmacophore for all classes of μ agonists has not been achieved. For example, a 

number of SAR based on the 4,5-epoxymorphinans were not applicable to other series
8-12

 

such as benzomorphans, Diels-Alder adducts of thebaine, or fentanyls. Furthermore most 

SAR models dealt with binding affinities. Accordingly, the need for a consensus 

pharmacophore model that can quantitatively predict the efficacy of the full range of 
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structural classes of μ-opioid receptor ligands is evident. Such a model would facilitate 

ongoing efforts to develop novel opioids that are both μ agonists and antagonists with the 

goal of limiting side effects while maintaining the analgesic properties
266-269

. 

In the present study, we develop a comprehensive μ-opioid SAR by applying the 

Conformationally Sampled Pharmacophore (CSP) method
117-119, 163, 198

 to a diverse 

collection of μ-opioid ligands. The models were constructed based on two classical 

opioid scaffolds, the 4,5-epoxymorphinans and Diels-Alder adducts of thebaine (i.e. 

oripavines), and then applied to predict efficacies of benzomorphans, fentanyls, peptidic 

opioids, as well as additional known μ-opioid ligands. From the SAR common structural 

features are identified that can account for the efficacies of the diverse classes, indicating 

that these ligands have the same mechanism of receptor binding and activation.  

 

Computational methods 

Empirical force field calculations were performed using the program CHARMM
174

 

with the CGenFF
184

 force field parameters for the non-peptidic ligands and the C22 all-

atom protein force field, including the CMAP correction for the peptidic ligands
175, 178

. 

CGenFF parameters for selected opioids were validated targeting geometries, QM 

vibrational spectra
196

 and X-ray crystal structures 
187

. (See Appendix B). For CSP model 

development, all compounds were initially constructed based on the internal coordinates 

in CGenFF for nonpeptidic opioids and the C22 force field for the peptidic ligands and 

assigned physiologically pertinent protonation states consistent with the experimental pH 

of 7.4. Compounds were first relaxed in the gas phase by energy minimization for 500 

steps with the steepest decent algorithm followed by 1000 steps with adopted basis 
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Newton-Raphson method to an RMS force of < 10
-6

 kcal/mol Å . In all remaining 

calculations the aqueous solvent environment was treated implicitly by the Generalized 

Born Continuum Solvent Model (GBMV)
172

. MD simulations were performed with a 2 fs 

integration time step using the Leap-Frog integrator
270

. Covalent bonds involving 

hydrogen atoms were constrained to their equilibrium bond length by the SHAKE 

algorithm
216

. For non-bonded interactions, a switching function
221

 was used from 16 to 18 

Å  and the nonbond pair list was generated out to 21 Å . Simulations to achieve 

comprehensive sampling of ligand conformations used the replica exchange method
145

 

based on four MD simulations (i.e. replicas) running at temperatures of 300, 330, 363, 

and 400K for 10 ns/replica. Exchanges were attempted every 0.5 ps, saving coordinates 

every 2 ps. The 5000 conformations collected from the room temperature replica were 

subjected to CSP analysis. With the herkinorin-water complex simulation a harmonic 

restraint force of 100 kcal/mol/Å  with a minimum of 3.0 Å  was applied to the distance 

between the water oxygen and respective ester oxygens. 

Probability distributions were based on distances and angles calculated from the 

simulations between the pharmacophoric points (Figure 3-1) with bin sizes of 0.1 Å  and 

1°, respectively. The extent of overlap of the distributions for different ligands was 

determined by calculation of overlap coefficients (OC)
271

. 1D OC values are defined by 

equation 3-1,  

 

 Eq 3-1. 

which quantifies the area under the probability distributions where the two distributions 

overlap.  represents the probability density of compound A at bin i of the respective 
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distance or angle. OC values associated with the pharmacophoric points in Figure 1 for 

each molecule were calculated with respect to a reference molecule ( ). Morphine was 

initially selected as the reference compound because of its high efficacy, affinity and 

prototypical structure while development of the second (AB’NS) model used etorphine as 

the reference compound due to its greater potential interactions with the “B site” as 

compared to morphine. Previous studies have shown that the CSP approach is not 

significantly impacted by the selection of the reference compound
118

, though selection of 

a highly active species facilitates structural interpretation of the resulting model. 

 

 

 

Figure 3-1. Pharmacophoric points used in CSP model development, from which six 

distances (AB, AN, AS, BN, BS, NS) and twelve angles (ABN, ABS, ANB, ANS, ASB, 

ASN, BAN, BAS, BNS, BSN, NAS, NBS) were derived and considered in model 

development. For the pharmacophoric points A and B, the definitions were based on the 

atoms yielding the maximum distance between A and B, pharmacophoric point N was 

simply the geometric position of the basic nitrogen, and definition of S was based on the 

geometric center of the atoms comprising that group. 
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Figure 3-2. Structure of opioids and representative numbering. The 12 opioids included in 

the training set are indicated by *. Pharmacophoric points of the ligands are shown where 

green represents the aromatic ring (A), red represents the hydrophobic group (B), blue 

represents the basic nitrogen (N), and pink represents the N substituent (S).  
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CSP model development was based on all possible permutations of triplets of OCs of 

the six distances and twelve angles for the 12 molecules in the training set (Figure 3-2). 

All permutations were iteratively treated as independent variables in multiple regression 

analysis with respect to the target experimental data. Statistical analysis was done using 

in house Perl scripts
272

 based on the R statistical package
273

. Highly correlated 

independent variables (correlation coefficient > 0.9, Table 3-1) were excluded from 

analysis and regression models for the individual independent variables with coefficient 

of determination (R
2
) above 0.8 were selected for the further analysis. The predictability 

of each model was verified by leave one out cross-validation and application of the 

models to the external, test set of compounds. To check convergence of the MD 

simulations with respect to conformational sampling was performed based on calculation 

of self OC values as a function of simulation time (Figure 3-3). 

 

Figure 3-3. Convergence evaluation based on self OC values. a) Self OC values of the 

DAMGO AN probability distributions calculated between distributions at 1 and 2 ns 

(green line) and between 2 and 3 ns (blue line). In b) each point represents the self OC of 

a distance or angle parameter as a function of simulation time. Morphine’s self OC values 

are shown in red, etonitazene in green, and DAMGO in blue.  Self OC values were 

calculated using equation S1 as a function of simulation time,  

  

                
    

      Eq. 3-2 

where  is the probability distribution of distance or angle between pharmacophoric 

points, at bin i out to A ns. The eighteen distances and angles described above (Figure 3-

3) were subjected to this analysis and convergence was defined based on the magnitude 

of the self OC values as a function of simulation time. As an example, Figure 3-3 shows 

probability distributions for the distance between the aromatic ring (A) and protonated 

nitrogen (N) of DAMGO at 1, 2 and 3 ns. Figure 3-3b shows the change in all self OC 

values as a function of time for three compounds of varying flexibility. Self OCs of the 

flexible compounds etonitazene and DAMGO grow slowly (Figure 3-3b), whereas rigid 
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morphine reaches 95 % similarities at 3ns. In all cases the convergence of conformational 

space was greater than 95 % following 10 ns of simulation time.  This level of 

convergence was deemed satisfactory for CSP model development.  
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Results/Discussions 

The CSP method
117-119, 163, 198

 is designed to overcome the possibility that the global 

minimum conformation of an unbound ligand may not be the most populated form when 

bound to the receptor
108

. This is achieved by including all accessible conformations of the 

ligands during model development from which probability distributions of geometries, 

such as distances and angles among critical functional groups, are used as the basis for 

SAR development. The probability distributions are converted to normalized overlap 

coefficients (OC) with respect to a reference compound, which may then be regressed 

against experimental data. As the CSP approach is ligand based, it inherently assumes 

that all the ligands are interacting with the same site on the receptor, although the 

inclusion of all accessible ligand conformations in the CSP approach may accommodate 

local conformational changes that may occur in the receptor upon binding to different 

ligands.   

Model development used experimental data for 20 non-peptidic opioids and 5 peptides 

from Toll et al
274

 (Figure 3-2), of which 12 compounds were assigned as the training set 

and the remainder as the external test set (Figure 3-2 and Table 3-1). Training set 

compounds included 4,5-epoxymorphinans and the oripavines. Experiments were 

conducted on CHO cells expressing the human μ-opioid receptor, which excludes issues 

of multi-receptor environments and/or pharmacokinetic considerations that may 

potentially complicate SAR development
275

. As the experimental data is based on 

homogenous μ-opioid receptor, the resulting model does not take into account the 

possible heterodimerization between μ, δ, and κ receptors on ligand efficacy.  Efficacy 
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was measured as the relative % stimulation with respect to that of DAMGO (100%) using 

a [
35

S]GTPγS binding assay.  

 

 

Table 3-1. Experimental data used in model construction and evaluation 

Training set     Test set   

compounds % stimulation
a)

   Compounds % stimulation 

Morphine    93 ± 2.8   Methadone 116 ±20 

Dihydromorphine 109 ± 5   Etonitazene 119 ±19 

Normorphine 114 ±11   Fentanyl 100 ±12 

Etorphine 117 ±24   (-)Ethylketozocine (EKC) 146 ±85 

Buprenorphine   66 ±36   Funaltrexamine  19 ±0 

Nalrexone 0   (-)Cyclazocine  33 ±18 

Naloxone 0   (-)Pentazocine  35 ±4 

Nalmefene 0   (-)Bremazocine 0 

Nalorphine 0   DAMGO 100 

Naltriben 0   PL017 109 ±22 

Naltrindole 0   DSLET 134 ± 65 

Diprenorphine 0   DADLE 89 ± 15  

   Leu-Enkephalin 11 ± 4 

* Lower limit (mean – standard deviation) of efficacies were used during model 

development. 

a) Relative % stimulation with respect to that of DAMGO (100%) using a [
35

S]GTPγS 

binding assay 

 



 

105 

 

Initial selection of the pharmacophoric points for model development was based on 

previous SAR studies of μ opioids. The aromatic ring (A), basic nitrogen (N), N 

substituent (S), and hydrophobic substituent on the C ring (B) of the morphine scaffold 

are known to play critical roles in opioid efficacy
249

. While the definitions of A, N, and S 

are clear, that of B is not obvious
256, 257

. This ambiguity led to the selection of the 4,5-

epoximorphans, with the classical opioid scaffold, and the oripavines (etorphine, 

buprenorphine and diprenorphine) as the training set compounds (Figure 3-2). With the 

4,5-epoximorphans the 7 and 8 carbons in the C ring were assigned as the B point while 

in the oripavines both the 17 and 18 carbons (ABNS model) and the substituents on the 

19 position were separately considered as the B group (AB’NS model). Concerning the 

reference compound morphine was used in the ABNS model while etorphine was used 

for the AB’NS model; etorphine was used in the later case as this is a full agonist with a 

prominent hydrophobic group at the 19 position. 
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Table 3-2. Overlap coefficient used in the ABNS and AB’NS models 
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Table 3-2 Continued 
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Table 3-2 Continued 
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Table 3-3. Top 10 ABNS regression models for efficacy  Efficacy = aX1 + bX2 + cX3 + d 

where X1, X2 and X3 represent the OC of combinations of pharmacophoric points used in 

the models. 
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Table 3-4. Top 10 AB’NS regression models for efficacy based on the use of the C19 

substituent (B’) as the B pharmacophoric point for the oripavines. Efficacy = aX1 + bX2 + 

cX3 + d where X1, X2 and X3 represent the OC of combinations of pharmacophoric points 

used in the models. 
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Model development involved iterative fitting of individual OC values for the 6 possible 

pharmacophore distances and 12 angles (Tables 3-2 and Figure 3-1) against the 

experimental data. Individual OCs with correlation coefficients (r
2
) > 0.8 were then used 

as independent variables in multiple regression analysis that involved all possible 

permutations of two and then three OCs sets, from which the top 10 models were selected 

for each of the ABNS and AB’NS models (Table 3-2). The top ABNS efficacy model had 

R
2
 = 0.96 with a P-value of 10

-5
 and R

2
 above 0.90 and Q

2
 above 0.5 for the 10 models 

(Table 3-3). With the AB’NS model the top model had R
2
 = 0.87 with a P-value of 10

-3
 

and in all cases R
2
 is above 0.77 and Q

2
 is above 0.5 (Table 3-4). In both sets of models 

all four pharmacophore points are well represented, consistent with the essential role of 

the N (though exceptions do exist (see below)
276

 
277, 278

) and A groups while the S group 

is known to play an important role in the activity of opioid ligands
249

. With the ABNS 

model the B point is not included in two of the models while it is present in all cases with 

the AB’NS model.  

While the ABNS model yielded overall better quality fits, the model under predicts the 

efficacy of buprenorphine while that of diprenorphine is over predicted (Figure 3-4a). 

This is due to the B group not being included in two of the top 10 ABNS models, 

suggesting a limitation in the use of the 17/18 carbons of oripavines to define that group. 

In contrast, the AB’NS model better distinguishes the efficacy of the oripavines although 

the overall goodness of fit decreased (Figure 3-4c). This decrease is associated with the 

C19 substituent being unique for the oripavines such that etorphine as the reference 

compound was less representative for non-oripavines. This leads to some B’ related OC 

values, such as AB’, B’N, AB’N, AB’S, ANB’, and ASB’, being zero for non-oripavines 
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with respect to etorphine (Table 3-2). Since each of the 10 AB’NS models has one of 

these terms as an independent variable the goodness of fit decreases. However, this 

degradation was deemed acceptable to predict the efficacies of oripavines and the AB’NS 

models more accurately predicted the efficacies of the external test set compounds than 

the ABNS model (see below).  

 

Figure 3-4. Predicted and experimental relative efficacies of the 12 training set 

compounds and 13 test set by the ABNS (a, b) and AB’NS (c, d) models. Red solid line: 

experimental values, blue dotted line: average of the predicted values from the top 10 

models. The top 10 models are indicated by individual symbols.  

 

 

Receptor models suggested by Casy and Beckett
279, 280

 include an additional binding 

site for the B group and Snyder et al.
281, 282

 postulated the presence of a specific 

interaction site for the C19 substituent or its equivalent which is only accessible by 

agonists. Probability distributions of the AB distances for these three oripavines showed 

significant overlap with the agonist etorphine and partial agonist buprenorphine 



 

113 

 

distributions while that of the antagonist diprenorphine occurred at significantly shorter 

distances (Figure 3-5). 

  

 

Figure 3-5. a) 1D probability distributions of AB’ distance on etorphine, buprenorphine 

and diprenorphine using the alternate definition of the B group, designated B’. b) 

Pharmacophoric point definition for AB’NS models where the B’ group is represented in 

orange. 

 

These observations suggest an important role of the B group in differentiating efficacy 

considering the presence of the cyclopropylmethyl (CPM) moiety on both buprenorphine 

and diprenorphine, a substituent typically associated with antagonists
249

. The importance 
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of the role of the B group is further supported by a previous study showing N-allyl or N-

CPM substituted etorphines to have stronger agonism than morphine
283

, though they 

typically lead to antagonism in 4,5-epoxymorphinans, and that norbuprenorphine is also a 

potent partial agonist with higher efficacy than buprenorphine
284

.  

The models were next challenged against the remaining compounds in Figure 3-2. 

Application of the ABNS model yielded poor agreement for selected compounds 

including ethylketocyclazocine (EKC), fentanyl, methadone, and the peptides (Figure 3-

4b), even when alternate definitions of the B point were considered for fentanyl and 

methadone, for which the B definition is ambiguous (Figures 3-2, 3-5, and 3-6); this 

model was not considered further. In contrast, the AB’NS model yielded satisfactory 

predictions of efficacy for the test compounds (Figure 3-4d, Table 3-5). This was also 

achieved by considering multiple moieties as the S and B groups in methadone and 

fentanyl, a procedure that was essential for successful application of the AB’NS model to 

diverse opioids, as presented below.  

 

Table 3-5. RMSD of the training set with the ABNS and AB’NS models 

  1 2 3 4 5 6 7 8 9 10 avg 

ABNS 0.09 0.12 0.12 0.12 0.12 0.12 0.13 0.14 0.14 0.14 0.08 

AB'NS 0.16 0.16 0.16 0.17 0.17 0.17 0.18 0.18 0.18 0.18 0.14 
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Table 3-6. Predicted efficacies of fentanyl 

and methadone in test set 1 using ABNS 

and AB’NS models. Pharmacophoric 

point definitions are illustrated in Figure 

3-6. 

