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Foreword

THE ACS SYMPOSIUM SERIES was first published in 1974 to pro-
vide a mechanism for publishing symposia quickly in book form. The
purpose of the series is to publish timely, comprehensive books de-
veloped from ACS sponsored symposia based on current scientific re-
search. Occasionally, books are developed from symposia sponsored
by other organizations when the topic is of keen interest to the chem-
istry audience.

Before agreeing to publish a book, the proposed table of contents
is reviewed for appropriate and comprehensive coverage and for in-
terest to the audience. Some papers may be excluded in order to better
focus the book; others may be added to provide comprehensiveness.
When appropriate, overview or introductory chapters are added.
Drafts of chapters are peer-reviewed prior to final acceptance or re-
jection, and manuscripts are prepared in camera-ready format.

As a rule, only original research papers and original review pa-
pers are included in the volumes. Verbatim reproductions of previ-
ously published papers are not accepted.

ACS BOOKS DEPARTMENT
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Preface

Now that you’ve picked up this book, don’t set it down! We sincerely believe
you will find value in this publication. This book is based on a symposium held at
the 214" American Chemical Society National Meeting and Exposition during the
Fall of 1997 in Las Vegas. The symposium was co-organized by an academic
chemist with strong interests in novel methodology for rational drug design
(Parrill) and an industrial chemist with strong interests in applications of rational
drug design (Reddy). The mix of papers in this book therefore reflects a broad
spectrum of current topics in rational drug design. The authors also come from
diverse work environments where research in rational drug design takes place,
including the pharmaceutical industry, software development indus-try, and
academia. The broad range of topics, perspectives, and approaches makes this
book appealing to an equally distributed group of readers.

Rational drug design is a multidisciplinary field. Specific sections in the
book are likely to be useful to a variety of chemists not specifically involved in
drug design. In particular, the papers in the second section should have appeal to
many computational chemists, offering new methods for modeling solvent effects
and dynamic processes in chemistry.

Although the value of this book to computational chemists and researchers
in-volved in rational drug or materials design is evident from a quick glance at the
Table of Contents, there are several features of value to those wanting an
introduction to the field. The first chapter offers an overview of rational drug
design and provides explanation for many of the topics that occur in later
chapters. Chapters 2 through 8 then discuss more detailed aspects of energetics
and solvation in drug design. Chapters 9 through 12 describe applications of drug
design methods. Chapters 13 through 16 detail new methods for QSAR,
combinatorial chemistry, and docking. In Chapter 17, David Clark provides a
review of evolutionary algorithms in drug design that provides an excellent
introduction to an optimization method that is rapidly finding application in
almost all areas of rational drug design as well as in more general areas of
chemistry. The following four chapters, 18 through 21 cover specific uses of
evolutionary algorithms in drug design. The final chapter, “Is Rational Design
Good for Anything?,” by Donald Boyd, offers a perspective on successes and
failures of rational drug design.

If you are interested in drug design, molecular interactions, free energy
computation, solvation, optimization problems, combinatorial chemistry, or
QSAR, don’t put this book down! Whether you are looking only for an
introduction or in-depth coverage you should find much to interest you in this
volume.
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Finally, we express our gratitude for generous support from the Computers
in Chemistry Division of American Chemical Society, the Petroleum Research
Fund, Metabasis Therapeutics, Inc., Molecular Simulations, Inc., Merck, Amgen,
Inc., and Lederle.

Abby Parrill M. Rami Reddy
Department of Chemistry Metabasis Therapeutics, Inc.
The University of Memphis 9390 Towne Centre Drive
Memphis, TN 38152 San Diego, CA 92121
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Chapter 1

Overview of Rational Drug Design
M. Rami Reddy' and Abby L. ParrilP?

'Metabasis Therapeutics, 9360 Towne Centre Drive, San Diego, CA 92121
’Department of Chemistry, University of Memphis, Memphis, TN 38152

Traditional Drug Design.

Drug discovery programs in the pharmaceutical industry prior to the 1960's were
based entirely on screening thousands of natural and synthetic compounds for
activity. Once a potential drug compound was selected by this process, medicinal
chemists would then synthesize hundreds of related compounds to develop the safest,
most effective drug for patients use. However, the costs and risks associated with this
process have become enormous; the cost of completing the research and development
process for a single new drug has more than doubled in the last decade. Various
sources estimate this cost to to be anywhere from $200-$500 million. Each year
researchers test hundreds of thousands of chemical compounds, yet in the United
States only about 25 new drugs are introduced. Even worldwide the introduction of
new drugs only reaches 40-45 per year. Many of these new drugs are only “me-too
compounds”, as the various companies attempt to apply their patented “molecular
manipulations” to other companies' top selling drugs.

A major limitation of the drug screening strategy is that it does not reveal why a
compound is active or inactive, or how it might be improved. It also provides no
assurances that an active compound is specific for a given human target protein. The
lack of such specificity can be a major source of undesirable side effects which can
halt the clinical development of a drug. Drug screening is essentially a blind process,
indicating the reason for the need to test approximately 20,000 compounds in order
to find one that becomes a marketable drug.

Drug screening is often followed by structural optimization of lead compounds in
order to improve potency and other properties, but deciding when to move from
screening to synthesis is a problem.l Although screening has produced the vast
majority of existing drugs, it has not proven to be a wholly satisfactory strategy.
There are many important therapeutic needs for which screening has failed.

Notable work began to appear in 1962 which led to drastic changes in the process

used to optimize chemical structures for medicinal purposes.2:3  This work

© 1999 American Chemical Society 1
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established the foundation for the multi-parameter QSAR methods in common use
today. Subsequent publications outlined how the Hansch approach could be applied

to drug design.4-6
Challenges of Drug Design

Researchers have worked for a long time to overcome the limitations of
screening by designing molecules to perform specific therapeutic tasks. This vision
of rational drug design was made more plausible by improvements in our
understanding of the similarities between the actions of different biologically active
compounds. Almost all drug molecules achieve a biological response through
interaction with a target or receptor biomolecule. Descriptions of our earliest
understanding of this interaction compared the drug molecule entry into a crevice of
the target protein to a key in a lock, thus inhibiting the protein’s normal biological
function. Current descriptions liken drug interactions with biomolecules to a
handshake, where both the ligand’ and the protein adjust somewhat to accommodate
the other.

The general drug - target scheme suggests that structure-based rational drug
design can be accomplished by three basic tasks. First, the appropriate protein target
for a given therapeutic need must be identified. Second, the distinguishing structure
of the target protein must be determined. Finally, the structure of a drug must be
designed to interact with the target protein. However, a number of technical barriers
have hindered work in the area of structure-based drug design. First, many important
human diseases are not sufficiently well-understood at the molecular level to permit
scientists to identify an appropriate drug target. Second, even when an appropriate
target has been known, its molecular structure has generally not been known in
adequate detail for drug design. Finally, the design of structures complementary to
the target requires consideration of both the three-dimensional as well as the
functional aspects of chemical structures.

In cases where an appropriate biological target cannot be identified or
characterized, rational drug design requires a different strategy. This alternate
strategy makes use of structural information about drugs that produce the same
biological response at different doses. It is often reasonable to assume that such
drugs interact with the same, albeit unknown, biological target. They must, therefore,
have some common set of structural features that are required in order to evoke the
aforementioned biological response. This common set of structural features is the
pharmacophore. This assumed similarity of drugs with similar effect suggests an
alternative set of tasks that can accomplish rational drug design. First, the structural
features important for biological activity must be determined. It is important that
these features provide three-dimensional information either implicitly or explicitly.
Second, optimal combinations for these features must be determined. Finally, the
structure of a drug must be designed which exhibits the optimal combination of these
features. Drug design efforts that seek to accomplish this alternative set of tasks are
classified as pharmacophore based approaches.8 Drug design efforts using
pharmacophore based approaches have their own set of challenges.  First,
determining important structural features when a variety of chemical structures
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demonstrate the same biological activity requires an understanding of the structural
correspondance. An additional complication arises due to the fact that some drugs
which elicit the same biological activity display multiple modes of interaction with
the target. Challenges for the structure design portion of the pharmacophore based
approach are the same as the challenges during the corresponding activity when used
in structure-based drug design approaches.

Rational Drug Design

Since the early 1980’s, advances in molecular biology, protein crystallography,
and computational chemistry have greatly aided Rational Drug Design (RDD)

paradigms and the accuracy of their binding affinity predictions.9-11 Figure 1 shows
a flowchart that describes the different approaches that may be employed by drug
discovery groups during RDD or ligand design. Further discussion of RDD will be
organized into four main areas. Two of these areas, pharmacophore based approaches
and structure-based approaches depend on whether the three-dimensional structure of
the biological target is available. The other two areas, new lead generation and
structure evaluation, will be performed regardless of whether the biological target
structure is known.