 

 

 

Figure 3-6. A) Conventional pharmacophore definitions used in ABNS models where 

phenethyl group is S point (N-substituent), the aromatic ring attached to the amide is A, 

and the propionyl group is B. B) Pharmacophore definitions used in AB’NS model where 

phenethyl group is alternative B’ point. C) Third pharmacophore definition where A is 

the phenethyl group and  B is the aromatic ring attached to the amide. In all cases N is the 

piperdine ring nitrogen and if not noted, S is the associated basic nitrogen.  D) Probability 

distribution of the distance between the two aromatic rings and the N descriptor. 

    ABNS AB'NS 

fentanyl definition     

 1 -0.3 1.3 

 2 -0.1 1.2 

  3 0.1 1.4 

methadone 1 0.5 1.1 

 2 0.6 -0.1 
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Table 3-7. Comparison between experimental and average calculated values by the 

ABNS and AB’NS models of the test molecules (Figure 3-2). Numbers in parenthesis are 

differences from experimental values. 
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Individually some of the AB’NS models (models 3, 4, and 5) yielded relatively poor 

agreement (Table 3-6, 3-7), due to B related OC values of some test compounds being 

higher than those in the training set thereby producing higher or lower predicted 

efficacies (Table 3-4). For example, in model 3 the ANB’ OC values of peptidic opioids 

are five times higher than any compounds in the training set yielding high efficacies and 

the BS OC values of etonitazene and methadone are the cause of lower predicted 

efficacies. However, those errors cancelled in the average values yielding overall good 

predictions, including the correct prediction of the peptidic opioids. The most significant 

failure with the AB’NS model occurs with Leu-enkephalin, whose efficacy is 

systematically predicted to be too high (see below).  

Of note is the ability of the AB’NS model to satisfactorily predict the efficacies of the 

benzomorphans, which range from an antagonist (bremazocine) to partial agonists 

(cyclazocine, pentazocine) to an agonist more active than morphine 

(ethylketocyclazocine (EKC)). This class of compounds lacks a C ring while the 

composition and configuration of their C6 and C11 substituents are crucial to their 

efficacy
249

. Given the lack of a C ring, the C6 and C11 substituents were used to define 

the B pharmacophoric points (Figure 3-2). However, it was questioned why cyclazocine 

and pentazocine, which contain CPM or allyl N substituents, are partial agonists while 

those substituents are responsible for antagonism in the 4,5-epoxymorphinans. To 

analyze this, selected probability distributions of cyclazocine were compared with those 

of the agonist morphine and the antagonist naltrexone (Figure 3-7). For the ABN and BS 

distributions, there is significant overlap of the morphine and cyclacozine distributions, 

while for the ANS distribution there is significant overlap with that of naltrexone. Similar 
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overlap with naltrexone is present with the AN, AS, ANS, ASN, and NAS distributions 

(Table 3-3). Thus, with respect to the relative orientation of the A, B and N 

pharmacophoric points, cyclazocine mimics an agonist, while with respect to the relative 

orientations of the A, S and N points it mimics an antagonist. This combination is 

suggested to lead to cyclazocine and pentazocine being partial agonists. 

 

Figure 3-7. Probability distributions of the partial agonist cyclazocine with those of the 

agonist morphine and the antagonist naltrexone for the A) ABN, B) BS and C) ANS 

pharmacophore descriptors.  

 

 

The benzomorphans, EKC and bremazocine, are structurally similar yet have 

significantly different efficacies. While the OCs of both compounds are generally similar 

to those of other antagonists (Table 3-3) significant differences for several angles, 

including BAS, BNS and NBS, allow the AB’NS model to differentiate between the two 

compounds, emphasizing the importance of the spatial relationship of the different 

pharmacophore points in the models. However, it should be emphasized that the ketone 

on the C1 of EKC and hydroxyl on the CPM moiety of bremazocine could directly 

contribute to their differential efficacies. Antagonist bremazocine’s hydroxyl group is 

approximately 2.7 Å  away from the proton on the basic nitrogen possibly affecting the 

interaction of the N with the receptor. Alternatively, the ketone on EKC, as an electron-
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withdrawing group, may enhance the basicity of the nitrogen leading to more favorable 

interaction with the receptor thereby favoring its agonist activity. 

Fentanyl is an agonist for which multiple definitions of the pharmacophoric points are 

possible.  Accordingly, in addition to the pharmacophore point definitions shown in 

Figure 3-2, alternate definitions, such as the phenethyl moiety being the B point, rather 

than the S point, and the N-phenyl ring being the A point were considered (Figure 3-6).  

Interestingly, classical definition of the N-substituent as S did not yield agonism 

activities but defining the phenethyl moiety as either the A or the B point leads to proper 

prediction of fentanyl efficacy. This is illustrated in Figure 3-8a-b showing that both 

orientations of the aromatic rings overlap with the A and B’ regions of etorphine, as 

supported by probability distributions (Figure 3-6) showing that either aromatic ring 

yields significant overlap with the BN distribution of etorphine. This observation agrees 

with previous studies
256, 257

 which proposed that the N-phenethyl group is the A 

pharmacophoric point corresponding to A ring of 4,5-epoxymorphinans. However, the 

ability of the N-phenethyl moiety to also act as the B’ point is particularly interesting as it 

suggests a model that allows compounds with long N substituents to be μ agonists, 

associated with the ligand reorienting in the receptor binding pocket, as will be discussed 

in more detail below. 
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Figure 3-8. Superposition of selected structures with etorphine or naltrindole. Alignment 

of fentanyl with etorphine a) when the phenethyl group is used as the B’ descriptor and b) 

when the phenethyl group is used as the A descriptor. In both cases the N atoms are 

superimposed. Note the overlap of the aromatic moiety attached to the amide N in 

fentanyl with the A ring of etorphine in the superpositions. c) Methadone with etorphine 

(blue lines) showing two possible arrangements of ethylketone group and aromatic ring 

with respect to the B’ site. d) Superposition of etonitazene with etorphine (blue lines), 

based on the N, A and B points. e) Superposition of β-funaltrexamine with naltrindole 

(blue lines) based on the N, A and B points. f) Superimposition of DAMGO with 

etorphine shown in two orientations of the same overlaid structures. g) Conventional 

alignment of N-phenethylnormorphine (red) with etorpine (blue) and h) suggested 

alignment of N-phenethylnormorphine with etorpine following rotation of N-

phenethylnormorphine around the AN axis, and i) the superimposition of herkinorin on 

etorphine.  
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Figure  3-9. Pharmacophoric point definitions for methadone showing the A (green), B 

(red), N (blue), and S (pink) groups. 

 

Both methadone and etonitazene are agonists with unique structures that include a basic 

nitrogen.  Methadone is representative of the diphenylpropylamines, while etontazene is 

the full agonist benzimidazole derivative; both compounds are properly predicted to be 

agonists. For methadone, one phenyl ring represented the A point while the ethyl ketone 

moiety was the B point (note that both rings were considered as the A or B groups, Figure 

3-9). This assignment is consistent with experiments showing methadone to lose potency 

upon removal of one phenyl ring and an important role of ethyl ketone or ethyl alcohol 

groups for efficacy and/or potency
249

. Secondly, dimethyl or diethyl S substituents on the 

basic N lead to optimal analgesics but longer substitutions retain weak agonism in 

contrast to the 4,5-epoxymorphinans where such S groups lead to antagonism. For 

etonitazene, the nitro-containing benzylimidazole ring and ethoxy group acted as the A 

and B points, respectively, consistent with experimental studies showing them to be 

important for efficacy.
249

 Superposition of selected conformations of methadone and 

etonitazene with etorphine based on these definitions (Figure 3-8c and d) reveals the 
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extent of overlap of the A and B moieties, emphasizing that these highly flexible 

molecules participate in the same ligand-receptor interaction mode as 4,5-

epoxymorphinans.  

The only irreversible antagonist in this study, β-funaltrexamine, has a hydrophobic 

group branched at C6. It has similar OC values to the oxymorphindoles including high 

spatial overlap with their B group distributions (Table 3-3). Therefore, β-funaltrexamine 

is predicted to interact in a similar way as naltrindole and naltriben (Figure 3-8e). 

Interestingly, such an interaction mode may orient the ester group of β-funaltrexamine 

such that it may form a covalent bond with a Lys in the 5
th
 transmembrane domain (TM) 

of the μ opioid receptor
285

 based on models of the receptor that assume Asp147 in the 3
rd

 

TM is involved in an ionic interaction with the basic nitrogen of the opioids
286

.  

The remaining compounds in the test set are the peptidic opioids (Figure 3-2). In these 

compounds the N-terminal nitrogen and tyrosine sidechain are thought to mimic the N 

and A ring in morphine, respectively
249

, and the phenylalanine ring has been 

hypothesized to assume a conformation similar to the C19 substituents of oripavines and 

take part in hydrophobic interactions with the receptors
282, 287

. Based on these definitions, 

with the N hydrogens as the S group, the AB’NS model correctly predicted the efficacies 

of the peptidic opioids, with the exception of the low efficacy of Leu-Enkephalin, 

indicating the peptidic opioids to share the same pharmacophoric features as the non-

peptidic opioids. This is shown in Figure 4f where one conformation of DAMGO from 

the CSP simulations is superimposed on etorphine. CSP modeling made it possible to 

identify biologically active conformations of peptides consistent with those of the non-

peptidic opioids, further validating the AB’NS model as a consensus pharmacophore.  
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Given that Leu-Enkephalin contains two consecutive glycines and lacks D-amino acids, 

a different binding mode was suspected and alternate pharmacophoric point definitions 

were tried. These included the sidechains of Tyr
1
, Phe

4
, and Leu

5
 as each the A and B 

points. For all these possibilities Leu-Enkephalin was predicted to be a partial agonist in 

the AB’NS model. Thus, despite the model correctly predicting the agonist activity of the 

remainder of the peptides, the efficacy of Leu-Enkephalin is over predicted.   

The AB’NS model was further challenged by considering 4,5-epoxymorphinans that 

include N-phenethyl, C14-O-phenylpropyl, and C7β-phenylbutyl substituents (Figure 3-

10). 4,5-epoxymorphinans with C-7β alkyl or arylalkyl groups
288, 289

 or C14 lipophilic 

chains
290, 291

 are highly potent agonists and there have been longstanding presumptions 

that their increased potency is due to a mechanism similar to that occurring in the C19 

substituted oripavines, motivated by the C7β and C14 substituents being spatially similar 

to C19 substituents. When the efficacies of these compounds are predicted by the AB’NS 

they are in generally good qualitative agreement with reported potencies from a number 

of studies (Tables 3-8 and 3-9).  
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Figure 3-10. Test set 2 compounds and their pharmacophoric point definitions for the A) 

ABNS and B) AB’NS models. Compounds in c) show both definitions B (red) and B’ 

(orange) used for ABNS and AB’NS models respectively. D) Pharmacophoric point 

definition for herkinorin was used only in AB’NS models. 
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Quantitative comparison was impossible between μ-opioid receptor specific cell-line 

efficacies and potencies from in vivo mouse assays since animal experimental results are 

influenced by many factors such as pharmacokinetics, affinity, and the presence of other 

types of opioid receptors. Of these compounds N-cyclohexylethyloxymorphindole, 

phenazocine and N-phenethylnormorphine are of particular interest. To be correctly 

predicted it was necessary to assign the B point to be the N-substituent, which is typically 

the S point (Figure 3-10). Indeed, when etorphine and N-phenethylnormorphine are 

aligned in the conventional fashion (Figure 3-8g) their putative B substituents occupy 

significantly different regions of space. However, if N-phenethylnormorphine is simply 

rotated around the AN axis the putative B moiety shows significant overlap (Figure 3-

8h). This is analogous to the rotation applied to fentanyl and a similar effect is seen with 

N-cyclohexylethyloxymorphindole and phenazocine (not shown). This suggests that N-

phenethylnormorphine and related analogs do NOT bind in the conventional orientation 

to the μ-opioid receptor, but rather reorient such that the N-phenethyl moiety occupies the 

B moiety binding site.  
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Table 3-8. Prediction of test set 2 compounds 

 

compound relative % stimulation prediction 

  ABNS AB’NS 

1 N-cyclohexylethyloxymorphindole 0.5292, 293 0.0 1.8 

2 N-phenethylnormorphine more potent than morphine294-296 0.6 1.9 

3 N-methyl-C14-O-phenylpropyl substituent 1.0a) 290, 291, 293 1.1 0.4 

4 N-CPM-C14-O-phenylpropyl substituent more potent than morphine290, 291, 293 0.1 1.0 

5 metazocine 0.7295 1.0 0.8 

6 phenazocine 0.8297 0.5 2.1 

7 N-CPM-C7-β-phenylbutyl substituent as potent as morphine288, 289 0.0 0.4 

 

a) Compound 3 lacks methyl group at C5 compared to the one in experiment but it is 

reported that C5 methyl group shows no significant effect on activities
290

.  

* Relative % stimulation is based on DAMGO’s efficacy 1.00 (100%) in [
35

S]GTPγS 

binding assay 

 



 

127 

 

Table 3-9. Antinociceptive potencies (ED50 in mg/kg) in mouse 
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* Experimental values from different publications are indicted by slash separator. Units in original papers 

were converted to mg/kg. 

* Values in parenthesis are those found from other literatures. . 

* Relative % stimulation is based on DAMGO’s efficacy 1.00 (100%) 

a. reference 295, b. reference 298, c. reference 299 d. reference 292, e. reference 287, f. reference 300, g. reference 
294, h. reference 301, i. reference 302 

 

The benzomorphans, phenazocine and metazocine (Figure 3-10, Table 3-8), which are 

both indicated to be agonists, are an interesting example of the importance of the 

alternate binding modes as defined by the rotation about the N-A vector leading to the 

traditional N substituent occupying the B site. With phenazocine, the phenethyl N 

substituent is also predicted to interact with the B site on the receptor, allowing the 

AB’NS model to predict it to be an agonist. In contrast, metazocine, with a methyl N 

substituent, is predicted to interact in the traditional orientation as occurs with the potent 

4,5-epoxymorphinans. Accordingly, the AB’NS model predicts metazocine to have 

higher efficacy than cyclazocine or pentazocine.  

Recently, herkinorin
277

, an analog of the non-nitrogeneous κ-opioid selective agonist, 

Salvinorin A
276, 303

, was discovered and shown to be the first selective full μ agonist that 

lacks the basic nitrogen.   There is evidence that herkinorin may have an alternate binding 

site as indicated by its differential cellular signaling
278

 and based on studies on Salvinorin 

A showing it to have unique binding epitopes on the κ opioid receptor
304

 and have 

allosteric effects on the μ opioid receptor
303

. However, the differential cellular signaling 

of herkinorin is lost following subtle structural modifications
278

 and even morphine, 

etorphine, fentanyl, and DAMGO display differential responses at the cellular level
305

. 

Therefore we assumed that herkinorin binds to the same site as the other ligands. Based 

on this assumption herkinorin was selected as a rigorous test of the developed CSP 



 

129 

 

model. Obviously, direct electrostatic interactions between herkinorin and an acidic 

opioids is absent. However, the compound contains a number of hydrogen bond acceptors 

groups (Figure 3-9) that led us to hypothesize that water or Na
+
 is acting to mediate the 

interaction with the receptor acidic group. This is consistent with X-ray crystal structures 

of GPCRs (for example, rhodopsins (PDB ID: 1U19) and A2A adenosine receptor (PDB 

ID: 3EML)), in which ordered waters
306, 307

 are located in the vicinity of Asp147 or its 

equivalent residue as well as the importance of sodium ions in the interaction between 

opioid receptor and ligands
308, 309

. With the assumption that a water or ion bridge is 

formed between Asp147 and the ester oxygens of herkinorin, an explicit water was 

placed near one of either the carbonyl or ether oxygens and the complexes subjected to 

replica exchange simulations with the water restrained to be in the vicinity of the 

respective ester oxygens; CSP analysis was then performed with the N pharmocophore 

point modeled as the water oxygen; the remaining pharmacophore points are shown in 

Figure S5. Based on those definitions herkinorin is predicted to be an agonist with an 

efficacy of 84 % when the bridging water is interacting with the carbonyl oxygen and 92 

% with the ether oxygen, in excellent agreement with the experimental % stimulation in 

human μ-opioid receptor CHO cells of 112%
310

. This success further supports the 

consensus quality of the model. Figure 3-8i shows one of the conformations of herkinorin 

aligned with etorphine. The overlap of the A and B pharmacophore points is evident 

while the ester moiety is in the vicinity of the nitrogen of etorphine. 
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Figure 3-11. Hypothetical binding states of μ opioid receptor ligands. 

 

 

Consensus Ligand-opioid receptor efficacy model 

Based on the presented AB’NS CSP model in combination with the large body of 

experimental μ-opioid SAR data, we propose the following consensus pharmacophore for 

the efficacy of opioids targeting the μ receptor (Figure 3-11). Traditional agonists (e.g. 

morphine) lacking or having short N substituents have NH
+
-receptor Asp interactions that 

lead to the receptor assuming an active conformation and do not interact with the B 

binding site (Figure 3-11a). In agonists with large B substituents, such as etorphine, 

interactions occur with both the N and B sites to maximize efficacy over that of morphine 

(Figure 3-11b). In contrast, traditional antagonists cannot interact with the essential Asp 

as required for the receptor to assume a conformation required for agonism due to their 

bulky N-substituents and they also cannot interact with the B site (Figure 3-11c). Partial 
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agonists, such as buprenorphine, have a favorable interaction with the B site, which 

partially overcomes the negative impact of bulky N substituents, leading to partial 

efficacy (Figure 3-11d). In this model, the shorter C19 substituent of the antagonist 

diprenorphine disallows interactions with the B site, thereby not being able to overcome 

the presence of the CPM N substituent. Thus, interactions with the B site modulate the 

extent of agonism associated with N-receptor Asp interactions. This can lead to enhanced 

efficacy when the basic N is not blocked, as with etorphine, or to partial agonism where 

interactions with the B site partially overcome the presence of large N substituents, 

yielding partial agonists, as with buprenorphine. 

Importantly, the proposed model may be applied to non-traditional non-peptidic 

opioids. For agonists with long N substituents, such as N-phenethylnormorphine, the 

molecule can orient in the binding pocket such that the large N substituent (traditional S 

pharmacophoric point) interacts with the B site (Figure 3-11e). In this alternate binding 

orientation, the traditional AS distance mimics the AB distance leading to the receptor 

assuming an active state. It is suggested that this alternate binding orientation only occurs 

with molecules whose N-substituent is longer than N-CPM (Figure 3-12). 

Benzomorphans are unique due to the lack of a C ring and the presence of a N-CPM 

substituent while being partial agonists. If they are assumed to bind as other antagonists 

that contain an N-CPM substituent, as in Figure 3-11c, their partial agonism cannot be 

explained. However, if their binding orientation is similar to that in Figure 3-11e and 

shifted such that they move further toward the position of dihydrofuran and C ring of 4,5-

epoxymorphinans (Figure 3-13), then the basic nitrogen is more accessible to Asp 

residues (Figure 3-11f) leading to partial agonism. 
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Figure 3-12. Distance distribution between the aromatic A ring and N-CPM of the 

antagonist naltrexone showing it to be similar to that between the A ring and C19-methyl 

substituent of the antagonist diprenorphin. In contrast the A to C19 substituent distance 

distributions in etorphine and buprenophine are significantly longer, allowing for 

interactions with the B site.  A similar distribution occurs with fentanyl. Distances are 

from the centroid of aromatic ring to the indicated groups. 

 

 

Figure 3-13. Reorientation of cyclazocine. Cyclazocine’s structures are represented in 

dashed lines and overlaid on naltrexone. In b), structure a) is rotated around the axis 

connecting nitrogen and aromatic ring while c) shows cyclazocine in b) shifted towards 

the dihydrofuran ring of naltrexone illustrating the relative orientation in which 

cyclazocine assumes the binding orientation in Figure 3-11F. 
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The possible interaction of long N substituents in the B binding site was first proposed 

by Snyder and coworkers in 1976.
282

 Their model involved two conformational states of 

the receptor, with only one being accessible to agonists. The presence of C19 substituents 

of the oripavines or long N substituents was suggested to favor the active state, due to 

these moieties interacting at the “F” site, which corresponds to our B site. For the long N 

substituents to interact with the F site, it was proposed that they assume an axial 

configuration, although this configuration is now known to not be populated based on 

crystallographic and NMR studies of a number of non-peptidic opioids
311, 312

. It should be 

noted that Snyder et al. thought that every N substituent interacted with the F/B site, with 

the exception of the N-CPM moiety in the case of antagonists due to the presence of a 

hydroxyl at the C14 position. The present model clarifies that of Synder in that the 

interactions of the long N substituents with the F/B site can occur due to reorientation of 

the ligands in the receptor-binding pocket. Thus, while details of their model were not 

correct, Synder and coworkers correctly predicted the presence of an F/B site on the 

receptor that modulates its efficacy. 

 

Conclusions 

In the present study the subtle relationship of N substituents and of the C19 substituents 

of the oripavines to efficacy were explored. Relationships between the composition and 

conformation of N substituents and biological activity are intriguing SAR. Antagonist 

properties tend to be associated with allyl, dimethylallyl, and CPM substituents, whereas 

shorter N-methyl and longer N-phenethyl substitutions afford agonist properties. To date 

it has not been understood why the change from methyl to CPM abolishes agonist effects 
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while the change from CPM to phenethyl recovers the agonist activity. Previous studies, 

including those based on homology models of the receptor
286, 313-317

 approached this 

problem simply by presuming different binding sites for each ligands and there is no 

published SAR model including the effect of N substituents. However, the CSP model 

developed in this work presents a hypothesis to explain these observations. The receptor-

binding site, which can accommodate ligands of up to 10 amino acids residues, allows 

different ligands to bind in different orientations, such that the extended N substituents 

are interacting with the B site in the receptor, the site where C19 substituents usually 

interact. This allows compounds with long N substituents such as fentanyl, 

cyclohexylethyl-oxymorphindole, phenethylnormorphine and phenazocine to act as 

agonists. While more detailed structural studies, including experimental elucidation of the 

3D structure of the μ-opioid receptor in the presence of ligands, are required to verify this 

hypothesis the present results based on the ligand-based CSP approach, that includes all 

accessible ligand conformations in model development while not requiring ligand 

alignment, presents an intriguing solution to an issue that has confounded the opioid 

community for over 30 years. 
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Chapter 4. Combined Conformationally Sampled Pharmacophore (CSP) 

models for the efficacy prediction of μ and δ opioid receptor ligands.
4
 

 

Introduction 

Opioids have varying degrees of specificity to receptor subtypes, μ, δ, and κ. 

While development of subtype-specific ligands is important to bring intended efficacy 

and to study properties of individual subtypes, it is also beneficial to have dual-acting 

ligands in opioid analgesics
318

. One of the cases is that ligands with mixed μ agonist/ δ 

antagonist profile maintains potent analgesic effects as a result of μ agonism and shows 

reduced side effects such as tolerance, possibly by the impact of δ antagonism.  

Previously in our laboratory a quantitative pharmacophore model was developed 

for δ opioid receptor (δOR) ligands
118, 119

. Then, as discussed in Chapter 3, μOR ligands 

were studied to establish quantitative efficacy prediction models
319

. The structure-activity 

relationships found in the individual models now can be used to evaluate the mixed 

efficacies of ligands. The two models were applied to predict mixed µ agonist/δ 

antagonist effects for a series of ligands studied in the laboratory of Dr. Andrew Coop 

after the δOR ligand models were updated to be consistent with the latest μOR model. 

Among the compounds tested, UMB 425 was evaluated experimentally by Healy et al. 

and showed to be a promising lead towards mixed µ agonist/δ antagonist. The models 

                                                

4
 Part of this work was included in Healy, J.;Bezawada, P.;Shim, J.;Jones, J.;Kane, M.; 

MacKerell Jr., A. D.;Coop, A.;Matsumoto, R., ACS Chemical Neuroscience, 2013, 

dx.doi.org/10.1021/cn4000428 
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predicted %Emax of UMB 425 as 101% in μOR and 1.4% in δOR. Analysis of the 

conformations of UMB 425 generated as part of the CSP protocol showed that the 5’-

hydroxymethyl moiety can spatially overlap with the hydroxyl group linked to the C19 of 

orvinols. Since some orvinols, such as buprenorphine, act as mixed µ agonist/δ 

antagonists, it was hypothesized that UMB 425 may also interact with the receptors in a 

similar way as the orvinols. Unlike common δ antagonists, UMB 425 lacks the classical δ 

antagonist motif on the C-ring and it is anticipated that further SAR studies of the 

analogues of UMB 425 will improve our understanding of this dual-profile ligand as well 

as lead to improved compounds with a mixed µ agonist/δ antagonist profile. 

 

Methods 

Quantitative conformationally sampled pharmacophore (CSP) models developed 

for µ and δ receptor ligands were used for studies herein 
320, 321

, with some modifications 

to the δ receptor model. Updating of the δ receptor model was performed prior to 

predictions of the efficacy of UMB 425 and other ligands. As this study involved 

derivates of 4,5-epoxymorphinans, the training set was limited to small non-peptidic 

opioids: BW373U86 ((±)-4-((α-R*)-α-((2S*,5R*)-4-allyl-2,5-dimethyl-1-piperazinyl)-3-

hydroxybenzyl)-N,N-diethyl-benzamide), etorphine, SIOM (7-

spiroindanyloxymorphone), oxymorphindole, diprenorphine, buprenorphine, naltrexone, 

naltrindole and (E)-BNTX [(E)-benzylidenenaltrexone]. Figure 4-1 shows the chemical 

structures of compounds used as the training set and their experimental efficacies 

measured in earlier reported [
35

S]GTPγS assays 
322

. For updating the δ receptor CSP 
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model, the selected ligands were modeled using the CHARMM22/CMAP 
323-325

 and 

CHARMM General Force Field (CGenFF) 
326

 with Replica Exchange Molecular 

Dynamics (REX-MD) 
327, 328

 for conformational sampling, as previously described 
320, 329

. 

Pharmacophoric descriptors were designated for calculations of distances and angles 

between varying functional groups and are identified as an aromatic ring (A), a basic 

nitrogen (N) and a hydrophobic group (B) (Figure 4-1). BW373U86 was used as the 

reference compound for model development. Statistical models were trained using both 

agonists and antagonists to differentiate overlapping patterns between the two classes of 

compounds as well as develop a model that allows for quantitative estimations of 

efficacy. Changes with respect to the original δ receptor model, include: 1) for 

BW373U86, the center of mass of the two piperazine nitrogen groups was designated the 

N pharmacophoric descriptor, and 2) 1D overlap coefficients with respect to the reference 

compound were used to obtain multiple regression models with two independent 

variables; tests using three independent variables did not lead to significant 

improvements in the models. Test compounds including UMB 425 were modeled in the 

same way as the training set and their structures are shown in Table 4-3. 

 

Figure 4-1. Compounds included in the δ receptor CSP training set. Pharamcophoric 

descriptors are designated in colors where green represents an aromatic ring (A), blue a 

basic nitrogen (N) and red a hydrophobic group (B). 
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Results and Discussions 

The models predict efficacy of a compound using multiple linear regression equations 

established by conformationally sampled pharmacophore (CSP) method
117-119, 163, 197, 319, 

330
.  Details of constructing CSP the models and calculating efficacy of new compounds 

can be found elsewhere
118, 163, 197, 319, 330

.   Briefly, all accessible conformations of each 

ligand were sampled to increase the probability of including biologically active 

conformation in model development. Distances and angles were calculated between 

various functional groups to be considered as pharmacophoric keys, such as the basic 

nitrogen and the aromatic ring. Ensembles of such distances and angles yield probability 

distributions for each ligand. The degree of overlap between the probability distributions 

of different compounds were then calculated and used for multiple regression analysis 
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against published biological activities. Statistical models were trained using both agonists 

and antagonists to differentiate overlapping patterns between the two classes of 

compounds as well as develop a model that allows for quantitative estimations of 

efficacy. In the present study the published μOR CSP model was used without changes, 

while the δOR model was used as updated to include a larger number of non-peptidic 

opioid δ ligands. 

Prediction of the efficacy of test compounds applied the developed CSP models. 

The updated δ CSP model involved multiple individual models based on different 

pharmacophoric descriptors (Figure 4-1); the top five models of the updated δ CSP are 

listed in Table 4-1, each with an R
2
 greater than 0.89. The final CSP model is based on 

averaging the predicted efficacies from these top five models. From the model, overlap of 

the aromatic ring (A) to hydrophobic group (B) distance distributions was identified as 

the most important descriptor. AB distances of compounds showing agonism at δ opioid 

receptors had greater overlap with those of BW373U86 than antagonists; however, 

efficacy was explained not solely by the AB distance, but in combination with the 

relative position of the hydrophobic group with respect to the aromatic ring and basic N. 

Accordingly, overlap coefficients of angles ANB, BAN, and ABN were identified as 

important descriptors by the automated variable selection applied during model 

construction.  
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Table 4-1. Top five δ receptor conformationally sampled pharmacophore models that 

define the final predictive model. Multiple regression equations, efficacy = aX1 + bX2 + 

c. N represents the basic nitrogen, A is the aromatic ring and B is the hydrophobic group, 

as shown in Figure 4-1. X1 and X2 are overlap integrals with respect to the reference 

compound, while a and b are coefficients for variables X1 and X2 and c is the y-intercept 

in the regression equations. R2 is the goodness of fit, p-value the significance of models 

and correlation coefficients between X1 and X2 overlap coefficients. 

No a X1 b X2 c R2 p-value 

correlation 

coefficient 

1 0.465 AB 0.514 BN 0.028 0.962 0.00005 0.815 

2 0.730 AB 0.235 ANB -0.031 0.919 0.00054 0.519 

3 0.760 AB 0.187 BAN -0.026 0.911 0.00071 0.442 

4 0.749 AB 0.182 ABN -0.037 0.893 0.00121 0.603 

5 1.094 BN -0.196 ANB 0.108 0.890 0.00133 0.797 

 

Calculated efficacies for the training set molecules are shown in Table 4-2 

together with experimental values reported previously 
322

. The model predicts 

buprenorphine to be a weak partial agonist at δ receptors due to its resemblance to 

etorphine, particularly with respect to the AB distances. Oxymorphindole and natrindole 

were not differentiated by the model. The only difference between them is the N-

substituent (N-methyl for oxymorphindone and N-cyclopropylmethyl for naltrindole) and 

the present model did not include the N-substituent as a pharmacophoric descriptor 

because the length of the N-substituent is not as critical for the δ receptor as it is for the µ 

receptor. However, the weak partial agonism of oxymorphindole seems to be due to the 

short methyl N-substituent.  

 

  



 

141 

 

Table 4-2. Comparison between experimental and calculated efficacies for the 

compounds in training set. 

  relative %Emax 

Name experimental calculate 

BW373U86 1.00 0.95 

Etorphine 0.36 0.36 

SIOM 0.18 0.13 

Oxymorphindole 0.12 0.04 

Diprenorphine 0.08 0.01 

Buprenorphine 0.00 0.13 

Naltrexone 0.00 0.01 

Naltrindole 0.00 0.04 

(E)BNTX 0.00 0.07 

 

The CSP models for the µ and δ receptor ligands was applied to UMB 425, as 

well as all ligands being developed as part of our ongoing research program. As UMB 

425 was evaluated experimentally the results for that compound are shown first and the 

prediction for the rest of the ligands will be discussed in the next section.  Predicted 

efficacy (%Emax) values for UMB 425 were 101 and 1.4 for the μ and δ receptors, 

respectively. The high efficacy at μ receptors is consistent with the structural similarity of 

UMB 425 with morphine or oxymorphone, while the low efficacy at δ receptors is 

consistent with the C-ring substituents of naltrexone.  