Pharmacophore-Based Approaches. The path at the first decision point is
determined by the availability of the 3-dimensional structure of the enzyme or
complex. If the structure of the biological target is unknown, various methods that
utilize active (and inactive) analogs can be used to develop a working model of the
requirements for biological activity, in other words, the pharmacophore. There are
several evolving quantitative methods that utilize active compounds such as 2D-

QSAR,12-15 3D-QSAR!6 and neural networks.17 Comparative Molecular Field

Analysis (CoMFA) is a very widely used 3D-QSAR technique. 16 CoMFA represents
a significant achievement due to its ability to develop a three-dimensional
quantitative model that relates steric and electrostatic fields to biological activity. An
initial problem with the method was the need to select both conformations and
alignments of the molecules to be modeled. Due to this problem, many initial uses of
the CoMFA method involved molecules with rigid ring systems. For example, Allen
et. al. predicted the binding affinities of six analogs of beta-carbolines for the

benzodiazepine receptor (BzR) prior to synthesis18 using a previously published

CoMFA model.19 The standard error of prediction for these six analogs is
significantly lower than the standard error estimate of the cross-validation runs on the
training set, hence the predictions made using this model are much better than
expected. Even now, nine years after the first description of the CoMFA method,

papers are appearing in the literature that offer new solutions to the alignment20 and
conformer selection2! problems. In addition to such three-dimensional models,

pharmacophore hypotheses may also be developed by more qualitative methods.22
Using any of these methods one could propose new analogs of a lead compound
based on the pharmacophore model.
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Structure-Based Approaches. The other branch at the first decision point is used
when the 3-dimensional structure of the enzyme or complex is known. The process
typically begins by generating a working computational model from crystallographic
data, but methods to develop models of the binding site from active ligands are

becoming more prevalent.23-26 Development of the working model may include
developing molecular mechanics force field parameters for non-standard residues
consistent with the force field for standard residues, modeling any missing segments,
assigning the protonation states of histidines, and orienting carbonyl and amide
groups of asparagine and glutamine residues based upon neighboring donor and
acceptor groups. Characterization of the active site is then aided by a variety of
visualization tools. For example, hydrophobic and hydrophilic regions of the active
site are readily identified by calculating the electrostatic potential at different surface
grid points, and hydrogen bond donor and acceptor groups can be highlighted in the
active site. The information gained by the characterization of the active-site is very
important for proposing new lead compounds or analogs of a known leads.

New Lead Generation. Generation of new lead compounds can be accomplished
using de novo design methods to design new structures?/»28 or by searching
databases22,29-35 of known chemicals for particular structural features. De novo
molecular design methods may design structures by sequentially adding or joining
molecular fragments to a growing structure, 36-38 by adding functionality to an
appropriately-sized molecular scaffold, or by evolving complete structures39-41,
Some de novo design methods have concentrated on the design of diverse molecular
scaffolds,42 or on the development of diverse substituents to place on a single
scaffold.35 Database search methods have been developed that search based on
separation of molecular functionality by a particular number of bonds or distance
ranges. More chemically intuitive database search methods seek for chemicals with
particular steric and electrostatic fields.33

A growing number of drug leads are being generated by combinatorial methods
in combination with high-throughput screening. Computational chemistry is
currently being used to assist efforts in this area by ensuring that the library of
structures generated for use in high-throughput screening assays incorporates a great

deal of molecular diversity.34,35,43-48 This ensures that a diverse set of lead
compounds can be found and optimized at much lower cost than if the entire library
of possible structures were synthesized and tested. The diverse set of leads that can
be found by combinatorial chemistry can give important insight into the requirements
for biological activity. This is particularly valuable for relatively new drug targets for
which insufficient information is available for application of the structure-based or
pharmacophore based approaches.

Structure Evaluation. With new drug leads proposed, rapid and accurate prediction
of in vivo activities are needed in order to evaluate and thereby prioritize these
structures prior to chemical synthesis. In reality, evaluation methodologies are
limited to in vitro measurables such as binding affinity although an in vivo property
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such as clinical effect would be ideal. The challenge within this limitation is to
develop evaluation methods that rapidly and accurately predict absolute binding
affinities of the aforementioned large, diverse set of potential ligands. Currently
available evaluation methods can either provide qualitative rank ordering of a large

number of molecules in a relatively short period of time#9 or generate quantitatively
accurate predictions of relative binding affinities for structurally related molecules

using substantial computing power.50:31  Consequently, biological activity
evaluation techniques that increase speed without greatly compromising accuracy (or
vice versa) are of value to drug discovery programs. Methods of ligand evaluation

include graphical visualization of the ligand in the binding site,>2 substitution of
parameters from the new ligand into SAR models, and calculation of relative binding

affinities. 3,54 Usually about 50% of proposed new leads or optimized analogs can
be eliminated by evaluating their expected binding affinities based on docking,
visualization, conformational analysis and desolvation costs. The remaining analogs
will be ranked for synthesis using one or all of the following methods, depending on
computational power, time and resources, namely; 1) Free Energy Perturbation (FEP)
calculations, which give very accurate quantitative predictions, but are

computationally very expensive,50’51 2) molecular mechanics calculations, which
will give only qualitative predictions, but these calculations are very fast, 10,49 3)

regression methods33 that incorporate interaction variables (intra and intermolecular
interaction energies, hydrophobic interactions) and ligand properties (desolvation, log
P etc.), which will give semi-quantitative predictions, and are much faster than FEP

calculations, and 4) relative hydration free energies.s6 Calculation of relative
hydration free energies is important in the design and optimization of molecules that
act as enzyme inhibitors only after undergoing covalent hydration. For example, a
class of adenosine deaminase and cytidine deaminase inhibitors are known by X-ray

crystallography to bind in the hydrated form.57:58 Calculation of both the relative
hydration free energy and the relative ‘binding free energy for the hydrated species
provides an accuarte method for calculating relative inhibitor potencies since it
accounts for differences in both hydration equilibrium and binding. Then, top scoring
compounds are synthesized and tested for activity. Depending on the convergence
criteria of the biological activity, the flow chart is repeated.

Free Energy Perturbation Methods. Since FEP methods provide very accurate
quantitative predictions, we discuss its use in the comparison of similar ligands
binding to an enzyme. This task is of particular value during the lead optimization
phase of drug design. We considered two examples where FEP calculations were
used successfully to predict binding affinities of ligands to enzymes prior to
synthesis. The first example considered was one of the earliest successes of FEP
calculations and involves transition state ligands bound to thermolysin, carried out by

Merz and Kollman.31 In this work these authors predicted that the replacement of an
-NH group with a methylene group would not be detrimental to binding affinity
despite a loss in a hydrogen bond between the NH and an amide carbonyl. The
principal reason was related to ligand desolvation. This prediction, which was made
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ahead of biochemical measurements, was later confirmed experimentally. In the

second example, several research groups39-62 used the FEP method for calculating
relative binding affinities for HIV-1 protease inhibitors and obtained good agreement

with experimental results. More recently, Reddy et. al.50 used a computer-assisted
drug design method that combines molecular mechanics, dynamics, FEP calculations,
inhibitor design, synthesis, and biochemical testing of peptidomimetic inhibitors and
crystallographic structure determination of the protein-inhibitor complexes to
successfully design novel inhibitors of HIV-1 protease. This study involved a large
set of molecules whose relative binding affinities were predicted using FEP methods
prior to synthesis, and were later confirmed by experimental measurements.

Fast Methods for Qualitative Binding Prediction of Binding Affinities of
Ligands. Though the FEP method is theoretically more accurate and provides
quantitative predictions between two similar ligands, it suffers from some practical
limitations as applied to ligand design. Therefore, faster methods that can
accommodate structural diversity are being developed. In some cases predictions of
ligand binding has been based on soley on a visual analysis of structures without any

force field calculations.’2 These methods relied on graphical analysis of features
such as steric and electronic complementary of the docked inhibitor to the target
protein, the extent of buried hydrophobic surface and the number of rotatable bonds
in the ligand. Quantitative descriptors based on molecular shape3 and grid-based

energetics64 have also proved to be useful. More advanced methods have used an
empirical scoring function63 derived from crystal structure data and experimental
binding affinities. Though molecular mechanics methods appear to be more useful in

this regard, these methods met with only limited success initially,56 due to the large
approximations involved in the analysis (e.g., binding conformations, solvent model
used, lack of entropic terms etc.). Recently, Montgomery et. al. adopted some
improvements to the molecular mechanics methods by using Monte Carlo techniques
to derive the binding conformations of inhibitors followed by energy

minimizations.10,67 This method allowed the prediction of binding affinities for
proposed purine nucleoside phosphorylase inhibitors prior to synthesis. The
calculated results suggested that differences in solvation and entropy would
contribute minimally to binding affinity. Although the binding conformations were
accurately predicted in this study, analysis of interaction energies across the inhibitors
was less informative, presumably because of unaccounted factors such as desolvation
and entropy.

Future Directions

Rational drug design methods are continually improving, and a wider variety of
drug targets are being approached by these methods. A wide variety of additional
improvements can be anticipated in the future as well. Improved computer hardware
will allow the use of more rigorous methods to be applied to large molecular systems.
It will not be surprising to see fully quantum mechanical docking studies appearing in
the future. A second trend in computational methods that should continue in the
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future is the development of both hybrid methods (currently known examples include
genetic neural networks, !5 k-nearest neighbor genetic algorithms,68 among others)
and integrated tools for drug design. Advances in the modeling of protein structures
will promote more widespread use of structure-based drug design for drug targets that
do not crystallize.

New experimental methods will also lead rational drug design in new directions.
Combinatorial chemistry and high-throughput screening would not be as highly
useful as they are today without solid-phase synthesis methods. Improvements in
areas such as catalyst design to allow rapid access to an ever-increasing range of
chemical structures, biological activity assays to allow the use of a wider variety of
biological targets, and experimental structure determination methods to provide a
wider selection of structural information for structure-based approaches will have
significant impact on how rational drug design is performed in the future.