To better understand the contribution of the 5’-hydroxymethyl to efficacy, 

additional analysis was performed on conformations of UMB 425 generated during CSP 

model development. Distances and angle distributions between the basic nitrogen and 

oxygen in the 5’-hydroxymethyl in UMB 425 or the 19-hydroxyl substituent in the 
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orvinols were calculated and compared. Figure 4-2 shows N-O distance and N-C9-O 

angle probability distributions of three orvinols and UMB 425. In Figure 4-2b, two large 

distributions are present that are separated by around 1.5 Å , although a small peak is 

noted in the UMB 425 distribution at 6.5 Å  that overlaps with that of the orvinols. The N-

C9-O angle indicates the relative position of the hydroxyl group with respect to the plane 

of the aromatic A-ring. The hydroxyl group of UMB 425 is slightly above the A-ring 

plane while that of the orvinols is below; however, a small overlap between UMB 425 

and the orvinols is observed (Figure 4-2c). While preliminary, these results indicate that 

UMB 425 can assume conformations in which its hydroxyl moiety participates in 

interactions with the receptors that are similar to those occurring with the orvinols. The 

recent availability of X-ray crystal structures of the µ and δ receptors will allow for future 

evaluation of the present model in the context of 3D interactions between UMB 425, as 

well as other ligands, and the receptors 
331, 332

. 

 

Figure 4-2. (a) Images of UMB 425 and etorphine with the hydroxyl group highlighted in 

red. Probability distributions of the (b) basic N to oxygen and (c) the basic N-C9-oxygen 

angle from the simulations used in CSP model development for etorphine (red line), 

buprenorphine (green dashed line), diprenorphine (blue dashed line) and UMB 425 

(purple dashed line).   
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Predicted % Emax of the other test compounds are shown in Table 4-3 with their structures 

and definition of pharmacophoric keys. The first two compounds (SoRI 20411 analogues) 

were obtained from literature
333

 and compound a has methyl benzene while SoRI 20411 

has Chlorobenzene. The two are known to have mixed μ-agonist/δ-antagonist profiles and 

calculated efficacies by the CSP models were 130% / 30% for compound a and 53% / 35% 

for compound b in μ- and δ-OR, respectively. In compound b, different B 

pharmacophoric key definitions were also tested as shown in orange color in the table and 

the μ efficacy was predicted to be higher as 96%.   
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Table 4-3. Calculated efficacies for the compounds in test set.  1.0 represents full receptor 

activation. 

No structure 

μ δ 

red orange red orange 

a 

 

1.3  0.3  

b 

 

0.53 0.96 0.35 0.40 

1 

 

1.00  0.013  

2 

 

1.09  0.003  

3 

 

n.d.* 1.24 n.d. 0.011 
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Table 4-3 Continued 

4 

 

-0.26 (E) 

1.11 (Z) 

1.9 

0.056(E) 

0.219(Z) 

n.d. 

5 

 

0.29(E) 

0.55(Z) 

1.42 n.d. n.d. 

6 

 

-0.34(E) 

1.56 (Z) 

 

0.057(E) 

0.217(Z) 

 

7 

 

1.03 1.03 0.014 0.035 

8 

 

1.01 0.98 0.014 0.047 
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Table 4-3 Continued 

9 

 

1.03 1.17 0.014 0.066 

10 

 

1.03 1.11 0.013 0.074 

11 

 

1.03 1.04 0.013 0.074 

12 

 

-0.29(E) 

1.81(Z) 

 

0.49(E) 

0.633(Z) 

 

13 

 

-0.51  0.094  

14 

 

0.29  0.045  
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Table 4-3 Continued 

15 

s 

0.92 1.17 0.014 0.032 

16 

 

1.13 0.52  0.034 

*n.d. (not determined): when prediction is evident, calculations were omitted. 

 

Compounds 1, 7-11 are analogues of UMB 425 where hydroxyl group of UMB 425 was 

substitued with different functional moieties. Therefore, all of the compounds show 

similar efficacies to UMB 425 with μ efficacies of 100~103% and δ efficacies of 1.3~1.4% 

when the same pharmacophore definitions were used. Alternative B pharmacophoric key 

moieties with longer and hydrophobic substituents were attempted for those compounds 

(orange color).  They slightly increased calculated values of effacies while maintaining 

dual profile of μ agonist / δ antagonist. It was anticipated that these analogues yield an 

improved  dual profile over UMB 425. Compounds 2 and 15 were predicted to 

have %Emax 109/0 and 92/1.4 for μ- and δ-OR. respectively. In these compounds the 

profile of μ agonist / δ antagonist is due to their short N-substituent and indole moiety 

like classical δ antagonist naltrindole. Changing the definition of the B pharmacophoric 

key in compound 15 did not impact the trends. Similar to compound 15, compound 3 and 
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16 have orvinols-like 6,14-bridge and substituents colored in orange in compound 15 and 

16 may resemble the C19-substituents of orvinols leading to them being predicted as μ 

agonists when those moieties are used as B-pharmacophoric key.  In addition the length 

appears to be appropriate to be a δ antagonist as in buprenorphine and diprenorphine.  

Compounds 13 and 14 were predicted to have low μ-efficacies of less than 30% and δ 

less than 10%. Remaining compounds 4,5,6, and 12 have benzylidene group as in (E)-

BNTX in the training set.  They showed low δ efficacies as expected except for 

compound 12 due to its more bulky B pharmacophoric key.  Interestingly, all of them 

were predicted to be a μ antagonist (%Emax ≤ 0) when the benzylidene group is in the E 

configuration but μ agonists (%Emax > 100) in the Z configuration.  Compounds 4 and 5 

have N-phenethyl and N-phenpropyl groups and current CSP models predict them as μ 

agonists when the N-substituents group is used as B pharmacophoric key. 

 

In conlusion, two CSP models were used to study dual µ agonist/δ antagonist profiles of a 

series of compounds. UMB 425 is a new opioid with mixed µ agonism/δ antagonism and 

showed efficacy comparable to morphine with reduced tolerance. Analysis of 

conformations of UMB 425 suggests that its hydroxyl moiety may assume a 

conformation similar to that in the orvinols. Absence of indole moiety, which appears in 

classical δ antagonists, may be related to the decreased binding affinity of UMB 425. 

However it is expected that future studies of UMB 425 analogues, such as compounds 1, 

7-11 will address the issue of affinity while keeping the non-classical scaffold of δ 

antagonists. In addition, interactions of UMB 425 with 3D structures of opioid receptors 

will aid to furthering our understanding of µ agonist/δ antagonist dual profile SARs. 
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Chapter 5. Molecular details of the activation of the µ opioid receptor.
5
  

 

Abstract  

Molecular details of µ opioid receptor activations were obtained using molecular 

dynamics simulations of the receptor in the presence of 3 agonists, 3 antagonists, a partial 

agonist and on the constitutively active T279K mutant.  Agonists have a higher 

probability of direct interactions of their basic nitrogen (N) with Asp147 as compared to 

antagonists, indicating that direct ligand-Asp147 interactions modulate activation.  

Medium size substituents on the N of antagonists lead to steric interactions that perturb 

N-Asp147 interactions, while additional favorable interactions occur with larger S 

substituents, such as in N-phenethylnormorphine, restoring N-Asp147 interactions, 

leading to agonism.  With the orvinols, the increased size of the C19 substituent in 

buprenorphine over diprenorphine leads increased interactions with residues adjacent to 

Asp147, partially overcoming the presence of the cyclopropyl N substituent, such that 

buprenorphine is a partial agonist. Results also indicate different conformational 

properties of the intracellular regions of the transmembrane helices in agonists versus 

antagonists.  

 

Introduction 

                                                

5
 Shim, J.; Coop, A.; MacKerell Jr., A. D., Molecular details of the activation of the µ 

opioid receptor. J. Phys. Chem. B, 2013 Copyright 2013, dx.doi.org/10.1021/jp404238n 
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Opioids are potent analgesics used for the treatment of moderate or severe pain caused by 

disease, injury, or surgery
334

.  Many semi-synthetic or synthetic opioids were derived 

from the classic opioids first obtained from opium poppies and there are a number of 

peptidic opioids based on the endogenous ligands such as enkephalin. Receptors of 

opioids are seven transmembrane (TM) G-protein coupled receptors (GPCR) in the 

Rhodopsin (class A) family and γ subfamily
335

.  Three main receptor subtypes are μ, δ, 

and κ, which are distributed in the central nervous system and the gastrointestinal tract.  

Over the years a large number of opioids have been developed to improve the therapeutic 

efficiency, such as convenient dosing and reduced side effects
249

.  However, 

improvements, especially with respect to side effects such as tolerance and constipation, 

are still needed, requiring further understanding of the molecular determinants of opioid 

activity
318

 and functional selectivity
336

 to design new analogs with diminished undesired 

effects. 

Efforts towards understanding the relationship of the structure of both peptidic and non-

peptidic opioids to their activity to date have involved ligand-based methods due to the 

lack of experimental 3D structure of the opioid receptors
249

.  These SAR studies led to 

identification of the central role of the basic nitrogen and the development of the 

message/address concept
337

 allowing for qualitative understanding of features on the 

opioids responsible for binding affinity versus specificity for the receptor type.  However, 

those models were typically limited to individual classes of ligands and not generalizable 

across the spectrum of peptidic and nonpeptidic opioids.  More recent efforts have 

overcome this limitation and allowed for quantitative models of efficacy of μ and δ 

opioids to be developed.  These efforts, based on the conformationally sampled 
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pharmacophore (CSP) method
118, 319

, relied on inclusion of all accessible conformations 

of each opioid during model development and the overlap of probability distributions of 

distances and angles between functional groups, thereby avoiding the need to align the 

molecules during model development and allowing for structurally diverse ligands to be 

included in the model.  In addition, the CSP approach allowed for the posteriori 

identification of bound orientations of the studied opioids and predictions of their 

interaction orientations with the receptors
319

.   

Towards better understanding of opioid SAR is the recent elucidation of the 3D structures 

of the μ, δ, and κ  opioid receptors (OR) and the nociceptin/orphanine FQ peptide 

receptor bound to antagonists
338-341

 via X-ray crystallography.  The 3D structural 

information allows for validation of many prior hypotheses on opioid SAR based on 

pharmacological, biochemical, biophysical and computational analyses, such as that 

determined from CSP studies performed in our laboratory. For example, the close spatial 

relationship of the basic nitrogen and Asp 147 is confirmed as is the interaction of His 

297 with the phenolic moiety present in a large number of opioids.  Importantly, the 

receptor structures may now be utilized to investigate how the opioids induce 

conformational changes in the ORs and how those changes lead to agonism or 

antagonism as well as building a structural foundation to understand crosstalk between 

OR subtypes.  While the availability of experimental structures of the opioids represents 

the foundation for SAR development at the receptor level, computational studies offer the 

potential to gain additional insights into ligand-receptor interactions as well as receptor 

conformational properties and dynamical processes associated with receptor activity
342, 

343
.  
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In this study interactions between selected opioid ligands and the µ OR using molecular 

dynamics (MD) simulations are presented.   For the MD simulations the dimeric 

biological assembly suggested by the X-ray crystallography study was used.  The dimer 

involves an extensive protein-protein interface and Portoghese et al. proposed that the 

transmembrane (TM) 5, 6 dimerization interface is the most probable considering their 

bivalent ligands which have μ-specific and δ-specific moieties 
344

. Therefore, MD 

simulations were undertaken on the μOR homodimer in lipid bilayers and explicit water 

in the presence of β-funaltrexamine, naloxone, diprenorphine, morphine, etorphine, 

buprenorphine, N-phenethylnormorphine and DAMGO and on the constitutively active 

mutant, T279K
345

.  For the ligand-receptor complexes the initial conformations of the 

ligands was based on predictions made in our laboratory using the CSP approach, such 

that the present works act as a validation of those predictions. 

 

Methods 

The X-ray crystal structures of the μ OR was obtained from the PDB (ID: 4DKL)
339

. The 

receptor structure includes a covalently attached antagonist, β-funaltrexamine and one 

disulfide bond is present between Cys140 and Cys217 in the first and second 

extracellular loops, respectively. In preparation for the MD simulations, the region of the 

structure corresponding to T4 lysozyme, which was inserted between TM5 and 6 to 

facilitate crystallization, was deleted and substituted with the third intracellular loop 

(ICL3). The missing six residues of ICL3 (Met264-Leu-Ser-Gly-Ser-Lys269) were built 

using the loop module in Modeller9v8
346

. Out of 1000 models, the best ranking model 

based on the Modeller energy function
347

 was selected. No secondary structure for this 
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region was detected from the secondary structure prediction programs PSIPRED
348

 and 

JPRED
349

. The crystal water molecules, Cl
-
 ions, and one cholesterol were maintained 

from the crystal structure.  For the initial 10 ns equilibration simulation (see below) the 

covalently bound β-funaltrexamine ligand was included in the system.   The other ligands 

were modeled into the final structure from the 10 ns simulation following removal of β-

funaltrexamine, as described in the Results and Discussion.  

  Preparation for the initial 10 ns equilibration simulation involved the OR dimer 

being inserted into a rectangular POPC membrane containing ~300 lipids with 10% 

cholesterol using the CHARMM-GUI
350

 with the remainder of the system filled with 0.15 

M NaCl aqueous solution based on the TIP3P water model
217

. The system, which 

contained 118,000 atoms, was minimized for 3000 steps using the steepest descent and 

adopted basis Newton-Raphson algorithms to remove bad contacts.  During 

minimization, positions of protein backbone and all ligands present in the crystal 

structure were harmonically restrained using a force constant of 10 kcal/mol/Å
2
 on the 

non-hydrogen atoms.  The side chains were restrained with a force constant of 5 

kcal/mol/Å
2
. Influx of water molecules into the hydrophobic core of the receptor was 

prevented using a harmonic restraining potential of 2.5 kcal/mol/Å  along x,y planes at 

±11 Å  of the z axis from the center of receptor. The same force was used to keep heads 

and tails of lipids in place and configurations of the lipids, such as cis double bonds, were 

maintained with harmonic dihedral restraints with a force constant of 250 kcal/mol/rad
2
.  

A short equilibration simulation of 375 ps was performed on the prepared μOR using 

CHARMM
174

 with the same restraints used during minimization while gradually 

reducing the restraint forces, as described in Table 5-1.  
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Table 5-1. Harmonic force constants used in the equilibration cycle of molecular 

dynamics simulations. 

 

a, b, f and g are positional force constants (kcal/mol/Å
2
) restraining atoms to their 

original coordinates, c, d and e (kcal/mol/Å
2
) restrain atoms outside a distance or within 

the planes, and h and i are applied to the selected dihedrals (kcal/mol/rad
2
). 

 

Langevin dynamics were performed for the first 50ps using a friction coefficient of 3 ps
-1

. 

The remaining 325 ps of equilibration used constant pressure-temperature (NPT) 

dynamics using the Langevin Piston Integrator
224

. The final coordinates were then used to 

initiate the 10ns equilibration simulation using NAMD
351

 without any restraints.  This 

and other simulations were performed in the NPT ensemble at 303.15 K and 1atm using 

Langevin dynamics
218, 352

 with an integration time step of 2 fs and saving of coordinates 

  cycle1 cycle2 cycle3 cycle4 cycle5 cycle6 

Time (ps) 25 25 25 100 100 100 

Timestep (fs) 1 1 1 2 2 2 

Backbone nonhydrogen atomsa 10.0 5.0 2.5 1.0 0.5 0.1 

Sidechain nonhydrogen atomsb 5.0 2.5 1.0 0.5 0.1 0.0 

Water oxygensc 2.5 2.5 1.0 0.5 0.1 0.0 

Lipid tail nonhydrgen atomsd 2.5 2.5 1.0 0.5 0.1 0.0 

Lipid head nonhydrogen atomse 2.5 2.5 1.0 0.5 0.1 0.0 

Ionf 10.0 0.0 0.0 0.0 0.0 0.0 

Ligandsg 10.0 5.0 2.5 1.0 0.5 0.1 

Lipid cis double bondh 250.0 100.0 50.0 50.0 25.0 0.0 

Lipid chiralityi 250.0 100.0 50.0 50.0 25.0 0.0 

Dynamics integrator Langevin (leapfrog) Constant P/T (leapfrog) 
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every 50 ps. Covalent bonds involving hydrogens were fixed at the equilibrium length by 

the SHAKE algorithm
216

. Periodic boundary conditions were used and the Lennard-Jones 

(LJ) interactions were smoothed from 10 to 12 Å  by a switching function
221

 and non-

bonded pair list was generated out to 14 Å  and updated heuristically. Electrostatic 

interactions were calculated by the particle mesh Ewald summation method
222

 with a real 

space cutoff of 12 Å . The initial equilibration simulation used the C22/CMAP force field 

(FF)
342

 for the protein and C36 for the lipids
353

.   The final coordinates from the 10 ns 

simulation were used to build a hexagonal system of ~ 90,000 atoms with additional 

simulations performed on that system in the presence of different ligands or the T279K 

mutant with the recently published C36 protein FF 
205

. To prepare the hexagonal systems 

the protein, ligand and water molecules with one or more atoms within 20 Å  of Asp147 

were preserved and all remaining atoms deleted.  With the exception of the β-

funaltrexamine system, β-funaltrexamine was deleted, the terminal atoms of the Lys233 

side chain were restored, and the empty binding pocket was filled with additional water 

molecules before the studied ligands placed in the binding site.  The reversible opioid 

agonists morphine, etorphine, N-phenethylnormorphine and DAMGO and the antagonists 

naloxone and diprenorphine, and partial agonist buprenorphine were positioned by taking 

the CSP predicted conformations and overlaying the ligand atoms onto the β-

funaltrexamine based on RMS alignment as described in the Results and Discussion.  

These systems, as well as the T279K mutant where the binding site is without a ligand 

were then placed into a hexagonal lattice that contained a POPC membrane with 10% 

cholesterol with the bilayer faces solvated with 0.15 M NaCl.   In this procedure, all 

water molecules and ions with a non-hydrogen atom within 2.8 Å  of the protein, ligand 
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and the maintained water molecules were deleted. Simulations for etorphine, DAMGO, 

naloxone, β-funaltrexamine, and T279K were continued for 140ns with the last 60ns of 

the trajectories used for analysis. Simulations for morphine, buprenorphine, 

diprenorphine, and N-phenethylnormorphine  involved two MD simulations for each 

system  with the two simulations initiated with different random number seeds for 

velocity assignment and run for 70ns, with the last 30ns of each trajectory combined, 

yielding a total of 60ns sampling for analysis. 

 

Results and Discussion 

MD simulations of the µ OR dimer in the presence of selected agonists, antagonists and a 

partial agonist are presented.  Simulations included explicit representation of the lipid 

bilayer and the surrounding aqueous solvent environment.  Four simulations of activated 

states were performed based on the presence of the constitutively active T279K mutant 

and the reversible agonists morphine, etorphine and DAMGO.  Inactive states of the 

receptor were simulated based on the presence of the covalently bound antagonist β-

funaltrexamine and the reversible antagonists naloxone and diprenorphine. In addition, 

the partial agonist buprenorphine and full agonist N-phenethylnormorphine were studied 

to evaluate the impact of substituents on the basic nitrogen (N) and C19 atom. The 

ligands studied in the present work are shown in Figure 5-1 and details of how they were 

initially modeled in the receptor binding site are presented in the following section.  
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Figure 5-1. Structure of ligands and definition of pharamcophoric keys.  Key A is the 

aromatic ring represented in green, B is the hydrophobic group (red), N is the basic 

nitrogen (blue), and S is the N substituent (pink). On morphine the “S” is a methyl group 

and is indicated by “S” to emphasize the S key. For DAMGO one of the N-terminal 

hydrogens was considered as the S key. 

 

 

 

 Initial analysis of the simulations focused on their stability and convergence based on 

root mean square (RMS) differences.  RMS fluctuations were then analyzed to determine 

if the simulations reproduced the overall dynamic characteristics of the OR.  Subsequent 

analysis focused on interactions between the ligands and the binding site to determine 

how those interactions may contribute to receptor activation.  The final section presents 
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data on larger scale conformational changes occurring in the receptor that may be 

representative of the active and inactive states. 

 

Ligand binding regions and ligand placement based on µ OR CSP model. 

Previously published CSP model development for the µ OR ligands involved the 

determination of the extent of overlap of the probability distributions of pharmacophoric 

keys between training set ligands and correlating that with ligand activity.   The 

pharmacophoric keys included the A, B, N, and S functional groups as shown in Figure 

5-1.  This effort yielded a consensus model relating interactions of the pharmacophoric 

keys with corresponding regions on the receptor-binding site to agonism or antagonism 

(Figure 5-2).   

One aspect of the model addressed the puzzling opioid SAR in which short N-

substituents (-CH3) elicit agonism, medium length substitutents (-CH2CH=CH2 or 

cyclopropylmethyl) show antagonism, and longer substitutents (-CH2CH2-Phenyl 

(phenethyl)) restore agonism.   Medium length N substituents in antagonists potentially 

impact the electrostatic interaction between Asp147 and the basic N as diagrammatically 

shown in Figure 5-2A and 5-2C. Agonism of the longer N substituents was explained by 

re-orientation of the ligand such that the N-phenethyl group mimicked the C19 

substituent of etorphine (Figures 5-2B and 5-2E) while keeping the position of the basic 

nitrogen and phenyl ring close to the orientation of other ligands.  Another observation 

that was addressed was that C19 substituents in orvinols modulate the extent of agonism 

and mitigate the impact of medium length N-substituent in antagonists thereby bringing 

partial agonism to some orvinols such as buprenorphine (5-2D).   While these 
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observations were obtained from a ligand-based model the availability of the OR 

structures allows the CSP model to be interpreted in the context of specific ligand-

receptor interactions. 

 

Figure 5-2. Hypothetical binding regions of μOR ligands (adapted from Shim et al.) A 

through E schematically show how the basic N and other substituents of the various 

ligands interact with the receptor to bring agonism or antagonism and F) is the 3D spatial 

arrangement of β-funaltrexamine along with representative residues composing the 

hypothesized a (green, Ile296, His297 and Val300), b (orange, Gln124, Tyr128 and 

Ile144), n (blue, Asp147) and s (purple, Trp293 and Tyr326) regions.  Note that binding 

regions in the receptor are identified by lower-case letters a, b, n, and s corresponding to 

the pharmacophoric keys with which they are interacting (A, B, N, and S) in the ligands. 

As detailed view of F, in G through J shows all residues composing the a, b, n, and s 

regions in the X-ray crystal structure, respectively. Side chain non-hydrogen atoms of 

residues within 5 Å of the pharmacophoric keys of ligand β-funaltrexamine are shown. K 

is the mapping of key residues on the topology of the receptor. 
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Creation of the corresponding 3D structure-based ligand OR models involves taking the 

A, B, N and S pharmacophore keys from the CSP model and hypothesizing that they 

interact with binding regions, a, b, n, and s on the 3D crystal structure (Figure 5-2F). A 

full list of residues whose side chains interact with the A, B, N, and S pharmacophoric 

keys and their overall locations on the topology of TM helices are described in Figure 5-

2G through 5-2K.  Selection of the residues was based on their location in the crystal 

structure relative to the pharmacophoric keys of β-funaltrexamine and on the 

identification of additional residues from analysis of the simulations.  We note that 

certain residues may, in practice, contribute to more than one region and such 

possibilities are discussed below.  For example, Met151 is assigned to the a region, but 

interacts with atoms from pharmacophoric keys; A, N, and S.  The proposed b binding 

region is largely empty in the crystal structure due to the lack of a functional group on β-

funaltrexamine that corresponds to the C19 substitutent of the orvinols (e.g. B key in 

etorphine, Figure 5-1). This region is located near the top of the receptor and residues 

within 8.5 Å of β-funaltrexamine around the b region include Gln124, Tyr128, and 

Ile144; Trp318 was observed to interact with the B key of other ligands and was included 

as part of the b region.  In general, as shown in Figure 5-2K, residues interacting with the 

ligands are clustered around TM regions where the helices are bent indicating the 

potential influence of ligand binding on the receptor conformation.  

While the CSP method does not require a priori conformations of the ligands during 

model development, once the model is completed conformations of the ligands may be 

extracted based on common aspects of the pharmacophoric keys that are being sampled 

by all agonists or antagonists.  These conformations were obtained from our previous 
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study and were used here during initial ligand replacement.  β-funaltrexamine was one of 

the molecules in the test set during µ OR CSP model development and was predicted to 

be an antagonist, consistent with its known biological activity. Superposition of the 

ligands onto β-funaltrexamine in their CSP conformations therefore allows for placement 

of the ligands in the binding.  Etrophine, DAMGO and N-phenethylnormorphine overlaid 

with β-funaltrexamine from this procedure are shown in Figure 5-3.   

 

Figure 5-3. Superposition of A) etorphine and (B) N-phenethylnormorphin1 with β-

funaltrexamine (blue) and of etorphine (pink) with C) DAMGO, and (D) N-

phenethylnormorphine2. C and D were adapted from Shim et al. 

 

 

Superpositioning of the non-peptidic reversible ligands, morphine, etorphine, 

buprenorphine, diprenorphine and naloxone to β-funaltrexamine was straightforward due 

to the common 4,5-epoxymorphinan scaffold, including the phenol ring and basic 

nitrogen. Placement of DAMGO was based on the orientation of etorphine following 

overlaying of etorphine on β-funaltrexamine.  The Tyr residue of DAMGO matches the 
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phenol ring of etorphine, the N-terminal amino group with the basic nitrogen, and the Phe 

residue with the C19 substituent. For N-phenethylnormorphine, two orientations of the 

ligand were simulated. The first superposition is based on the 4,5-epoxymorphinan 

scaffold as done with the other non-peptidic opioids (Figure S2B), with the second 

orientation based on the CSP model (Figure 5-3D).  In orientation 2 the traditional S key 

is treated as the B key (Figure 5-1).  These initial orientations were used to initiate the 

subsequent MD simulations.  

 

Structural characterization of the receptor MD simulations 

RMS differences (RMSD) of all backbone non-hydrogen atoms were calculated as a 

function of simulation time with respect to the X-ray crystal structure.  Differences were 

evaluated for the entire dimer, the TM helices, and for the individual monomers (Figures 

5-4 and 5-5). The overall RMSD of the full OR backbone non-hydrogen atoms and TM 

regions non-hydrogen atoms of the backbone showed an initial fast relaxation on the 5-10 

ns time scale in all cases, with additional gradual relaxation that varied in the individual 

systems.  All systems were assumed to be adequately relaxed following the initial 80 ns 

with the final 60 ns used for analysis. For those systems that were subjected to two 

simulations, the last 30ns from each simulation, following 40 ns of equilibration, were 

taken for analysis yielding 60ns of sampling. The extended relaxation periods allowed for 

more global shifts in the proteins to occur that may be associated with conformational 

changes from the assumed initial inactive form to an active conformation in the case of 

the agonists.   
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The magnitude of the RMSD of the TM regions of the dimers were 2 Å  or less, indicating 

the overall simulation systems to be stable.  Analysis of the RMSD of the individual 

monomers (Figure 5-5) reveals the TM regions to be well reproduced in the simulations 

with values all less than 2 Å .  This also indicates that the structural changes in the dimers 

largely involve relative shifts of the individual monomers with respect to each other.  

Structural changes of the loops alone in the monomers were significantly larger than 

those of the TM regions with the RMSD increasing towards the end of the simulations.   

These analyses indicate that a satisfactory level of structural convergence of the TM 

regions has occurred on the time scale of the present simulations while additional 

sampling of the loop regions is clearly warranted.  Accordingly, analysis in the present 

study focused on TM regions of the OR, which includes the opioid binding pocket.  

However, it should be noted that additional relaxation and conformational changes of the 

TM regions of receptors may occur in more extended simulations; future studies will 

address this possibility. 
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Figure 5-4. Backbone RMS differences (RMSD) from the X-ray crystal structure. Red 

dots are RMSD of the entire dimer following least squares alignment of the all non-

hydrogen backbone atoms.and green dots are RMSD of the transmembrane helices 

following least squares alignment of the TM region non-hydrogen backbone atoms. 
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Figure 5-5. RMS Differences of TM and loop regions of each monomer following least 

squares alignment of TM regions non-hydrogen backbone atoms to the respective 

monomers of the X-ray crystal structure. Red and blue dots are RMSD of TM for 

monomer A and B, respectively, and green and purple dots are RMSD of loop regions for 

monomer A and B, respectively. 
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Analysis of the RMS fluctuations (RMSF) as a function of residue from the simulations is 

presented in Figure 5-6 and 5-7 for all the studied systems.  The figure includes RMSF 

based on the published isotropic B factors obtained from the crystallographic analysis. 

The B factors were averaged over non-hydrogen atoms of each residue and converted to 

RMSF using the equation (RMSF)
2
=3B/8π

2 354, 355
. As expected the TM regions had 

relatively low flexibility while the intracellular and extracellular loops showed larger 

fluctuations in the both agonist and antagonist-bound receptors.  No trends were obtained 

differentiating the fluctuations of the agonists and antagonists. Concerning the magnitude 

of the fluctuations, in the loop regions the degree of fluctuations in the MD simulations is 

higher than the crystal structures consistent with the simulations being carried out in 

solution and at room temperature while the temperature of the crystal was 78K. The 

RMSF of the TM regions are generally lower in the simulations.  This is likely due to 

additional phenomena, such as lattice disorder and additional conformations of the TM 

helices not sampled in the simulations may contribute.  Overall, the simulations are 

yielding flexibilities that are consistent with the experimental data.   
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Figure 5-6. RMS Fluctuations (RMSF) of individual residues in the mu OR bound to β-

funaltrexamine, morphine, etorphine, naloxone, and DAMGO and in T279K mutant.  

RMSFs calculated following alignment of the non-hydrogen TM regions of each 

monomer A and B to the X-ray crystal structure. Black dots are RMSF converted from 

the crystallographic B-factors. 
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Figure 5-7.  RMS Fluctuations (RMSF) of individual residues in ORs bound to 

buprenorphine, diprenorphine, and N-phenethylnormorphine in two different binding 

orientations for the latter. Note that color representation for each ORs is different from 

those used in other figures due to use of two simulations for these systems. 
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Figure 5-8. Shifts in ligand orientations in the binding pocket based on RMS differences 

of ligand non-hydrogen atoms with respect to the initially modeled orientations of the 

ligands.  Monomer A is shown in red while monomer B is shown in green. RMS 

differences calculated following least squares alignment of the non-hydrogen backbone 

atoms. 
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Figure 5-9.  Changes in conformations of the ligands based on probability distribution of 

RMS differences of ligands non-hydrogen atoms with respect to the initially modeled 

orientations of the ligands from the present MD simulations of the ligand-OR complexes 

and from simulations without the receptor from the previously published CSP study 
319

. 
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Figure 5-10. Changes in conformations and orientations of  (A) morphine, (B) etorphine, 

(C) buprenorphine, (D) diprenorphine, (E) naloxone, (F) DAMGO, (G) β-funaltrexamine, 

and (H, I) N-phenethylnormorphine in two different binding orientations for the latter.  

Initial modeled orientations are in atom-colored licorice and the final orientations from 

the simulations are in atom-colored CPK  following least squares alignment of the non-

hydrogen backbone atoms to the crystal structure.   Each panel includes orientations from 

both monomer A and B. For morphine, buprenorphine, diprenorphine and N-

phenethylnormophine which used two simulations, 4 orientations are shown.  Note that 

alignment of the ligands was not performed. 
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Conformations and orientations of the ligands 

Analysis of the ligands focused on both the orientation of the ligands in the binding 

pocket by calculating the RMS differences of the ligands following alignment of the non-

hydrogen backbone atoms of the OR dimer (Figure 5-8) and on the conformation of the 

ligands based on RMS differences following alignment of the ligands to themselves 

(Figure 5-9).  With respect to their orientation in the binding site, for all the ligands, at 

least one of the two ligands in the dimer maintained an orientation within approximately 

2 Å  of the initial model (Figure 5-8).  To understand how the conformations of the 

ligands were maintained, probability distributions of the RMSDs of the ligands following 

alignment to themselves was analyzed (Figure 5-9) for both the present simulations and 

simulations in the absence of the receptor from our previous CSP study, with the later 

included to gauge the magnitude of the self-aligned RMSD values.  With naloxone in 

monomer A and B, β-funaltrexamine in monomer B, and DAMGO in monomer B the 

RMSD values in the OR simulations are significantly lower than the values obtained in 

simulations without receptor, indicating that ligand conformations stay close to CSP 

predicted conformation.  Etorphine also shows small RMSD values of 0.8 Å  or less, 

though these are on the same magnitude as those occurring in the simulation without 

receptor.  Similar results are obtained with β-funaltrexamine in monomer A and 

buprenorphine. Diprenorphine and N-phenethylnormorphine2 show RMSD values that 

approach the largest RMSD values obtained in the absence of the receptor, indicating 

relatively large conformational changes.  The change of the orientation of DAMGO in 

monomer A was associated with a significant change in its conformation, with the images 

of the conformations shown in Figure 5-10F.  With naloxone, the conformations of both 
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ligands are well maintained though the orientation of the ligand in monomer A changed 

significantly associated with a shift and rotation of the ligand (Figure 5-10E). Orientation 

of diprenorphine changed slightly in one of the monomers but maintained its 

conformations and key interactions with the receptor (Figure 5-10D). Overall, these 

results indicate that the modeling approach using conformations based on the CSP 

approach yielded conformations and orientations that were stable in a number of cases, 

though deviations from the initial orientations are present in selected cases suggesting an 

inherent flexibility of the ligands in the binding pocket or potential limitations in the 

initial modeling of the ligands.  Due to the altered binding orientations of DAMGO and 

naloxone the monomer A simulations were not used for subsequent analysis, including of 

the receptor conformational properties. However the binding orientations of 

diprenorphine were deemed acceptable because it maintained key interactions with 

receptors and, thus, used for analysis. For the other ligands, both monomers were 

included in the analyses presented below.  