For lead optimization, the quantitative FEP methods provide an accurate
prediction of relative binding affinities between inhibitors only for structurally similar
molecules, whereas the qualitative methods provide qualitative trends for relative
binding affinities across a more structurally diverse set of compounds. Ideally,
methods that combine both of those features will greatly enhance the utility of
computational methods to drug design. Increased structural diversity, however,
requires accurate calculation of additional factors that significantly impact the
compounds binding affinity. For example, the larger the difference in structure, the
greater the chance that solvation, entropy, inter and intramolecular interaction
energies of ligand both in solvent and in the complex, hydrophobic effects,
conformational flexibility etc., will influence relative binding affinities.
Understanding the magnitude of each contribution is key to an accurate prediction.
Since an equation that incorporates each factor accurately has not been derived, we
cannot expect accurate predictions using any of above mentioned methods for the
diverse set of molecules. Therefore, regression equations which incorporates many of
the properties discussed above would greatly strengthen the rational drug desion
methods for fast screening (prior to synthesis) of diverse set of inhibitors to an
enzyme semi-quantitatively.

In conclusion, rational drug design is an exciting and constantly growing field of
research. Its impact on quality of life and health ensure the vitality of the field.
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Chapter 2

Conformational and Energetic Aspects
of Receptor-Ligand Recognition

J. D. Hirst, B. Dominy, Z. Guo, M. Vieth, and C. L. Brooks

Department of Molecular Biology, TPC-6, The Scripps Research Institute, 10550

North Torrey Pines Road, La Jolla, CA 92037

In this chapter, we describe ongoing work in our laboratory on the
development of methodologies to enhance the process of inhibitor
discovery and optimization. We review developments of energy
(scoring) functions for flexible ligand, all atom docking and a
scoring function to assess the efficiency of docking protocols.
Using approximate free energy methods, we explore the similarity
between bound and unbound conformations of ligands. When an
appropriate anchor point descriptor is utilized, the lowest
conformations in solution correspond well with the ligand-bound
conformation in most cases. We also use approximate free energy
methods to explore binding specificity of a ligand, LP149, binding
to a model for resistance-evolved HIV protease, by comparing the
characteristics of binding of this compound to proteases from HIV I
and FIV. Finally, we provide an outline and applications of the A-
dynamics methodology to a rigorous free-energy based screening
calculation of multiple ligands in a common receptor.

1. Overview and Introduction

This chapter presents an overview of ongoing work in our group on the
development of techniques to study the broad spectrum of questions that arise in
research in the area of drug discovery and optimization. The studies described in the
section below comprise the presentations of the authors in the symposia titled "New
Methods in Computational Chemistry" and "Rational Drug Design" at the 214th
National Meeting of the American Chemical Society Meeting that took place in Las
Vegas, Nevada during September 7 and September 11, 1997.

The theoretical study of ligand-receptor interactions, as practiced in the
discovery and design of new therapeutics, requires the fusion of methodologies and
techniques from many different areas of theoretical and computational chemistry.
The process of binding, the identification of binding sites and the assessment of
ligand "viability" involve the full description of the ligand and protein (receptor) in
solution, the movement of the possibly flexible ligand into the receptor binding site
and the energetic components of ligand-receptor interactions (/). The search

12 © 1999 American Chemical Society
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for a comprehensive solution to the drug design problem leads to several questions

that may be addressed and answered using today's tools of structural and energetic
modeling. Key questions that drive much work in this area include: What is the
relationship between receptor bound conformations of the ligand and those it
populates in solution prior to binding? Does flexibility of the ligand or receptor
influence the efficiency of ligand binding? What determines optimal binding affinity
in a series of ligands binding to the same receptor? What determines binding affinity
to similar receptors, as occurs in cases where drug resistance develops due to
evolutionary pressure in a pathogen? Can molecular origins of drug resistance be
identified and quantified?

Accompanying these fundamental questions are the technical issues that are
embodied in the development of theoretical methods for their treatment. Issues like:
How can one assess the efficacy of an approximate energy function used for
describing ligand-receptor binding? Can one find an optimal scoring function for
such an assessment? Are there preferred methods for docking ligands to known
receptors? Can approximate free energy "estimators” effectively be used to explore
or screen ligands binding to their receptors? Aspects of many of these questions are
addressed in the sections of the chapter that follow.

In the initial section, Section 2 below, we consider the question of ligand-
receptor docking. Our primary objective is the development of robust techniques
that employ a complete molecular mechanics description of the energy for the
docking of ligands to different receptors. Critical in this treatment is consideration
of the flexibility of the ligand, the efficiency with which one can search for and find
optimal sites of binding in ligand-receptor complexes, and the establishment of an
appropriate scoring function to distinguish correctly docked and incorrectly docked
structures from each other. The study that we outline below considers the binding
of five different ligands to their respective receptors. The ligands have different
degrees of flexibility and are representative of the range of ligands often
encountered in drug discovery efforts. The receptors too, though all proteins, are
believed to be representative. We note in this section that one may consider the
problem of docking as composed of at least two major components. The first is
whether the energy (scoring) function has the ability to correctly discriminate
between docked and mis-docked ligands. This is clearly a necessary condition for
the successful de novo prediction of new ligand receptor pairs, yet it seems to be a
requirement often ignored, or at least glossed over, in many current approaches to
ligand docking. We describe studies that explore 144 possible energy functions and
devise a general scoring function for ranking these energy functions for their ability
to discriminate between correctly docked and mis-docked conformations. Also
critical are those features of the "docking landscape” that influence the efficiency of
the search strategy in finding optimal docking solutions. We develop and describe a
docking efficiency assessor by considering a range of energy functions and their
influence on docking efficiency. We conclude the first section with a summary of
the simple molecular mechanics energy functions found to provide optimal docking
efficiency and selectivity.

In Section 3 of this chapter, we explore the question of the influence of the
receptor on the conformation of the bound ligand. We first note that the concept of a
single static ligand conformation in the receptor pocket does not adequately account
for the dynamic character of the ligand-receptor interaction. This consideration also
leads us to the idea of "anchor points" within a ligand, atoms or groups that show
the least motion and have the largest interactions with the receptor in the complex.
We then go on to show that when appropriate descriptors are chosen to represent
the ligand, i.e., the anchor points, that its lowest free energy solution conformation
is in good agreement with that found in the ligand-receptor complex. In this study
we examine ten different ligands in solution and their associated receptors. Our
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findings presented in this section suggest that in the development of pharmacaphore
maps from families of ligands in the absence of information about their receptor
structure it is essential to use a "blurred" description of atomic details and focus
instead on functional anchor points.

Drug resistance is a growing problem in the treatment of many diseases that
affect us in modern times. Thus an understanding of the atomic basis of resistance
is a first step toward the development of compounds that are resilient to resistance.
One particular area of resistance that is of significant social concern is that
associated with the HIV I virus. In this system many of the compounds that have
been used to reduce virus levels in infected individuals are of limited use when used
as the sole antiviral agent. Thus the development of methods and the study of drug
resistant compounds is a critical element in fighting diseases such as AIDS. In
Section 4 of this chapter we describe a modest first step toward our search for the
atomic origins of resistance. We present a study that considers the binding of a
single common ligand to both the HIV I protease and the analogous protease from
the feline version of the virus, FIV protease. The FIV protease differs from HIV in
a number of ways that are common to resistance-evolved proteases of HIV I, and
thus serves as a model system for our examination of differential ligand-receptor
interactions. Our efforts in this section focus on (i) the exploration of efficient and
accurate ways to develop ensembles of ligand-protease complexes to permit a more
statistically based study of ligand-receptor affinity and (ii) the development of a
"free energy approximator” built up from computationally undemanding protocols,
e.g., assessment of protein and ligand energies with conventional molecular
mechanics potentials and inclusion of solvent effects with continuum-based
Poisson-Boltzmann (PB) techniques. In this study we find that the major
determinant of the difference in binding affinity between a peptide mimetic inhibitor
of HIV/FIV binding to these two proteases is the ligand's internal strain. We
suggest that differences in protein-ligand interactions can be "redistributed"
throughout the protein-ligand interface by small adjustments of protein-protein
interactions, whereas different degrees of "crowding" of the ligand will be manifest
in the energy of the ligand. We also examine the role of individual residues, that
differ between proteases from the two species, in differentiating the ligand and note
one Asp to Ile difference that appears not to be fully compensated for.

The free energy difference between a ligand and receptor in their unbound
conformations and in their bound conformations is the ultimate "discriminator" in
relative binding affinity assays. Thus, the screening of ligands against a common
receptor should be based as closely as possible on this free energy difference. In the
final section of the chapter we describe our developments of the new A-dynamics
approach to free energy calculations and ligand-receptor screening. We provide an
overview of the formalism and show how it may be exploited as a free energy
based technique for the screening of ligands for a common receptor in a time that is
faster than conventional free energy calculations. We demonstrate the A-dynamics
approach by considering a series of para-substituted benzamidine derivatives bound
to the protein trypsin. The application of this methodology to the simultaneous
calculation of free energy changes of ligands binding to a common receptor
illustrates how A-dynamics provides an efficient means of both free energy-based
screening and more conventional free energy calculations.

2. Optimizing an energy function for ligand-receptor docking

We begin by discussing one of the more familiar computational approaches to
rational drug design, that of ligand-receptor docking. The interactions of ligands
with their biological receptors determine the process of molecular recognition. In
computer assisted drug design, molecular recognition is modeled using docking
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algorithms, which predict the structure of the ligand-receptor complex from the
structures of free ligand and free receptor (2). There are many approaches to the
docking problem (2-10). In rigid docking (10), both receptor and ligand are treated
as rigid bodies, following the lock and key mechanism of binding (/7). In the
majority of flexible docking approaches, ligands only are allowed conformational
flexibility (9). Of course, in reality both protein and ligand may be flexible, as
embodied in the induced fit model of binding (12).