 

Validation of the CSP-based ligand-receptor hypothesized 3D model 

 While analyses in the preceding section indicates that the initial orientations and 

conformations of the ligands from our µ OR CSP study 
319

 were maintained in the 

majority of cases, further validation of the orientations based on the hypothesized 

interactions with residues in the different binding regions (Figure 5-2) was undertaken.   

Analysis involved the probabilities of interactions of non-hydrogen atoms of the ligands 

defining the A, B, N and S keys with the residues defining the respective receptor binding 

regions (i.e. a, b, n and s).  Probabilities, normalized to 1, were based on one or more side 
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chain non-hydrogen atoms of the selected residues being within 5 Å  of the non-hydrogen 

atoms in the corresponding A, B, N and S keys of the ligands.  In the following figures 

the occupancies of the agonists morphine, etorphine, and DAMGO were combined (red 

line) as where those of the antagonists (blue line). Results for the partial agonist 

buprenorphine are also shown (pink line). The occupancies of individual ligands with the 

binding region residues are presented in Figure 5-11 and results for the two 

conformations of N-phenethylnormorphine will be discussed separately. 

The basic nitrogen was considered to be absolutely essential for opioid activity until the 

discovery of the non-nitrogenous opioid, Herkinorin
277

; however, the role of the group is 

still a key feature in the majority of opioids.  The most important interaction of the basic 

N key involves an ionic interaction with Asp147, an interaction long predicted based on 

mutation studies
356, 357

 and subsequently confirmed in the OR crystal structures.  In the 

MD simulations of agonists this interaction is present in all cases with occupancies of 1 

and partial agonist buprenorphine showed an occupancy of 0.95 (Figure 5-12A).   

Notably, the antagonists had lower occupancies; 0.9 in naloxone and 0.75 in 

diprenorphine, with the exception of β-funaltrexamine, with a value of 1.0. However, 

closer inspection of the minimum interaction distance probability distributions between 

the N and Asp147 shows the agonist distances to be systematically shorter (Figure 5-13), 

while the antagonists are shifted towards longer distances.  These longer distances are 

suggested to be due to the presence of the medium-sized S group on naloxone, 

diprenorphine and β-funaltrexamine, which is associated with those ligands being 

antagonists. The distribution for buprenorphine is also shifted to longer distance, which 

would be expected to lead to antagonism.  However, its occupancy is greater than 
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diprenorphine (Figure 5-11) indicating that the size of the C19 substituent is leading to 

the partial agonist activity.  These results suggest that direct interactions of the N key 

with Asp147 plays a direct role in receptor activation, which is consistent with 

mutagenesis experiments showing the affinities of agonists to be impacted to a larger 

extent than antagonists in Asp147 mutants
356, 358

.   

 

Figure 5-11. Probability of residues being within 5 Å  of pharmacophoric keys based on 

the non-hydrogen atoms of the listed residues defining the a, b, n or s sites and the A, B, 

N or S keys. We note that the a site data include Lys233, which was not considered an a 

site residue in our final analysis.  Distances between Lys233 and the A key became 

greater than 5 Å in all reversible ligands as well as irreversible ligand β-funaltrexamine. 

The lack of A-key interactions of Lys233 is consistent with mutation data indicating 

Lys233 to not be important for opioid binding
285

, as the mutations abolished irreversible 

bond formation of β-funaltrexamine, but did not change the degree of reversible binding. 

These results suggest that the crystallographic conformation of Lys233 is dictated by its 

covalent bond to β-funaltrexamine. 
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Figure 5-12. Probability of residues being within 5 Å  of pharmacophoric keys based on 

the non-hydrogen atoms of the listed residues defining the a, b, n or s sites and the 

respective A, B, N or S key atoms.  Results were combined for the agonists (morphine, 

etorphine, and DAMGO, red line) and antagonists (naloxone, β-funaltrexamine, and 

diprenorphine, blue dashed line). Results for the partial agonist buprenorphine are shown 

as a pink line. 
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Figure 5-13. Minimum distance probability distributions between Asp147 and non-

hydrogen atoms in the N pharmacophoric key.  The crystallographic values for β-

funaltrexamine in the crystal structure are shown as blue crosses on the x axis.  

Distributions for the individual ligands are shown in Figure 5-14. 

 

 

Figure 5-14. Minimum distance probability distributions between Asp147 and non-

hydrogen atoms in the N pharmacophoric key.  The crystallographic values for β-

funaltrexamine in the crystal structure are shown as a blue cross on the x axis. 

 

 

To further investigate molecular details of Asp147 associated with receptor activation 

analysis was undertaken of the conformations of the Asp147 side chain based on 

sampling of the χ1 dihedral (Figure 5-15A).  This analysis shows that Asp147 samples 
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the trans state almost exclusively in the presence of the agonists.  However, with the 

antagonists sampling of gauche- rotamer is significant, contributing to the longer N-

Asp147 distances (Figure 5-13), as evidenced by the strong correlation between the χ1 

dihedral and distances between Asp147 and basic N for all the ligand-OR complexes 

(Figure 5-16). These trends are clearly evident in the agonists etorphine, DAMGO and 

morphine versus the antagonist naloxone (Figure 5-17). Average populations of trans 

rotamer in two monomers are 97%, 97%, 93%  and 2% in etorphine, DAMGO, 

morphine, and naloxone, respectively.  As noted above monomers A from naloxone and 

DAMGO were not included in the analysis due to significant changes in the orientation 

and conformations of those ligands. Asp147 in β-funaltrexamine (Figure 5-17) does 

sample a significant amount of trans (94%), which may be associated with its covalent 

connectivity, which is suggested to also contribute to its more favorable interactions with 

Asp147.  Thus, the stronger interactions of agonists with Asp147 is associated with the 

side chain maintaining a trans conformation, with sampling of the gauche- conformation 

occurring with antagonists associated with longer Asp147-N interaction distances. 
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Figure 5-15. A) Concatenated χ1 

rotamer time series and probability 

distributions of Asp 147 in the 

presence of the studied opioid 

ligands. B) Probability of residues 

being within 5 Å  of Asp147 based on 

the non-hydrogen side chain atoms. 

Solid and dotted black lines represent 

the probability when those residues 

are in the gauche- and trans 

rotamers, respectively. Probabilities 

based on the following definitions: 

trans (-180 ≤ χ1 < -120 or 120 ≤ χ1 < 

180), gauche+ (0 ≤ χ1 < 120) and 

gauche- (-120 ≤ χ1 < 0). 

 

 

Figure 5-16. Two-dimensional scatter plot of χ1 of Asp147 versus minimum distances 

between the Asp147 side chain and basic N for all the ligand-OR complexes. 
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Figure 5-17. Asp147 chi1 time series and probability distributions for all the studied 

systems.  The x-axis in the time series plots comprise 120 ns obtained by concatenating 

the data from the two monomers. For morphine, buprenorphine, diprenorphine, and N-

phenethylnormorphine data from the two monomers of the two simulations were merged. 
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Sampling of the gauche- rotamer by Asp147 changes its interaction with surrounding 

residues in the receptor.  Shown in Figure 4B are the probabilities of selected binding 

region residues having one or more side chain non-hydrogen atoms within 5 Å  of the 

non-hydrogen atoms of the Asp147 side chain. Probabilities were calculated separately 

for trans and gauche- rotamers of Asp147. In the gauche- rotamer, interactions of 

Asp147 with Gln124 and Tyr148 increase and interactions with Asn150 and Tyr326 

decrease. These residues are in the b and s sites suggesting that communication between 

these sites contribute to receptor activation. In particular, this communication may 

influence the population of trans rotamer in buprenorphine (50%) and diprenorphine 

(61%) as their C19 substituents are interacting with Gln124.   

As discussed above the ligand-based SAR for the S key is complex, with short N 

substituents corresponding to agonists, medium length substituents being antagonists and 

long N substituents again being agonists.  The CSP model attributed the loss of activity in 

medium length substituents to be associated with perturbations of interactions with the 

basic N, a result consistent with the results discussed in the preceding paragraphs, with 

the regain in activity being due to the S moiety occupying the b region in agonists such as 

N-phenethylnormorphine (see next section).  All ligands with an S key functional group 

(i.e. a N substitutent) participate in interactions with Trp293 (Figure 5-12B). The 

antagonist showed interaction populations greater than 0.6 for Ile322 and Tyr326 while 

agonists have values of 0.0 and 0.2 for each residue, respectively. The only exception 

among the agonists was DAMGO, which maintained close contact with Tyr326 with an 

occupancy close to 0.9 (Figure 5-11). Additional analysis involved correlation analysis of 

the minimum basic N-Asp147 to minimum s region residue-S key distances, as shown in 
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Figure 5-18. The agonists, which include methyl N substituents in morphine and 

etorphine, do participate in short interactions with the s site; however, these do not lead to 

longer N-Asp147 interactions.  In contrast, the sampling of short s residue-S key 

distances in the antagonists is increased, associated with increased sampling of longer N-

Asp147 distances (Figure 5-18), most notably with residues Asn150, Trp293 and Tyr326 

(Figure 5-19). A pattern similar to that occurring in the antagonists occurs with the partial 

agonist buprenorphine.  Thus, the present results indicate that antagonism associated with 

medium sized N substitutents is due to steric interactions with the s site that leads to 

decreased basic N-Asp147 interactions.   

 

Figure 5-18. 2D minimum basic N-Asp147 to minimum s site residue-S key distance 

probability distributions.  Distances are based on the side chain non-hydrogen atoms. N-

phenethylnormorphine results are for orientation 1. Contour levels used are 0.0005, 

0.001, 0.002, 0.006, and 0.024. 

 

 

Experimental studies indicate that mutation of Asn150 
359

 impacts the binding affinity of 

agonist more than antagonists.  The increased sampling of short Asn150 to the S key in 

agonists over antagonists (Figure 5-12) is consistent with those results.  However, those 
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short interactions in agonists do not lead to longer N to Asp147 interactions (Figure 5-

19).   

Figure 5-19. 2D probability contour plots between minimum distances of basic N to 

Asp147 and S keys to Ala117, Asn150, Ile322 and Tyr326 in the s site. Agonists are 

represented in red, antagonists in blue, partial agonist in pink, and N-

phenethylnormorphine1 in black from left to right. Contour levels are 0.001, 0.002, 

0.006, and 0.024. 
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In contrast, with the antagonists, short interactions with Asn150 often lead to increased N 

to Asp147 distances.  Additional details of s site interactions are presented in the 

following section on N-phenethylnormorphine. 

Residues defining the a region include Tyr148, Met151, Val236, Ile296, His297, and 

Val300. The occupancy of all the ligands with these residues is greater than 0.6 (Figure 

5-12). With Val236 values of less than one are observed with antagonists while with 

Ile296 occupancies less than one occur with all ligands with the exception of β-

funaltrexamine.   The maintenance of A key to a region interactions for all the ligands 

indicates that this region is important for ligand binding but not directly involved in 

discrimination of agonism and antagonism. The residues composing the a region are 

distributed on TM helices 3, 5, and 6 (Figure 5-2K) such that maintenance of interactions 

with those residues indicates that the overall integrity of the binding pocket was 

maintained in the simulations.  

The B key is of particular importance in the orvinols, where it has been suggested to 

modulate receptor activation
360

 as also predicted by the CSP model. However, there are 

no site-directed mutagenesis studies on residues in the b region, such that this regions 

remains to be studied. Interactions between B key and b region non-hydrogen atoms are 

occupied to a larger extent in the agonists (Figure 5-12D), with the partial agonist 

buprenorphine similar to the agonists. Interactions with Gln124 are maintained with 

DAMGO and etorphine with occupancies of 1, but lost in the case of morphine, while 

buprenorphine had an occupancy is 0.7 (Figure 5-11).  With Tyr128 interactions again 

only occur with DAMGO, etorphine and buprenorphine, although the occupancies are 

low, in the vicinity of 0.2 to 0.3.  With Ile144 interactions with DAMGO are significant, 



 

185 

 

with an occupancy of 1 and interactions with etorphine and buprenorphine also occur 

although the occupancy is low, at less than 0.1 and 0.2, respectively. These results are 

consistent with the role of b region interactions in modulating the activity of the orvinols 

via their C-19 functionality and indicate that the peptidic opioid DAMGO also exploits 

this interaction to achieve its biological activity.  Notably, residues Gln124 and Ile144 are 

in the vicinity of Asp147 with the minimum side chain:side chain distances being 4.4 and 

5.1 Å , respectively, in the crystal structure.  Given the high probability of the B key 

interacting with those residues in the partial agonist buprenorphine (Figure 5-12D), while 

being significantly smaller in the antagonist diprenorphine (Figure 5-11D) indicates a 

mechanism by which interactions with the b region impact receptor activation in the 

orvinols.    

 

Binding orientation of N-phenethylnormorphine 

The N-phenethyl moiety is present in many μ-OR agonists such as N-

phenethylnormorphine and fentanyl but it was not clear how the longer N-substituent 

restores agonism.  Assuming steric hindrance in the s site by larger N substituents, our 

CSP models suggested alternative binding orientations where the ligand is rotated in the 

pocket such that the N-phenethyl group is located near the b site in an orientation with 

will still allow basic N to Asp147 interactions (Figure 5-2E).  Alternatively, visual 

inspection of the crystal structure shows the presence of a potential cleft in the s site that 

may accommodate longer N-substituents. Therefore we tested two possible binding 

orientations of N-phenethylnormorphine where N-phenethylnormorphine1 indicates the 

binding orientation in which the N-phenethyl group is oriented as in the other non-
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peptidic opioids (Figure 5-4) and N-phenethylnormorphine2 is the alternative binding 

orientation based on the CSP model (Figure 5-3D).  N-phenethylnormorphine in both 

orientations underwent some shifts, with the shifts generally being larger in orientation 2 

(Figures 5-8 and 5-9). 

The probability of the various binding region residues interacting with both N-

phenethylnormorphine1 and 2 are shown Figure 5-11. First, interactions with the basic N 

were maintained to a larger extent with N-phenethylnormorphine1, with the occupancy of 

N-phenethylnormorphine2 with Asp147 being less than 0.7.  N-phenethylnormorphine1 

maintained the classical binding interactions with the a region, while those interactions 

are lost to a greater extent with N-phenethylnormorphine2.   N-phenethylnormorphine2 

participates in interactions with b region residues Gln124, Tyr128 and Ile144, while these 

interactions are not present with N-phenethylnormorphine1, which has an interaction 

pattern similar to β-funaltrexamine. Finally, at the s region, N-phenethylnormorphine1 

maintained more interactions than N-phenethylnormorphine2, consistent with the large 

phenethyl moiety being located in that region.  In addition, short S key to s region 

interactions typically did not lead to increased N-Asp147 distances, as occurs in the 

antagonists, with N-phenethylnormorphine1. Images of the final bound orientations of N-

phenethylnormorphine1 from both simulations are shown in Figure 5-20.   

 

  



 

187 

 

Figure 5-20. Images of the interaction of N-phenethylnormorphine in orientation 1 with 

the μ opioid receptor from the final time frame from simulation 1, monomer 1.  The 

ligand is shown in CPK, atom-based coloring, the side chains of the s region residues are 

in purple and Asp147 is blue.  The surface of the receptor is transparent silver.  The two 

panels are different orientations of the same image. 