A successful docking algorithm requires a good scoring/energy function and
a good search/optimization algorithm. Both are essential components. A good
scoring function should be selective, i.e. able to distinguish the correct solution (the
crystal structure of the ligand-receptor complex) from all others. It should also be
efficient. By this we mean that the potential energy surface should not have too
many large barriers and thus should be amenable to rapid searching, so that a given
search algorithm can quickly find the correct solution. In this section we present a
systematic way to design a molecular mechanics scoring function for a flexible
docking algorithm. We allow ligand flexibility and treat the receptor as a rigid body.
The idea behind this choice is to illustrate the scoring function design process for
the simpler case where the sampling problems are almost nonexistent. Simulated
annealing molecular dynamics (MD) is used as the search strategy.

2.1 Optimization. To optimize the selectivity and efficiency of a scoring
function we use a test system comprising five protein-ligand complexes.

HO
D
H2 NHZ (E .\\\OH (0]
e
6— Jo
0o /™ HO o
G)O O
Benzamidine Phosphocholine Sialic acid
©
HO o N A Q
3 \}'N
—p—0
0\ H-N Q
S
OH g
Glycerol 3-phosphate Biotin

The complexes include a small rigid ligand in an open active site,
benzamidine/trypsin (PDB code 3ptb) (/3), flexible ligands in open active sites,
phosphocholine/FAB  McPC-603 (PDB code 2mcp) (/4) and sialic
acid/hemagglutinin (PDB code 4hmg) (I5) and flexible ligands in relatively
inaccessible active sites, glycerol 3-phosphate/triose phosphate isomerase (PDB
code 6tim) (16) and biotin/streptavidin (PDB code 1stp) (17). We believe that these
ligand-receptor complexes are sufficiently diverse to allow us to draw general
conclusions about the selectivity and efficiency of an energy function.
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For protein receptors, the parameter set was based on CHARMM
param19/toph19 topology and parameter libraries (/8). For the ligands, the charges
were generated by the template method in Quanta with smoothing of charges over
all atoms. For the nonbonded interactions, a switching function for the van der
Waals (vdW) and electrostatic interactions (1/8) was used. In order to restrain the
ligand to the neighborhood of the active site, a harmonic restraining potential was
ap]‘%}ied. It acted only when the center of geometry of the ligand was further than
11A from the center of the active site. The restraining potential was implemented
through the NOE module in CHARMM.

Our scoring function for docking comprises the CHARMM receptor-ligand
interaction energy and the ligand self energy. In our optimization we modify the
nonbonded interaction parameters. In particular, we examine different nonbonded
truncation parameters (with three values of 8A, 9A and IOA), different models for
electrostatics (distance dependent dielectric, constant dielectric and Poisson-
Boltzmann (PB) solvation based on the electrostatic field generated by the protein),
different dielectric constants (€ = 1, 2, 3, 4), the reduction of surface side chain
charges and changing the hard core vdW potential to a soft core.

The reduction of the charges of the surface side chains is implemented as
follows:

S i
C,lm = (1 _ protein ] C
) stripeplide ( 1 )

where C,,, is the reduced charge of the side chain atom, S,,,,.., is the surface
exposure of side chain X in the protein, S, is the surface exposure of this side
chain in a GLY-X-GLY trans tripeptide and C is the original charge of the side
chain atom. The modification of the vdW interaction involved the reduction of vdW
interactions at r; = 0.80 for the initial annealing stage and was implemented

through:

12A, 6B; <
?';; (fo,)" B (fo.) (fo; - ;) + Evpy (foy) ; 1; < fo
E = y y
VoW A B
Eypw () = 2 ‘1—;] _—%sz(rijz’rozn'r:ﬁ) ) I > fo;
iz \ T ij )

where E,,, is the vdW energy, A; and B, are non-bonded parameter, sw is a
switching function, o; is the mean of the vdW radii of atoms i and j and T is the
distance between atoms i and j. This equation is discussed in greater detail in
Brooks et al. (18). The essence of this modification is that for distances shorter than
Jfoj; the force acting on atoms i and j is the same as at fo;. In other words, the vdW
interaction from foy, is a linear function of r;. fis the fraction of o} that the soft core
potential starts at (0.8 in most applications). The modification makes the vdW
repulsion very small (the maximum value is on the order of hundreds of kcal/mol)
and the resulting conformational transition barriers are much smaller than with the
original vdW potential. A similar modification is made to the electrostatic potential
and forces. All combinations of the modifications were examined, giving a total of
3%4*2%2%3 = 144 tested potentials.

2.2 Optimizing selectivity. The first stage of designing a good scoring
function for docking is the optimization of selectivity, that is, the ability to
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distinguish the docked structures from mis-docked ones. Docked structures are
defined as structures consistent with the crystallographic conformation, within a
root mean square deviation (RMSD) of 2A. "Mis-docked structures have a RMSD
greater than 4A from the Brookhaven Protein Data Bank (PDB) (19) structure of the
complex. The selectivity of the scoring function is evaluated based on the separation
of the energy distributions for docked and mis-docked structures for five protein-
ligand complexes. The scoring function is analogous to those used in protein
folding parameter design (20), sequence design studies (21, 22) and inverse folding
approaches (23-25), in that energies are converted to Z scores (26) to account for
the nature of the energy distribution:

Z(E) = (E-E)
c 3)

where E is the average energy of the distribution and o is the standard deviation.
Selectivity is measured using the function,

N N
Y25, - 28 ,) 2. <28, s T[] #0
i=1 i=1

N
5 f;'j =0
=1

SG,; =

]

o 2',_.

C)

where j refers to the parameter set (j = 1, 144), i refers to the complex (i = 1, 5)
z and zy  are the minimum Z scores for the docked and mis-docked
conformations Tespectively. f. is the fraction of the docked structures whose Z
scores are lower than those of the mis-docked structures. N is the number of
complexes - in our case study N = S. The score is zero for a parameter set if, for
any complex, the lowest Z score of mis-docked structures is less than the lowest Z
score of the docked structures. A lower score corresponds to a better selectivity.

2.3 Optimizing efficiency. The efficiency of a scoring function is defined
as the mean number of docked structures per unit of time and is averaged over five
protein-ligand complexes,

N

1 N
%E(ﬁm +05(f — fisz)) [1fis =0

SE. = i=1 1=’1l

J
O 5 H fi‘.<3 = 0
e )

where f. indicates the fraction of structures for parameter set j with RMSD less
than a A'4nd time is the total computer time used for docking of all five ligands to
their respective receptors. All timings and fractions of docked structures utilized the
same annealing schedules with 108,000 energy evaluations. The score is zero for a
given parameter set if for any complex f.y 18 zero.

2.4  Selectivity. The selectivity of the scoring functions was computed based
on a library of docked and mis-docked structures generated by MD simulated
annealing with ten randomly chosen scoring functions. For each receptor-ligand
complex, there were 400 orientations of the ligands, with roughly a 50:50 mix of
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docked and mis-docked structures. For each ligand position, the score was
computed as the ligand-receptor interaction energy plus the ligand self-energy.
Table I presents the 22 potentials out of the 144 possibilities that had non-zero
selectivity. The most selective potentials have a distance dependent dielectric, short
(SA) nonbonded truncation cutoffs and hard core vdW interactions. The advantage
of the regular vdW interactions over soft core vdW arises from the fact that tight
packing in the active site is favored over other binding sites much more with a hard
core potential than with a soft core potential. In false binding sites there is often
looser packing, which a soft core potential tends to favor, as it imposes fewer
constraints on shape complementarity.

Table I. Ranking of parameter sets, based on selectivity
Rank Efficiency Energy Solvation Reduce surface  vdW _ Non-bonded

SG gap* model’, e  side chain soft  cutoff (A)
charges ? core ?
| -0.78  -10.2°  rdie, 3 YES NO 8
2 -0.77 9.6  rdie, 4 YES NO 8
3 -0.72 9.4  rdie, 4 NO NO 8
4 -0.70  -11.4  rdie, 2 YES NO 8
5 -0.67 9.8  rdie, 3 NO NO 8
6 045  -10.0  rdie, 2 NO NO 8
7 -0.36 -5.9  rdie, 3 NO YES 8
8 -0.35 -5.4  rdie, 4 NO YES 8
9 -0.35 -5.9  rdie, 3 YES YES 8
10 -0.33 -5.1 rdie, 4 YES YES 8
11 -0.31 -6.4  rdie, 2 YES YES 8
12 -0.26 -5.9  rdie, 2 NO YES 8
13 -0.23 -47  rdie, 2 NO NO 10
14 -0.22 -3.5  rdie, 4 YES YES 10
15 -0.22 -4.5  rdie, 2 YES NO 10
16 -0.21 -3.6  rdie, 4 NO NO 9
17 -0.21 -3.5  rdie, 4 YES NO 9
18 -0.17 -3.4  solv, 4 YES NO 10
19 -0.16 -40  solv, 4 YES YES 8
20 -0.13 -4.8  rdie, 1 YES NO 10
21 -0.09 -5.6  rdie, 1 YES YES 8
22 -0.04 -3.5  rdie, 1 NO NO 10

*Energy gap between the correctly docked structure of lowest energy and the
minimum energy mis-docked structure. *Solvation model: rdie - distance dependent
dielectric constant, cdie - gas phase, solv - continuum solvation contribution with
constant dielectric; ¢ is the value of dielectric constant (the distant dependent
dielectric is given by er).

Short nonbonded truncation favors the specific close interactions in the
binding pocket over the more delocalized interactions in other nonspecific binding
sites. Most highly selective potentials benefit from reducing the side chain surface
charges, because most false binding sites are located on the receptor surface. Thus,
reducing surface interactions favors active site structures. In addition, a distance
dependent dielectric is almost always present in the highly selective potentials.
Neither a constant dielectric nor an approximate continuum solvation model are
desirable for the discrimination of docked conformations from mis-docked ones.
The poorer selectivity of the set with approximate solvation may be understood in
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terms of the energy gap between the docked and mis-docked structures, which is
reduced due to the smaller solvation penalty at the surface sites. On the other hand,
a constant dielectric without any account of solvation effects exaggerates the
electrostatic contribution and diminishes the influence of tight packing in the active
site.

2.5 Efficiency. To test the efficiency of the docking potentials, we selected
nine parameter sets from Table I (ranks 1-2, 7-11, 14 and 19). For each parameters
set, 20 ligand replicas were subjected to simulated annealing MD, utilizing the
multiple copy simultaneous search method (27). Initial conditions were the same for
each parameter set, as were the cooling schedules, which involved an annealing
from 700K to 300K in 100 picoseconds (ps) followed by a second annealing from
500K to 300K in 100 ps and subsequent quenching from 300K to 50K in 16 ps.
Table II shows the ranking of the tested nine parameter sets based on efficiency.

Table II. Comparison of docking for different parameter sets

SE SE I, SG 7= Solvation Reduced vdW soft Non-bonded
Rank score score model  side chain core ?  cutoff (A)
charges ?

0.039
0.038
0.038

1 0.55 -0.35 0.45 rdie,3 YES YES
2 0.53 -0.33 0.44 rdie, 4 YES YES
3 0.55 -035 045 rdie, 4 NO YES
4 0038 053 -036 046 rdie,3 NO YES
5 0.036 0.52 -031 0.44 rdie, 2 YES YES
6 0025 036 00 0.25 solv,4 YES YES
7 0.022 056 -023 0.39 rdie, 4 YES YES
8 0.00 0.32 -077 0.76 rdie, 4 YES NO
9 0.00 0.22 -0.78 0.77 rdie, 3 YES NO

00 00 = 00 00 00 00 00 09|

Average fraction of structures with RMSD from crystallographic complex less than
3 A on all heavy atoms. Fraction of docked conformations with lower energies
than the best mis-docked conformations.

It is apparent that a soft core vdW potential is necessary for the efficient
docking for all five complexes. This is because two receptors, streptavidin and
triose phosphate isomerase, have rather inaccessible active sites. For the other
complexes, where the active sites are more accessible, the efficiency does not
strongly depend on the form of the vdW potential. We find that the most selective
potentials are not the most efficient. The most efficient potential seems to be a
distance dependent dielectric with ¢ = 3, reduced surface charges, soft core vdW
and an 8A nonbonded truncation. Most potentials with soft core vdW have similar
docking efficiencies, however shorter nonbonded cutoffs lead to lower
computational times and thus better efficiency. The most efficient docking potential
is reasonably selective, with a fair separation of docked from mis-docked
structures. This is shown in Figure 1, where the energy histograms for the most
selective potential and the most efficient potential are shown. We select the best
docking potential as the most efficient one, as it has an acceptable separation of
energy distributions.
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Figure 1. Energy distributions for the docked (solid lines) and mis-docked
(dashed lines) conformations averaged over five complexes. Energies are
relative to the minimum energy of the mis-docked structures. Upper panel: the
most selective parameter set (Rank 1, Table I). Lower panel: the most efficient
parameter set (Rank 1, Table II).

2.6 Optimal energy functions for docking. We have examined a number
of potentials that discriminate correctly docked structures from mis-docked
structures. The most discriminating potentials have short nonbonded cutoffs, a
distance dependent dielectric (with € = 3 or 4), reduced surface charges and regular
(hard core) vdW potential. Potentials with soft core vdW are less discriminating.
We found that soft core repulsion was critical for the kinetic accessibility of the
binding site. In receptors with relatively small entrances to the active site, the use of
the regular vdW potential precludes ligands from entering in a reasonable amount of
time. For receptors with closed active sites, such as HIV protease, soft core
potentials will be essential for successful efficient docking. In general, the most
selective scoring functions may not be the best scoring functions for docking.
Thus, we see a separation of kinetic and thermodynamic effects. In contrast to a
commonly held belief, we show that MD can be successfully used when paired
with a smooth energy surface that has a clear global minimum. While our approach
remains to be extended to allow receptor flexibility, we have demonstrated the
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general guidelines and ideas that can be used to develop a scoring function for any
docking problem.

3. Ligand conformation in the active site and in free solution

In this section we step back and re-visit one of the fundamental assumptions
underlying much of rational drug design by addressing the question: How similar is
the conformation of an unbound ligand to its bound conformation? The construction
of pharmacophore models (a pharmacophore is a spatial arrangement of atoms that
may give rise to a biological activity) is a key process in computer assisted drug
design (28-30). In pharmacophore mapping techniques (2, 31-33) the assumptions
are often made that (i) there exists a commonality between isolated structures of
ligands (2) and (ii) their low energy solution structures are similar to the
conformations they adopt in the receptor binding site. The importance of this
similarity extends beyond the scope of computer assisted drug design to questions
related to the physics of binding. For example, how does a receptor deform the
solution structure of a ligand? Is the lock and key mechanism (/1) a good
approximation? There have been a number of attempts to relate the structures of
isolated ligands to their receptor bound conformations (34, 35). It has been
concluded from these studies that “... any local minima identified for the isolated
state are of little or no relevance for the situation in a protein” (34).

Here, we present another view of similarity between the conformations of
small ligands free in solution and in receptor complexes. We investigate a principal
assumption underlying pharmacophore mapping, namely that conformations of the
isolated ligands are relevant to binding, but we do not address the topic of
pharmacophore identification without knowledge of the receptor. The concept of
similarity should take into account the flexibility exhibited by some ligands in active
sites, which may be quantified by simulation. With this in mind, we examine two
metrics of similarity. First, we compare the low energy solution structures of a
ligand to the family of conformations observed in the active site, with similarity
identified by values of torsion angles. Secondly, we examine similarity defined in
terms of the spatial orientation of anchor points (key atoms responsible for binding)
in the low free energy solution structures and in the active site conformations.

3.1 Assessing similarity metrics. We tested the two similarity metrics on
ten protein-ligand complexes, the four flexible complexes used in the previous
section (i.e. not the benzamidine-trypsin complex) and an additional six complexes:
tricarballylic acid (bound to aconitase), Ile-Val (bound to pancreatic trypsin
inhibitor), Gly-Tyr (bound to carboxypeptidase A), Val-Trp (bound to
thermolysin), chloramphenicol (bound to chloramphenicol acetyltransferase), and
N-phosphoryl-L-leucinamid (bound to thermolysin). The ligands vary from
dipeptides and peptide-like molecules to small flexible organic molecules. The
number of important rotatable bonds in these ligands varies from two to five, where
rotation about an “important” rotatable bond is defined as involving the rotation of
at Jeast one other torsion. The anchor points (shown as gray circles) of a ligand
were identified as those atoms with the largest contribution to the interaction energy
with the receptor, based on simulation results. Each ligand was divided into
functional groups. Within each functional group, anchor points are the heavy atom
(or atoms) with higher than average interaction energies per atom. Anchor points
are also characterized by low mobility. Some functional groups, in which none of
the atoms interacted strongly with the receptor, have no anchor points assigned.
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For all peptidic ligands we use the polar hydrogen CHARMM param19
parameter set (/8). The force field parameters for nonpeptidic ligands are obtained
by the template method in Quanta. The active site families of ligands were generated
by one hundred iterations of room temperature MD simulation of 75 ps with a rigid
receptor. A distance dependent dielectric with ¢ = 2 was used. The resulting 100
structures were minimized by 1000 steps conjugent gradient and subsequently
clustered by .a hierarchical agglomerative. method (36) based on the torsion angle
metric and the anchor point distance metric. Representative structures from solution
were generated by a systematic search (33), sampling important rotatable bonds in
15° increments. The resulting structures were minimized using 1000 steps of
conjugent gradient minimization and then clustered based on the two metrics.
Clustering reduces the number of structures by roughly 500 fold. The largest
number of individual structures was 316,954 for biotin, which was reduced to 270
representatives. The free energy was calculated based on the population of a cluster
(the entropic contribution) and the solvation and internal energy of that structure that
was closest to the geometric cluster center,

A=E , ppt+E, —k;TInN
©)
where A is the free energy of a cluster, E,_, »; is the solvation free energy of a
cluster center calculated using the finite difference PB equation (37), E,, is the

internal free energy of a ligand, k,T = 0.6 kcal/mol and N is the population of a
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cluster. For continuum solvation calculations a grid size of 0.4A was used with an
interior dielectric of 2.

The next step is to rank the clusters based on their free energies. For each
ligand, cluster representatives from solution are compared to cluster representatives
from the active site. For all solution cluster representatives within the clustering
radius (15° for the torsion angle metric, 0.5A for the anchor point distance metric)
from an active site representative the one of lowest free energy is taken as the
solution structure. As cluster representatives are selected based on energies
calculated with a distance dependent dielectric and not on the PB solvation energies
(38), all structures with free energies within 3 kcal/mol of the minimum free energy
cluster are considered to be of equal free energy.

3.2 Comparison of similarity metrics. Table III presents results of a
comparison of the lowest free energy structures in solution similar to (i.e.,
belonging to the same cluster as) the active site conformations as judged by the
torsion metric.

Table III. Results for the torsion angle metric

Ligand AA Population®
chloramphenicol 0.0 0.451
N-phosphoryl-L-leucinamid 3.0 0.005
phosphocholine 0.3 0.238
tricarballylic acid 5.9 0.000
biotin 4.5 0.000
glycerol 3-phosphate 2.8 0.009
Tle-Val 4.4 0.001
Gly-Tyr 7.7 0.000
Val-Trp 9.0 0.000
sialic acid 5.7 0.000

*Free energy difference (in kcal/mol) between the lowest free energy solution cluster
and the lowest free energy solution cluster most similar to any of the active site
clusters. I’Population (based on Boltzmann probability at 300K) of the lowest free
energy solution cluster similar to any active site cluster.