 

 

As is evident, the phenethyl moiety in N-phenethylnormorphine1 is accommodated in the 

s region, thereby leading to favorable interactions that lead to the maintenance of many of 

the other interactions with the receptor. Thus, in contrast to our previously predicted 

orientation based on the CSP model, the present results indicate that the phenethyl moiety 

has favorable interactions with the s site, yielding the following model for the 

relationship of N-substituent size to activity.  Short substituents allow for the basic N-

Asp147 interactions required for activity, while medium size substituents participate in 

steric interactions with the s region leading to a loss of basic N-Asp147 interactions and 

antagonism.  However, upon going to even longer N substituents, such as the phenethyl 

moiety, additional favorable interactions with the s site leads to stabilization of the basic 

N-Asp147 interactions and agonism.  Analysis of the van der Waals interactions energies 
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between the S key atoms and the s region residues (Figure 5-21) shows that while the 

antagonists have small favorable interactions with the s region, the vdW interactions are 

significantly more favorable with orientation 1 of N-phenethylnormorphine.  

 

Figure 5-21.Probability distribution of the van der Waals Interaction energy between all 

S-key atoms and the s site residues (Ala117, Asn150, Trp293, Ile322 and Tyr326) 

including hydrogens and backbone atoms. Interaction energies of individual ligands are 

shown in the same color scheme used throughout the present study. 

 

  

Long-range phenomena related to OR activation 

 

 To facilitate the analysis of long-range changes in the OR that may be related to 

activation an overview of known GPCR conformational characteristics relevant to 

activation is of utility
343, 361

. Conformations defining active and inactive states of GPCRs 

typically involve the movement of TM helices or the presence of specific electrostatic 

interactions (Figure 5-2K).  For example, in the active state of rhodopsin, TM6 is rotated 
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and shifted away from TM3 and closer to TM5 on the cytoplasmic side and the distance 

between TM2 and TM7 is also shorter 
361

. These changes are associated with disruption 

of the conserved Asp164-Arg165-Tyr166 (DRY motif) ionic network near the 

intracellular face of TM3. It was proposed that agonist binding shifts the position of a Trp 

residue thereby triggering the cascade of long-range conformational changes that impact 

the DRY motif. As another example, in the active state of β2-adrenergic receptor
362

, 

outward movements of TM5 and TM6 were observed in the intracellular side away from 

other TMs and there were large conformational changes in the NPxxYx conserved motif 

in TM7. 

Prior to analyzing the present simulations for conformational changes similar to those 

described in the preceding paragraph, unique features in the OR crystal structures need to 

be noted. First unlike many other GPCRs, inactive ORs have a very accessible binding 

pocket. Secondly, the ionic interactions associated with the DRY motif on TM3 are not 

present in the inactive conformations of the ORs.  In addition, interactions between 

Arg165-Thr279 (TM6) and Asp164-Arg179 (TM4) have been suggested to stabilize the 

inactive conformation; no significant differences in these interactions between the 

agonists and antagonists were observed in the present study (Figure 5-22). Thirdly, much 

attention has been paid to the nature of the dimeric interface in ORs.  Different OR 

subtypes can form heterodimers, and possibly higher-order oligomers, potentially leading 

to different pharmacological effects. For example, the adverse side effects of μOR 

agonists can be reduced by the δOR antagonists, which may be related to μ-δ 

heterodimers.  A number of studies support the idea that ORs are constitutively dimerized 

and that dimerization is independent of activation states or ligands 
363, 364

.  
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Figure 5-22:  Probability distributions of the Asp164-Arg179 (TM4) and Arg165-Thr279 

(TM6) minimum distances between non-hydrogen atoms for the agonists, antagonists, the 

partial agonist, buprenorphine, and the T279K mutant.  For the T279K mutant the Lysine 

is substituted for T279. 

 

The crystal structure of the μOR revealed an extended oligomer where TM5 and TM6 

comprise the major interface of one possible dimer and TM1 and H8 may interact as a 

minor dimerization interface. However, the δOR structure, despite its high sequence 

similarity with the μOR, did not show clear dimer interfaces, which was suggested to be 

associated with crystal packing. In addition, the κOR primary interface involved TM1, 

TM2, and H8 and it was pointed out that multiple dimerization interfaces are possible, 

with these interfaces possibly playing a role in oligomerization and cross talk between 

OR subtypes.  

Analysis of the long range structural changes in the simulations initially involved the 

distances and angles between helices
365, 366

. Only continuous segments of the helices were 

analyzed, such that the definitions of the helices were terminated at bends near the central 

region of the TM helices (Figure 5-2K), with the residues that define the regions used in 

the analysis listed in the legend of Figure 5-23.  
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Figure 5-23. 2D distributions of (A) relative helix angles and (B) distances between the 

ends of the intracellular portions of the TM helices. A) 2D probability contour plots of 

TM7-TM6 angle versus TM5-TM6 angle (upper row) and TM3-TM6 angle versus TM5-

TM6 angle (lower row)  and B) distances between the ends of helices TM7-TM6 versus 

TM5-TM6 (upper row) and TM3-TM6 versus TM5-TM6 (lower row). The green dot is 

the respective value in the X-ray crystal structure and contour levels used in each panel 

are shown in the agonist panels. Segments of the helices used for the analyses are TM3 

(Ser154-Val169), TM5 (Met243-Leu259), TM6 (Leu275-Ile290), and TM 7 (Val334-

Asp340).  Helical axes were defined using the “COOR HELIX” command in CHARMM 

which is based on the methods of Å qvist and of Chothia et al.
365, 366

. 
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Analysis of constitutively active T279K mutant and the partial agonist simulations were 

included to identify any similarities in the intracellular movements of their TMs. Initial 

analyses of probability distributions of individual distances and angles between pairs of 

helices did not reveal trends differentiating active from inactive states, though it was 

evident that both agonists- and antagonists-bound receptors sample a range of 

conformational space.  Subsequent 2D analysis, as presented as contour plots in Figure 5-

23, where the data from all the agonist/active and antagonist/inactive states were pooled, 

did show some differentiating characteristics (Individual 2D plots of the agonists and 

antagonists are shown in Figure 5-24).   

In general, the antagonists sampled a wider range of conformations as compared to the 

agonists. This is most evident in the TM5-TM6 vs. TM6-TM7 and the TM5-TM6 vs. 

TM6-TM3 angle plots, although in all cases there is significantly overlap of the two 

classes of distributions. Interestingly, T279K mutant sampled different regions as 

compared to the agonists in the TM5-TM6 vs. TM3-TM6 angle, TM5-TM6 vs. TM7-

TM5  distance and the TM5-TM6 vs. TM3-TM6 distance 2D plots, suggesting that the 

mechanism of activation in T279K may be different that of the agonist ligands.  

Consistent with this are the Arg165-Thr279 (TM6) and Asp164-Arg179 (TM4) distance 

distributions in Figure 5-22. The 2D distributions of the partial agonist buprenorphine 

were between that of the agonists and antagonists. We note that the 2D sampling 

overlapped with the helix orientation from the crystal structure with the exception of the 

TM6-TM7 angle, where a deviation of less the 5˚ occurred.   
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Figure 5-24.  2D probability distributions of helical angles between selected TM helices 

on the intracellular face of the μOR. (A and B) and (C and D) are for the TM7 and TM3 

angles with respect to TM6 for the antagonists and the agonists, respectively.  Contour 

levels are represented in different colors and greet dots are relative angles of 

corresponding TM helices from the X-ray crystal structure. 

  

 

Thus, the present simulations indicate that the TM helices in the agonists sample a more 

focused region of conformational space than the antagonists and that the sampling of the 

constitutively active T279K mutant differs from that of the other agonists, suggesting a 

different mechanism of activation.  We note that shifts in TM3 are of interest as Asp147 
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is on this helix while TM5 and TM6 comprise the largest potential dimer interface as well 

as being in direct contact with the bound ligands, such that shifts in their positions due to 

ligand binding may be communicated to adjacent monomers in a dimer, which may 

contribute to altered pharmacological profiles in heterodimers.  However, the length of 

the present simulations limit further interpretation of the relationship of TM helix 

conformation and dynamics to activation and the relationship of ligand-binding site 

interactions to those phenomena.  Additional studies will be required to address these 

important issues.   

 

Conclusions 

In this study, ligand-based SARs previously identified using the CSP method were 

evaluated in the context of receptor structures. The µOR, starting from the X-ray crystal 

structure, was simulated with various ligands including agonists, antagonists, and a 

partial agonist. With the relatively short simulation length limiting the ability to obtain a 

detailed model of long-range conformational changes, focus was mainly on events 

occurring in the binding pocket, for example, interactions between pharmacophoric keys 

of ligands and receptor residues.  

As is widely known, we confirmed that interactions of phenol rings of opioids comprising 

the A key with the receptor are largely conserved in the studied agonists and antagonists.  

Interestingly, the basic N of agonists showed shorter interaction distances with Asp147 in 

TM3 than antagonists. The length of N- (i.e. S key) and C19 (i.e. B key) substituents 

were indicated to modulate basic N-Asp147 interactions.  The short N substituents (i.e. S 
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key) of agonists allow for direct basic N-Asp147 interactions while medium sized N-

substituents in antagonists interact with s region residues leading to steric effects that are 

suggested to perturb basic N-Asp147 interactions. However, upon going to longer N 

substituents, as in the agonist N-phenethylnormorphine, additional stabilizing interactions 

with the s region occur, leading to sampling of short basic N to Asp147 distances as in 

the agonists morphine, DAMGO and etorphine. We note that this is not consistent with 

previous predictions based on the CSP modeling.  Basic N to Asp147 interactions are 

predicted to be influenced by the C19 substituent in orvinols through b region residues 

Gln124 and Ile144.  Interactions of the larger C19 moiety of the partial agonist  

buprenorphine leads to greater interactions with those residues thereby leading to 

sampling of shorter basic N to Asp147 distances, a phenomena that does not occur with 

the small C19 substituent in the antagonist diprenorphine.  This observation is consistent 

with predictions from our ligand-based CSP modeling efforts.  In future studies, it will be 

of interest to investigate in greater detail how interactions of agonists and antagonists 

with different regions of the binding pocket impact basic N to Asp147 interactions. 

The present simulations also indicate that differences in the conformational sampling of 

the intracellular regions of the TM helices occur between agonists and antagonists, with 

antagonists sampling a wider range of conformations.  In addition, it is indicated that the 

mechanism of activation in the T279K mutant may differ from that by agonists.  Further 

conclusions about larger scale conformational changes in the receptor are limited by the 

duration of the present simulations.  It is anticipated that future efforts will yield a 

detailed picture of the cascade of interactions from the binding pocket through the TM 
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helices that propagate information on agonist versus antagonist binding to intracellular 

loops that participate in interactions with G proteins.  
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Chapter 6. Summary and future directions 

 

This dissertation presents a series of studies in which conformational sampling 

was used to evaluate force-field parameters and aid in ligand-based drug design. 

Information presented in all chapters has been published in scientific journals. 

Chapter 1 introduces computational ligand-based drug design. It first presents an 

overview of widely used methods for developing quantitative structure-activity–

relationship (QSAR) and pharmacophore models. It then describes how force fields and 

conformational samplings play a role in the drug design process. At the end, it concluded 

that it is important to use not only accurate force fields but also appropriate 

conformational sampling methods in order to successfully design a drug.  

Chapter 2 discusses our efforts to improve conformational properties described by 

additive protein force fields. We performed extensive conformational sampling of amino 

acid side-chains using a 9-mer peptide model and found that this sampling strongly 

correlated with conformations sampled by full-protein simulations. The high correlation 

was noticeable particularly when backbone conformations of the model peptides were 

C7eq or PPII. Analysis showed that, in the two backbone conformations, probability of 

hydrogen bonding with protein backbone as a function of side-chain rotamer is most 

similar to that occuring in proteins. Hence this model system can be efficiently used in 

the force-field optimization process.  

Chapter 3 discusses the use of conformational sampling to develop quantitative 

pharmacophore models of µ opioid receptor ligands. Use of all-accessible conformations 
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helped us identify a common pharmacophore among structurally diverse µ opioid 

receptor ligands. Studies that appear in this chapter were a follow-up of studies in which 

pharmacophore models of δ opioid receptor ligands were developed by Bernard, Coop, 

and MacKerell, Jr.  The resulting µ opioid SAR represents the first successful model to 

describe the efficacy of a wide range of both peptidic and non-peptidic opioid ligands. 

Chapter 4 describes our combination of the pharmacophore model of µ opioid 

receptor ligands with an existing model of the δ opioid receptor ligands. Our goal was to 

optimize lead compounds such that they would be agonists to µ receptors and antagonists 

to δ receptors, as such dual efficacy reduces adverse effects of opioid analgesics. The 

resulting model is included in the work of J. Harley et al.. 

Chapter 5 expands upon the ligand-based SARs discussed in Chapter 3. We used 

the 3-dimensional structures of the μ opioid receptor, recently elucidated via x-ray 

crystallography, to conduct molecular dynamics simulations of μ opioid receptor 

homodimers with various ligands. These simulations allowed us to evaluate ligand-

receptor interactions and conformational changes in the binding pocket, and to then relate 

these phenomena to receptor activation. The results validated the usefulness and 

limitations of the ligand-based SARs, and allowed us to identify the roles of N- and C19-

substituents in ligand agonism and antagonism.  Notably, we showed that the basic N of 

agonists have shorter interactions with the sidechain of Asp147 as compared to 

antagonists.  This observation is anticipated to lay the foundation for the identification of 

a computationally accessible method to predict ligand efficacy using ligand-receptor 

simulations. 
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 In Chapter 5, we pointed out that longer molecular dynamics simulations will be 

required in order to grasp long-range conformational changes of the intracellular side of 

receptors. We anticipate that longer simulation lengths or the use of enhanced sampling 

methods will allow us to address the issue of long-range conformational changes in the 

near future. In addition, in combination with work described in Chapter 3, simulation of 

receptor-ligand complex will help researchers understand the SARs of newly developed 

or optimized opioid receptor ligands.  

 The fields of computer simulations of biomolecules and computer-aided drug 

design are constantly moving forward due to both improvements in the accuracy of force 

fields and the development of efficient sampling methods that can overcome limitations 

of computing resources and time. This thesis work was part of efforts toward advancing 

these fields.  
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Appendix A 

 

Computational Methods used in Chapter 1 

MD simulations (Figure 1) were performed using the program CHARMM
174, 175

, with the 

CHARMM22/CMAP force field
175, 178

 and the TIP3P water model
217

.  Two MD 

simulations were done in the gas phase and in explicit solvent to observe the influence of 

the surrounding media on conformational sampling. For the gas phase simulation, 

Langevin dynamics
218

 were used with a friction coefficient of 5 ps
-1

 in the absence of 

water. Simulations were performed at 300K with the equations of motion integrated using 

the Leap-Frog integrator
139

 every 1fs for a total of 10ns with coordinates saved every 

0.5ps for analysis. Covalent bonds involving hydrogen atoms were constrained to their 

equilibrium bond length by the SHAKE algorithm
216

. In the explicit solvent MD 

simulation, Leu-Enkephalin was immersed in a 32 Å  cubic water box and waters with the 

oxygen within 2.8 Å  of the Leu-Enkephalin deleted resulting in 976 water molecules. 

Periodic boundary conditions
218

 were used in the solvent simulations and the nonbond 

interactions were truncated at 12 Å  with smoothing of the Lennard-Jones interactions 

from 10 Å  by a switching function
221

 and the nonbond pair list was generated out to 16 Å . 