In only four out of ten cases do the ligands in free solution populate the torsions
that are the same as those of the ligand in the active site conformation. Thus, in
agreement with Bohm et al (34, 35), we conclude that low energy solution
structures of small, polar ligands do not have similar torsions to their active site
conformations. In general, solution search strategies aiming to provide exact values
of torsions for the active site conformations will not be successful.

Table IV shows the comparison of low energy structures for ten complexes
having the same position of anchor points as the active site ligand conformations. It
is apparent that for nine out of ten complexes the positions of the anchor points in
the lowest free energy solution structures are similar to their positions in the crystal
structure of the complexes. This observation may well also hold for larger ligands,
but this remains to be verified. Based on the results from Table IV we find support
for the hypothesis that “there is a strong similarity between the positions of anchor
points (atoms responsible for tight binding with the receptor) of the ligand in
solution and in the active site”.
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Table IV. Results for anchor point distance metric
(notation as in Table III)

Ligand AA Population
chloramphenicol 0.0 0.761
N-phosphoryl-L-leucinamid 1.1 0.129
phosphocholine 0.0 1.000
tricarballylic acid 0.0 0.998
biotin 2.7 0.006
glycerol 3-phosphate 0.0 0.956
Ile-Val 0.0 0.998
Gly-Tyr 0.0 0.752
Val-Trp 0.6 0.198
sialic acid 6.5 0.000

3.3 Bound and Unbound Conformations of Ligands are Similar.
This similarity has a number of implications. Firstly, receptors may change the
solution structure of ligands that bind to their active sites, however the majority of
changes occur in regions that contribute less to binding interactions. The positions
of atoms responsible for tight binding seem to be very similar in low energy
solution structures and in the active site of the receptor. Thus, receptors may bind
ligands for which the positions of these points match up with key active site atoms.
The similarity between low energy solution structures and active site ligand
conformations strongly supports current efforts to build pharmacophore models
based on solution structures and finding commonalities in position of key atoms in
a series of ligands binding to a given receptor.

4. Binding Specificity of HIV and FIV Proteases

In the following two sections we focus on more detailed analyses of binding
specificity. Drug resistance in bacterial pathogens has many concemned about a
“post-antimicrobial age” (39). Many potent drugs against viral pathogens, such as
HIV, have been rendered ineffective (40-42). Drug resistance may be acquired
through a variety of mechanisms, one of which is the evolutionary modification of a
drug target that significantly reduces the efficacy of an inhibitor while maintaining
sufficient activity to survive (40, 43, 44). Understanding the mechanism of this
process is an important goal. The problem may be posed as: What is the basis of
ligand binding specificity among closely related protein targets?

We are working to understand the energetic details of this problem by
studying proteases from Human Immunodeficiency Virus (HIV) -and Feline
Immunodeficiency Virus (FIV). This model system embodies the properties of
strong homology and distinct specificity observed in drug resistant systems. The
feline has also been demonstrated to exhibit symptoms similar to those seen in
human subjects with the analogous infection. Because of this, it is hoped that a
more thorough understanding of the FIV infection and viral components may lead
to a viable animal model for AIDS. The FIV model system is useful both in
understanding the mechanisms of binding specificity, as observed in drug resistant
HIV strains, as well as developing an animal model for AIDS that may enhance the
search for novel and effective therapies.

HIV protease and FIV protease are closely related enzymes that demonstrate
altered specificity (45, 46). We have studied the energetic and molecular origin of
this specificity. HIV protease is a primary target for AIDS therapy, the other
important target being reverse transcriptase. The function of HIV protease within
the virus is to cleave a poly-protein synthesized by the infected cell’s machinery
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using the reverse transcribed RNA genome from HIV (47). During or following
cleavage of this poly-protein, the new infectious viral particle is formed. Inhibition
of the HIV protease prevents the formation of infectious virions (48) and halts the
progression of the disease. HIV protease is a homodimer, with each monomer
containing 99 amino acids. The active site, which has C, symmetry, is at the
interface of the two monomers (49). Two aspartate groups, one donated from each
monomer, form the fundamental catalytic unit (50).

4.1 Homology and Specificity. FIV protease is homologous to HIV
protease, as reflected in its similar function, structure, and sequence. Structurally,
the backbone positions overlap very well, particularly in the active site where the
RMSD of the a-carbon atoms is approximately 0.5A (46). The amino acid sequence
within the active site of FIV protease is 42% identical to the active site in HIV
protease. However, despite the strong homology between FIV and HIV protease,
FIV protease is highly specific for its own natural substrates and designed
inhibitors (45, 46). HIV protease inhibitors and substrates are barely functional
within the FIV protease environment, while HIV protease can cleave FIV protease
substrates although at slower rates (45). FIV protease also requires a longer
substrate than HIV protease, indicating that the feline enzyme is more specific,
since it requires more of its subsites to be occupied (45).

We investigate the origin of specificity of the HIV and FIV proteases by
examining a model system involving a common inhibitor, LP149 bound to the two
enzymes. This inhibitor exhibits specific binding thermodynamics with respect to
these two enzymes and there is a crystal structure of LP149 bound to FIV protease
(46). A major challenge in our investigation is that no crystal structure exists for
LP149 bound to HIV protease and we must generate a reasonable model for this
complex. We then use an empirical binding free energy partition to determine the
energetic basis for binding specificity between HIV and FIV protease in complex
with a common inhibitor: LP149.

4.2 Modeling HIV-LP149 complexes. The first step was to generate
reasonable ensembles of HIV protease complexed with LP149. HIV protease
adopts one of two conformations depending on whether or not a ligand is bound. In
the unbound state the two “flap” regions, each consisting of two B-strands
connected by a hairpin loop, are open, making the active site more accessible to the
environment (57). In the bound state these flaps are closed and, in most cases,
connected to the ligand through a tetra-coordinated water molecule. Since the
backbone conformations of HIV protease molecules in complex with ligands are
highly similar, we build a model of HIV protease complexed to a novel inhibitor by
starting with the canonical closed backbone conformation of HIV protease and
modifying the positions of the side chains to accommodate the new inhibitor. Such
restraints were applied in both the HIV and FIV structure refinements. The 24 HIV
protease complexes listed in Table V were extracted from the PDB and their native
ligands removed.

Table V. PDB accession codes of HIV protease complexes

laaq, 1dif, 1hbv, lhef, lheg, 1hih, Thiv, l1hos, lhps, 1hpv, l1hpx, Ihte, 1htf,
lhtg, 1hvi, 1hvj, 1hvk, 1hvl, Shvp, Shvp, 1hvr, lhvs, 4phv, 1sbg

All complexes have approximately the same backbone conformation and different
side chain conformations. These structures are used as starting positions in the
search for a new conformation bound to LP149. The inhibitor is docked in the
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active site using a least squares fit of the FIV protease complex backbone with each
HIV protease closed conformation. The starting conformation of the inhibitor is the
same in the FIV crystal structure and HIV protease models. The HIV protease
complex models and the FIV crystal structure are minimized under successively
reduced harmonic restraints to remove aberrant vdW clashes, while perturbing the
rest of the structure as little as possible.

In order to equilibrate the side chains in the presence of the new inhibitor, a
simulated annealing approach (52) utilizing the CHARMM package (I8) is
employed. The 24 HIV protease models are annealed at 1400K for 6 ps and cooled
from 1400K to OK over 84 ps to allow the side chains to adjust to LP149 within the
active site. In order to generate a comparable ensemble of structures, the FIV
protease crystal structure is subjected to the identical protocol using 24 distinct
initial conditions. A weak harmonic restraint, inversely proportional to the B-factor,
is placed on backbone atoms to permit significant movement at high temperatures
while guiding the backbone to the initial canonical conformation at the end of the
simulation. The resulting structures are minimized under the same conditions to
bring each complex to the closest local minimum.

This protocol was validated using HIV protease complexed with indinavir
(PDB accession code 1hsg). The structures resulting from HIV protease complex
models and those resulting from the original crystal complex were highly similar
both structurally and energetically (Table VI). Thus, our protocol, tested on the
HIV/indinavir complex, is demonstrated to produce models of similar quality as the
original, known, crystal structure when it is subjected to the same refinement
procedure.

Table VI. Structural and Energetic Comparison of Models
of the HIV Protease-Indinavir Complex Based on
our Protocol and Derived from the Crystal Structure

Component Model Crystal Structure
Mean RMSD from Crystal 1.19 A 1.08 A
Mean Interaction Energy -92 kcal -96 kcal
Mean PB Energy 23 kcal 24 kcal
Mean Internal Energy 41 kcal 40 kcal
Mean Cavity Energy 1.5 kcal 1.6 kcal
Total Energy -28 kcal -29 kcal

4.3 Energy Function for Binding Energy Analysis. The ensemble of
the complexes were analyzed using an empirical free energy function containing
important energetic components of the binding free energy. The function includes
the interaction energy between the ligand and the enzyme, the internal energy of the
inhibitor, and the hydrophobic and electrostatic components of the solvation free
energy. The interaction energy and internal energy are computed using the
CHARMM force field (18). The hydrophobic solvation energy was computed as a
linear function of the surface area using a coefficient fit to experimental solvent
transfer results for hydrocarbons (53). The electrostatic component of the solvation
energy was computed by solving the finite difference approximation of the
linearized Poisson-Boltzmann equation (37) using DelPhi. This function permits a
detailed investigation of the energetic basis for binding specificity. Two of the
terms, the interaction energy and the electrostatic solvation free energy, are linear
terms that can be separated into atomic, and thus active site residue contributions.
This enhances our ability to investigate the molecular as well as the energetic basis
of binding specificity.
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Some assumptions were employed in the energetic analysis in order to make
the necessary calculations tractable. Since no crystal structure is available for the
open state of FIV protease, an alternative reference state was chosen for the
unbound conformation. We use the closed conformations of both HIV and FIV
proteases in the absence of ligand to represent the unbound state. By using this
reference state, the change in the internal energy of the protein, which would be
subject to intolerable errors using a modeled open conformation, is eliminated from
the calculation. This choice of reference state also affects the solvation components
of the energy function. The hydrophobic solvation energy term is small and very
similar in both HIV and FIV protease and may be ignored. The PB solution term,
accounting for the electrostatic component of the solvation free energy, is
significant and may be under-estimated using this reference state. However, the
same approximation is applied consistently to HIV and FIV protease and the errors
arising from this approximation are assumed to cancel. Furthermore, we note that
the use of the closed conformations for reference states is analogous to assuming
that the change in each of the components of the binding free energy noted above is
the same for HIV and FIV.

4.4 Energetic Basis of Binding Specificity. Analysis of the
distributions of the energy components for the HIV and FIV protease complex
ensembles yielded an interesting and surprising result. The internal energy of the
inhibitor seems to be the primary component responsible for the difference in
binding specificity of LP149 for HIV and FIV proteases. The other energetic
components were similar for the HIV and FIV protease ensembles, whereas the
internal energy showed a significant (14 kcal/mol) preference for the HIV complex.
Table VII shows the mean value of each energy component of the HIV and FIV
protease ensembles.

Table VII. Energetic comparison of HIV and FIV
protease-LP149 complexes

Component HIV (kcal/mol) FIV (kcal/mol)
Mean Interaction Energy -127 -121
Mean PB Energy 25 24
Mean Internal Energy -33 -19
Mean Cavity Energy -1.6 -1.8
Total Energy -134 -115

The basis for the large difference in internal energy appears to be the ability
of LP149 to find a low energy conformation within the HIV protease active site
starting from the higher energy conformer present in the FIV protease crystal
structure. Crowding within a hydrogen-bonded ring structure (also present in the
original crystal structure) seems to be a major component of the internal energy
difference. The average per-atom contributions to the vdW component of the intra-
ligand energy are shown in Figure 2 along with a diagram of LP149, illustrating the
regions of high energy vdW interactions. Although most of the structural diversity
appears to be within the terminal naphthalene rings, the only significant difference
in the vdW component of internal energy results from the hydrogen-bonded ring
structure in the P3 position. Although no obvious change in conformation is
apparent, even in the HIV protease conformation the energy is neutral or slightly
unfavorable. This suggests that this region of LP149 is against a repulsive vdW
wall, where the energy is proportional to r °, and a small change in the structure
can result in a large change in energy.
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This result is consistent with kinetic studies of FIV protease using HIV
protease substrates. A series of HIV protease substrates, based on the same natural
substrate as LP149, were investigated for kinetic properties within FIV protease
(46). One substrate was distinguished by its high k.,/Ky, as well as its significantly
faster cleavage relative to HIV protease. This substrate contained a threonine
substituted for the glutamic acid side chain analogous to the one in LP149 critical
for the strained hydrogen-bonded ring.
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Figure 2. Per atom vdW internal energy. Heavy line is HIV; thin line is FIV.
Regions of significant difference are labeled A through E and are
correspondingly indicated on the structure of LP149.

This result is also consistent with work published (54) while this
manuscript was under review. This paper probed the S3 and S3° subsite
specificities in FIV and HIV proteases using a variety of peptide-based competitive
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inhibitors. The result was that small residues in the P3 and P3’ positions were
significantly favored in FIV protease. This experimental study is complementary to
our work where we have examined the energetics of HIV and FIV protease binding
a single inhibitor. The conclusions reached by both methods are compatible: small
sidechains would be favored in the P3 and P3’ positions due to overcrowding in the
S3 and S3’ subsites of FIV protease.

Although the total interaction and PB energy terms did not show a strong
preference for the HIV or FIV protease structures, this does not preclude important
differences at the level of individual residues. Significant differences in the average
energy at the same relative backbone position in HIV and FIV protease could
indicate sites important in conferring binding specificity. The active site residue
interaction energy profiles for the HIV and FIV complex ensembles indicate that
Asp 30 in HIV protease interacts very differently than the corresponding Ile 35 in
FIV protease. As expected, this interaction is primarily electrostatic in the HIV
complex, while a less favorable, primarily vdW interaction is observed in FIV
protease. There is a significant difference between the mean interaction energy for
this position in the two ensembles as well as a distinct separation between the
distributions themselves. Based on this, we hypothesize that this position is linked
to the specificity difference between HIV and FIV protease.

The same position also demonstrates a strong separation between HIV and
FIV protease ensembles in the context of the electrostatic solvation free energy. As
expected, the desolvation penalty is much more severe for the aspartate in the HIV
protease than the corresponding isoleucine in FIV protease. Again, the distinct
energy distributions and significant difference in the mean values between the two
ensembles suggests that this effect is not an artifact, but a real difference in the
binding energetics of these two enzymes. Although the solvation penalty associated
with the Asp30/Ile35 opposes the favorable interaction energy (Table VIII), it is not
enough to cancel the affect and this position is expected to favor the HIV protease /
LP149 complex.

Table VIII. Interaction and electrostatic desolvation energy for the
Asp30/Ile35 backbone position of HIV and FIV proteases

Protein Interaction Energy (kcal/mol)  PB Energy (kcal/mol)
HIV Protease (Asp 30) -9.1 2.8
FIV Protease (Ile 35) -4.3 1.0

An understanding of binding specificity in closely related protein systems is
an important goal for developing general principles of rational drug design and for
understanding mechanisms of drug resistance. The HIV and FIV proteases embody
the properties of close homology and distinct specificity, while also presenting the
opportunity for understanding an important therapeutic target. The model developed
here for understanding specificity within this system gives a surprising result,
which is nevertheless consistent with experimental data. The further development of
understanding how small changes in sequence can lead to dramatic differences in
specificity may be crucial for neutralizing the threat of drug resistance.

5. A-Dynamics: A Novel Approach for Evaluating Ligand Binding
Affinity

An integral part in the design of new therapeutics is the search for lead compounds
and their subsequent refinement. Computational approaches that rapidly evaluate the
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relative binding free energy of ligands to a common protein receptor play an
important role in this process. Conventional free energy calculation methods, such
as free energy perturbation (FEP) and thermodynamic integration (55, 56), evaluate
the relative binding free energy of two ligands according to the following
thermodynamic cycle:

AG,
Lo+R >» LR
AG(solv) AG(bind)
Y
L,+R » LR
1 AG, 1

where L, and L, are the free ligands in aqueous solution. LR and LR are the
corresponding ligands complexed with protein receptor R. The relative binding free
energy of the two ligands, AAG(bind) = AG(bind) - AG(solv), is the difference
between the relative free energy of the ligands in the complexed state and that of the
free ligands. The free energy difference on each half of the thermodynamic cycle is
calculated from the Hamiltonian, H(A,x) = AH,(x) + (1-A)H(x). Simulations at a
set of A values (0 < A < 1) are performed to transform the initial state, “0”, slowly
to the final state, “1”. A free energy map along the coordinate A is thus constructed
and the free energy difference between the end states is obtained. These methods
have been successfully applied to assess the relative binding free energy of protein-
ligand systems (57, 58), but they are computationally expensive. A typical
calculation could take days to weeks to complete, which is too long to be useful in
the drug design process.

Alternative methods based on favorable interaction are commonly used in
drug design to approximate the free energy. Although such approaches are
relatively rapid in evaluating compounds, they can be inaccurate since the entropy
contribution to the free energy is ignored. Because of its importance in chemical and
biological applications, the development of new methodology for free energy
calculations is an area of active research. Recently a semiempirical method that uses
the differences in the average ligand-environment interaction energies between the
bound and free states and a linear scaling procedure has been developed and was
applied to the binding of sulfonamide inhibitors to human thrombin with promising
results (59). In the previous section, we described a continuum solvent based
model to estimate relative binding free energies for a ligand binding to HIV and FIV
proteases. While such empirical approaches are desirable, and can be useful, further
development of methods based on more rigorous free energy methods is also of
import.

5.1 The A-dynamics method. We have developed, from first principles, a
free energy based approach to evaluate relative binding affinity. For a set of ligands
and a common protein receptor, we construct the potential function of the system as
the following (60):
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L L
V({{A}L(0) = Zlf(Vi(x) -F) (2112 = 1)
i=l i=1

M

Here V(x) is the interaction energy involving protein and ligand i, L is the total
number of ligands, A, is the coupling parameter, F, is the reference free energy or
biasing }I)‘otential.
he dynamics of the system is governed by the extended Hamiltonian (60)
& 2
H({A),x) =T+ Ty, + Y (V,(x)~ F)
i=]
®

Here the As are treated as fictitious particles with masses m, and the method is thus

called A-dynamics. The free energy difference between molecules i and j, with
reference free energy F, and F respectively, is given by:

AAA; = AA - AA,

= —%[lnjdxexp(—ﬁVi(x) - ﬂE)] + %[lnjdxexp(—ﬂVj(x) - ﬂF;)]
1. P(2, =1{A,.}=0)
B P(A; = 1L{A,;}=0)

&)

where P(A; = 1,A,,; = U} is the probability that the hybrid system is in a state
dominated by molecule 1, A is the Helmholtz free energy and S is 1/k,T, where k; is
the Boltzmann constant and T is temperature. Therefore the free energy difference
between two molecules can be obtained from the ratio of the probabilities of the
ligands in the A=1 state.