A long-range correction
219

 was used to account for LJ interactions beyond the cutoff 

distance while long-range electrostatic interactions were calculated using the particle 

mesh Ewald method
222

.  The system was simulated in the NPT ensemble (300K, 1atm) 

using the Hoover thermostat and Langevin piston
223-226

 to control the pressure with a 

mass of 400 amu and collision frequency of 20 ps
-1

. The Hamiltonian replica exchange 

(HREMD)
145, 156

 simulation was performed using the REPDSTR module in CHARMM 
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which enables replicas to read in different FF parameters. Perturbation of  the 

Hamiltonian was performed using  CMAP utility
178

 by modifying the (φ,ψ) potential 

energy surface. The default CHARMM22/CMAP was considered as the λ=0 state 

(CMAPλ=0) and as the fully perturbed state (CMAP λ=1) a “flat” (φ,ψ) energy surface was 

used (ie. the change in energy as a function of φ,ψ was zero). Perturbations of λ=0.14, 

0.19, 0.27, 0.37, 0.52, 0.72 were used between CMAPλ=0 and CMAPλ=1 and exchanges 

were attempted every 0.5ps between adjacent replicas. HREMD simulations were carried 

out on the same solvated Leu-Enkephalin used for the standard MD simulation and the 

same dynamics settings were used. Conformations from the λ=0 state replica alone were 

subjected to analysis. 

For the conformational analysis of Leu-Enkephalin, the distance was measured between 

the aromatic ring in Tyr (pharmacophoric point A) and that in Phe (pharmacophoric point 

B). Angle ABN, where pharmacophoric point N is N terminal nitrogen, was calculated 

and it was combined with distance AB to produce the 2-D probability distribution. The 

distances and angles were obtained from all 20,000 conformations and the bin sizes for 

calculation of the probability densities were 0.1 Å  and 1°. 
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Appendix B 

 

CGenFF parameters for nonpeptidic opioids 

  As internal parameters for many of the non-peptidic opioids were not explicitly treated 

in the CHARMM General Force Field (CGenFF) it was necessary to extend the force 

field to assure accurate modeling of these compounds. This was performed by analogy 

with the resulting parameters then validated based on calculations on morphine, 

cyclazocine, and etorphine. The resulting bond and angle parameters reproduced target 

geometries quite well, having root mean square differences (RMSD) within 0.02 Å  and 

2.3˚ with respect to QM data and 0.03 Å  and 3.1° with respect to high resolution crystal 

structures for the bonds and angles, respectively (Table Apx-1). In addition, CGenFF 

vibrational frequencies were compared with QM results for aminomethylcyclopropane 

and benzomorphan (see Tables Apx-B-2). The overall agreement was considered 

acceptable and further optimization of the internal parameters was not undertaken. 

Further validation of the parameters was based on the crystal MD simulations. Results 

from the simulations showed that interactions in the condensed-phase crystal 

environments were well balanced, with similar changes occurring for the A, B and C 

lattice parameters. However, the force field appears to overpredict the unitcell volumes. 

A similar phenomenon has been observed with carbohydrate parameters
367

 and has been 

suggested to be associated with limitations in the additive potential energy function. 

Accordingly, additional optimization of the force field parameters was not undertaken. 
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Vibrational frequencies, including potential energy distributions, were obtained at the 

MP2/6-31G* level and examined using the CHARMM VIBRAN and MOLVIB 

modules
368

. QM vibrational frequencies were scaled by 0.971 to account for limitations in 

the level of theory
369

. Final validation of the force field was performed with crystal 

simulations using the CRYSTAL module in the CHARMM program. Atomic coordinates 

of morphine, etorphine, and naltrexone (CSD ID: MORPHC, SUNVOM, PABCEA, 

respectively) were relaxed by minimization with the lattice parameters fixed. Nonbond 

interactions were truncated at 26 Å  with smoothing from 24 Å  of the Lennard-Jones 

interactions by a switching function while long-range electrostatic interactions were 

included using the particle mesh Ewald method
222

. The Velocity-Verlet 2 algorithm
370

 

was used to propagate the simulations with an integration timestep of 1fs in conjunction 

with Nose-Hoover thermostat and Anderson-Hoover barostat. The crystal simulations 

were run for 7 ns with the last 5 ns used for analysis. 

 

Table Apx-1. Comparison of empirical and target bond and angles from the CGenFF 

minimized structures and from the crystal simulations. 

  Geometry (RMSD) Crystal simulation (%error) 

  QM Xtal  Unitcell parameters 

 Bond Angle Bond Angle A B C Volume 

Cyclazocine 0.02 2.01       

Morphine 0.02 2.33 0.02 1.83 0.6 0.6 0.6 1.7 

Etorphine   0.03 2.62 5.5 5.5 5.5 17.5 

Naltrexone   0.02 2.38 2.4 2.4 2.4 7.3 
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* units: Å  and degrees for bonds and angles, respectively, RMSD= , 

% error =  

 

Table Apx-2. Vibrational spectra of Aminomethyl cyclopropane and 1,2,3,4,5,6-

hexahydro-3-methyl-2,6-Methano-3-benzazocin-8-ol. Frequencies in cm
-1

. 

 

MP2/6-31G* scaled by a factor 0.971   CGenFF 

Freq. Assignment % Assignment % Assignment %   Freq. Assignment % Assignment % Assignment % 

123.4 torC1-C9 100      92.6 torC1-C9 99     

212.1 torC9-N1 58 rC1C9a 26    178.6 torC9-N1 94     

231.4 torC9-N1 32 rC1C9a 32 cC9X2 25  242.2 rC1C9a 59 cC9X2 34   

367.5 rC1C9 73      382.1 cC9X2 28 rC1C9a 24 rC1C9 15 

453.9 cC9X2 40 rC1C9a 31    444.7 rC1C9 62 cC9X2 17   

785.6 STRETCH 29 tCrH2 23 sC1-C9 16  690.5 tCrH2 54 sC1-C9 24   

811.4 rCrH2 37 tCrH2 20 rC9H2 20  757.8 rC9H2 30 wCrH2 29 tCrH2 22 

861.6 rCrH2 32 rC1Ha 22 SLIDE 16  785.1 tCrH2 45 rC1Ha 43   

865.4 rC9H2 23 rCrH2 22 sC9-N12 17  802.0 wCrH2 65 rC9H2 18   

910.0 sC9-N12 55 STRETCH 15    838.9 tCrH2 46 wCrH2 34   

941.9 SLIDE 62      864.6 rN12H3a 19 sC1-C9 17 tCrH2 16 

994.3 STRETCH 31 sC1-C9 20 tCrH2 16  900.1 wCrH2 47 rC1Ha 38   

1034.3 rN12H3a 37      963.4 rN12H3 41 sC9-N12 32   

1096.4 wCrH2 95      984.6 rN12H3 31 rN12H3a 19 sC9-N12 17 

1121.9 wCrH2 98      1006.0 rN12H3a 35 sC9-N12 31   

1124.8 rN12H3 24      1086.2 rCrH2 38 STRETCH 18   

1158.6 rC1Ha 59 tCrH2 18    1106.7 STRETCH 60 rCrH2 18   

1221.5 tCrH2 48 rCrH2 44    1111.7 SLIDE 54     

1247.0 tCrH2 25 rC9H2 15    1205.5 rCrH2 99     

1256.5 PULSE 44 rC1H 26    1253.3 PULSE 56     

1351.6 tC9H2 61      1291.5 tC9H2 72     
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Table Apx-2 Continued 

 

  

1392.0 wC9H2 62 rC1H 15    1348.0 wC9H2 56 rC1H 23   

1458.2 rC1H 35 wC9H2 23    1457.5 dsN12H3 80     

1503.3 cCrH2 98      1463.4 cCrH2 96     

1527.5 cC9H2 69 dsN12H3 26    1471.2 cCrH2 55 rC1H 27   

1533.6 dsN12H3 70 cC9H2 28    1486.6 cC9H2 56 dsN12H3 16   

1547.8 cCrH2 76      1513.9 rC1H 37 PULSE 21 cCrH2 19 

1686.9 daN12H3 89      1620.3 daN12H3 74 daN12H3a 21   

1697.7 daN12H3a 89      1624.1 daN12H3a 74 daN12H3 21   

3104.8 ssC9H2 100      2773.4 ssC9H2 99     

3153.5 ssCrH2 95      2805.0 saC9H2 100     

3168.7 sC1-H1 48 saC9H2 47    3029.4 ssCrH2 96     

3175.5 ssCrH2 94      3039.4 ssCrH2 99     

3181.7 saC9H2 50 sC1-H1 49    3054.6 sC1-H1 94     

3253.3 saCrH2 95      3087.9 saCrH2 100     

3271.3 saCrH2 98      3102.0 saCrH2 98     

3360.8 ssN12H3 100      3153.5 ssN12H3 100     

3472.1 saN12H3 93      3256.6 saN12H3a 51 saN12H3 49   

3476.7 saN12H3a 93      3257.2 saN12H3 51 saN12H3a 49   
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Table Apx-2 Continued 

 

MP2/6-31G*   CGenFF 

Freq. Assignment % Assignment % Assignment %   Freq. Assignment % Assignment % Assignment % 

52.5 torR2 55 bfR1R2 20    52.2 torR2 51 bfR1R2 21   

100.6 torR2' 51 torR1 43    105.5 torR2' 59 torR1 23   

123.6 torR3a 50 bfR1R2 39    125.7 torR3a 47 bfR1R2 42   

208.6 torCH3 39      205.2 wR1CO 22     

228.8 torCH3 43      242.0 rR1CO 18     

258.3 torR3a' 38      295.0 torCH3 21 puckR2 17   

289.6 torR3a' 45 dR3XCZ 16    298.3 torR3a' 27 dR2a 20   

322.6 puckR2 26 puckR1 20 puckR3 20  324.0 dR3YCZ 47 dR3XCZ 15   

334.4 torR1' 30 torR2' 19    328.0 torR1' 26     

349.4 dR3YCZ 45      340.2 torCO 77     

361.8 torCO 48      357.4 torCH3 54     

363.0 torCO 57      369.0 torR3a' 52 dR3a' 17   

390.4 puckR2 22      406.9 puckR2 18     

426.4 rR1CO 29 torR1' 18    413.7 dR3XCZ 20     

444.6 torR1' 24      448.5 rR1CO 20     

470.2        453.9 torR1' 30 torR1 15   

490.6 dR2a' 19 dR3a 18    471.4 dR1a 18     

511.7 dR3a 16      512.4 torR1 25     

528.7 wR1CO 73 puckR1 26    534.3 dR3a 22 dR2 19   

558.1 dR2a' 17      550.1 puckR3 21 dR2a' 20 sR3CN 15 

600.9 dR2a 25 puckR2 16    616.8 puckR1 15     

673.8 dR3a' 16      649.4 puckR1 61     

708.3 dR1 24 sR2CC 17 dR1a' 15  670.6 puckR1 21     

725.0 sR3CN 52      700.7 sR3CN 28     

755.4 sR1CC 31 sR2CC 24    736.3 dR1a' 34 sR1CC 23   

765.4 wR1CH 90      781.4 rR3CH2' 38     

813.3 wR1CH 104      826.6 wR1CH 38 rR2CH2 34   

821.8 rR3CH2' 24      843.3 sR3CC 27 twR2CH2' 18   

852.4 wR1CH 107      849.2 wR1CH 60     

863.0 sR3CC 39 sR2CC 20    882.5 sR1CC 25 twR2CH2' 23   

894.6 sR2CC 48      899.5 sR2CC 39     

919.2 rR2CH2 40      916.7 wR1CH 102     

937.7 twR2CH2' 20 dR2 20    919.2 twR2CH2' 22 rR3CH2 18 sR1CC 17 

964.0 sR2CC 29 sR1CC 17    944.7 sR2CC 18 sR3CN 18   

975.8 sR1CC 17      980.0 wR1CH 118     

1016.7 rR3CH2 23 sR3CN 20 sR2CC 19  994.3 rR3CH2 28 sR3CC 25   

1025.9 sR3CN 21 sR3CC 20    1030.2 sR3CN 31     

1053.6 dR1 18      1050.3 sR3CN 30 sR2CC 21   

1074.9 sR3CC 24 sR2CC 16    1074.1 sR3CN 24 sR3CC 16   

1085.8 sR3CN 27      1086.6 sR1CC 16     

1120.2 sR3CC 19 sR2CC 18    1112.1 sR1CC 52 rR1CH 16   

1142.0        1112.2 sR2CC 19 sR3CN 15   

1156.5 rCH3 34      1126.1 sR1CC 33 sR2CC 17   

1171.9 rR1CH 27      1147.1 sR2CC 25     

1187.7 rR1CH 30      1173.4 twR3CH2' 41     

1197.7 rR1CH 23 rR2CH2' 17    1184.7 rCH3 38 rCH3' 20   
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Table Apx-2 Continued 

1216.5 dCOH 54 sR1CC 19    1200.2 rR2CH2' 36     

1221.8        1227.5 sR1CC 22     

1231.2 sR2CC 19      1238.4 twR2CH2 22     

1268.4 rR1CH 27      1250.9 rR1CH 31 sR1CC 29   

1278.0        1282.9 rR3CH 28     

1292.3 twR2CH2 34      1291.6 sR1CC 27 rR1CH 19   

1320.3 sR1OH 24      1294.4 twR2CH2 31     

1321.8 rR2CHb' 26      1303.7 sR3CC 18     

1355.1        1326.9 wR3CH2' 47     

1370.8 rR2CH' 20 wR3CH2' 18    1337.6 twR3CH2 55     

1378.6 wR2CH2' 17 twR3CH2 15    1360.1 wR2CH2' 62 sR2CC 15   

1387.3 rR2CH 19 wR2CH2 17    1374.2 sR2CC 20     

1403.3 wR3CH2 20 wR2CH2 18 wR2CH2' 16  1393.8 rR1CH 26     

1405.6 rR2CH' 31      1406.8 wR3CH2 45     

1414.9 wR3CH2' 22      1415.5 scR2CXY 30 rR1CH 19   

1443.7 rR3CH 51 wR3CH2 19    1424.7 dCH3 52     

1457.1 rR3CH' 40      1429.1 sR1CC 42     

1470.0 sR1CC 72      1444.5 scR3CXY' 58     

1482.6 dCH3 74      1445.8 dCH3 17     

1497.9 sR1CC 45 rR1CH 19    1447.6 scR3CXY' 27 rR1CH 15   

1509.6 scR2CXY 51 scR2CXY' 21    1458.9 scR2CXY' 79     

1515.3 scR3CXY' 58      1470.8 rR1CH 28 scR2CXY 26 sR1CC 18 

1524.4 dCH3a' 50 scR3CXY 26    1479.3 rR2CH' 23 dCH3a 22 rR3CH' 17 

1528.0 scR3CXY 41 scR2CXY' 21 dCH3a' 19  1492.1 dCH3a' 50     

1529.8 scR2CXY' 41 scR3CXY' 21 dCH3a' 15  1493.0 sR1CC 17 scR3CXY 16   

1542.4 dCH3a 48 scR3CXY 19    1503.8 scR3CXY 52     

1545.0 sR1CC 37 rR1CH 34    1517.9 sR1CC 22 dCH3a 19   

1633.6 sR1CC 72      1531.1 dCH3a 23     

1672.1 sR1CC 65 rR1CH 15    1552.7 sR1CC 31 rR1CH 26   

3042.7 sR2CH2' 67 sR3CH2' 19    2819.7 sR3CH2 99     

3044.6 sR2CH2 90      2848.0 sR3CH2a 100     

3046.1 sR3CH2' 67 sR2CH2' 18    2855.9 sR2CH2 98     

3078.4 sR2CH' 94      2889.9 sR2CH2a 98     

3079.1 sR2CH 92      2903.7 sR3CH2' 94     

3091.1 sR2CH2a 74 sCH3 17    2905.5 sR2CH2' 93     

3094.4 sR3CH2 89      2908.3 sR2CH' 98     
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Table Apx-2 Continued 

 

 

3099.8 sCH3 79      2916.7 sCH3 99     

3115.2 sR2CH2a' 86      2932.3 sR3CH2a' 89     

3118.3 sR3CH2a' 86      2935.4 sR2CH2a' 89     

3162.9 sR1CH 100      2970.0 sR2CH 100     

3164.8 sR3CH2a 96      2987.3 sCH3a 87     

3180.4 sR1CH 61 sR1CO 38    2990.0 sCH3a' 87     

3180.7 sR1CO 61 sR1CH 38    3054.8 sR1CH 79 sR1CO 21   

3203.1 sCH3a 82 sCH3a' 18    3055.7 sR1CH 88     

3223.5 sCH3a' 81 sCH3a 18    3058.9 sR1CO 67 sR1CH 33   

3365.2 sR3NH 100      3317.3 sR3NH 100     

3691.5 sR1CH 100      3683.3 sR1CH 100     
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