The A-dynamics method is able to evaluate the relative binding free energy
of multiple ligands simultaneously: short simulations enable one to obtain
qualitative ordering of the binding affinities, while longer simulations provide
quantitative results. When designing pharmaceutical agents, one is interested in
identifying, from a pool of slightly different compounds, those with favorable
binding affinity. Generally, the detailed value of the free energy change is not of
interest. When comparison with experiment is required, then more quantitative
results are required. The A-dynamics method can perform both tasks.

5.2 Model system and simulation protocol. The system under study is a
set of benzamidine inhibitors bound to trypsin. The inhibitors used are
benzamidine, p-amino-benzamidine, p-methyl-benzamidine, and p-chloro-
benzamidine. CHARMM version 22 parameter and topology files(I8) were used
except for the charges of the inhibitors, which were derived from the Quanta charge
template method and modified slightly to confer identical charges on invariant
atoms. The hybrid trypsin-inhibitor system was capped with a 24 A sphere of
TIP3P water (61) centered at the active site. The system was partitioned into a
reaction region and a buffer region with a deformable boundary (62). The stochastic
boundary MD method (63) was used throughout the simulations. A 30 ps
simulation was performed before each calculation to allow the system to equilibrate.
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The applications outlined in sections 5.3 and 5.4 demonstrate the use of A-
dynamics method for free energy calculations (64, 65).

5.3 Screening Calculations. In the screening calculations, where one is
only interested in the ranking of the ligands, the reference free energy F; in Eq. (7)
corresponds to the free energy of the unbound ligands in solution. Its value is
precalculated. This may be easily done by methods based on continuum solvation
models such as the Poisson-Boltzmann (66) and generalized Born methods (67,
68). Since the reference free energy F; is incorporated into the Hamiltonian of Eq.
(7), the resulting free energy change from the simulations according to Eq. (8)
gives the relative free energy change (AAG), as was demonstrated in Eq. (9). The
binding affinity is related to the probability of each compound to be in the A = 1
state. Higher population indicates a more favorable binding free energy. Figure 3
shows the running average of each A.

1.0 T : . - T
— benzamidine
----------- p amino benzamidine
0.8 — — - p methyl benzamidine .
— - — p chloro benzamidine
)
5 06 | 1
5
-1
£
g 04 r E
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Time (ps)

Figure 3. The cumulative A running average of benzamidine derivatives
complexed with trypsin as a function of simulation time.

Because the ligands all compete for the A = 1 state and do not remain at an
intermediate value of A, the average value of A reflects the probability of being in
the A = 1 state. The ordering of the ligands based on binding affinity is:
benzamidine > p-amino-benzamidine > p-methyl-benzamidine > p-chloro-
benzamidine. This ranking is clearly apparent after 50 ps of simulation time.

A validation calculation using the standard FEP method gives the binding
free energies relative to benzamidine, 0.4 kcal/mol for p-amino-benzamidine, 2.3
kcal/mol for p-methyl-benzamidine, and 2.2 kcal/mol for p-chloro-benzamidine.
Although the binding affinity between benzamidine and p-amino-benzamidine
differs by only 0.4 kcal/mol, the A-dynamics method clearly distinguishes the two
ligands and provides the correct ranking. While this ranking differs from the
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experimental findings (69), the model calculations are converged using the FEP
method and thus represent the correct answer for this model. Consequently, the
screening calculations correctly reflect the relative binding affinities for our model.
Additional simulations with different initial A coordinates and velocities were also
examined and resulted in the same ranking, indicating that the ligands were not
trapped in local minima.

5.4 Precise Free Energy Changes. We also applied the A-dynamics
method to obtain the specific change in free energies for this system. In this
situation, F; is taken as a biasing potential. By properly choosing {F}, the barrier
between different states along the reaction coordinates {A} is reduced and therefore
one can completely sample the {A} space within a single simulation. An iterative
procedure has been developed to improve sampling of the phase space and therefore
make free energy calculations converge more rapidly (65). This procedure
employed feedback from previous calculations to improve the bias of the current

8

T T T T T

n<]> bia;
— 1 iteration
- - -- 2 iterations
| —— - 3 iterations
— - — 4 iterations
| == § iterations
-=--- 6iteratio

[,

H
T

Potential of mean force (kcal/mol)
N

Figure 4. Potential of mean force along coordinate A between p-amino-
benzamidine (A = 0) and p-methyl-benzamidine (A = 1) in the unbound state.
The barrier is reduced from 7 kcal/mol to 3 kcal/mol when a biasing potential is
applied.

simulation. The optimal estimate of these biasing potentials is achieved by the
multiple reaction coordinate WHAM technique (70). In these calculations, biasing
potentials are derived from constant values that correspond to the estimated free
energy of each species. Figure 4 illustrates the free energy surface between p-
amino-benzamidine and p-methyl-benzamidine in the unbound state. The barrier
between the two states decreases significantly when the biasing potential is applied.
The calculations also converge rapidly. After the first iteration the free energy curve
is already converged within statistical uncertainties. The simulation time is 150 ps
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per iteration using the A-dynamics method. While for FEP calculations, a total of
240 ps simulation time (3 windows) was required to achieve similar precision.

5.5 A Novel Approach for Evaluating Ligand Binding Affinity. In
summary, the A-dynamics method may be used either to identify rapidly ligands
with favorable binding free energy or to obtain specific changes in free energy.
Since it screens the binding free energy of the ligands instead of the interaction
energy, it provides an accurate assessment of relative binding affinity. Species
whose binding free energy differ by more than a few kcal/mol from the most
favorable binder can be screened out within a few tens of picoseconds of
simulation, because they will not compete. In other words, they never reach the A =
1 state. The total computation time is not expected to increase with the total number
of ligands because only the few favorable binders are able to compete for the A = 1
state. In contrast, conventional calculations of the relative binding free energy of
two ligands would typically take hundreds of picoseconds of simulation time and
increases with the number of ligands. Longer simulation, in combination with the
iterative procedure, provides quantitative free energy changes. Although one can
not generalize based on a single application, our results suggest that for detailed
calculations where the specific change in free energy is required, the simulation time
using A-dynamics is about half of that using FEP. The efficiency could be further
increased with improved biasing potentials.
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Chapter 3

New Free Energy Calculation Methods
for Structure-Based Drug Design
and Prediction of Protein Stability

Lu Wang, Mats A. L. Eriksson, Jed Pitera, and Peter A. Kollman

Department of Pharmaceutical Chemistry, University of California,
San Francisco, CA 94143

We summarize some aspects of our recent studies of protein stability
and protein-ligand interactions by a combination of several newly
developed approximate free energy calculation methods and rigorous
free energy calculation methods. The approximate free energy
simulation methods employed in our studies include free energy
derivatives (FED), pictorial representation of free energy changes
(PROFEC), chemical Monte Carlo/molecular dynamics simulation
(CMC/MD), Poisson-Boltzmann continuum electrostatics/solvent
accessible area (PB/SA) and generalized Born approximation/solvent
accessible area (GB/SA) methods. The thermostability of T4 lysozyme
and the binding free energies of HIV-1 reverse transcriptase inhibitors
were analyzed as test cases. It is shown that these different approaches
are complementary to each other and when combined, can make
predictions efficient, comprehensive and insightful. Potential
applications of this strategy in structure-based drug design and protein
engineering are discussed.

Calculations of free energies of ligand binding or protein stability can be very useful
in drug design and protein engineering (1). The most rigorous approaches for
calculating free energy changes, i.e., the free energy perturbation (FEP) or
thermodynamic integration (TI) methods, have been limited in practical applications,
due to their computationally intensive nature. Recently, there has been considerable
interest in developing approximate, yet efficient free energy simulation methods.
Notably, Aqvist et al (2) proposed the linear interaction energy approximation that
correlates the binding free energies of ligands with their average interaction energies
in protein and solvent. Radmer & Kollman (3) developed the pictorial representation
of free energy changes (PROFEC) which can suggest modifications of a ligand to
increase its binding affinity. To quickly rank the binding affinities of a series of
ligands, Pitera & Kollman (4) introduced the chemical Monte Carlo/molecular
dynamics (CMC/MD) technique and Kong & Brooks (5) have developed the A
dynamics simulation method. The potential of using free energy derivatives (FED) in
estimation of free energy changes (6,7) and analog design (8) has been explored. In
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addition, Shen et al (9,10) advocated the Poisson-Boltzmann electrostatics/solvent
accessible area (PB/SA) scheme for estimation of binding free energies of ligands. In
general, these methods are much faster than FEP or TI and therefore more suited to
practical applications. Due to their approximate nature, they may be less accurate. In
this work, we tested some of these approximate methods in two cases. One is the
thermostability problem of T4 lysozyme (11). Another is the binding free energies of
HIV-1 reverse transcriptase (RT) TIBO inhibitors (12). For T4 lysozyme, we first
used FED and PROFEC to suggest candidate modifications that may improve the
stability of the protein and then analyzed an interesting qualitative prediction with a
TI calculation. For the HIV-1 RT inhibitors, we first analyzed their binding affinities
with the CMC/MD and PB/SA methods and later supported one of the results by TI
calculations. As a comparison, the solvation free energies of the ligands were
calculated with both PB/SA method and the generalized Born approximation/solvent
accessible area (GB/SA) method (13). For both cases, we found that the approximate
methods gave quite reasonable results and therefore may be useful in practical
structure-based drug design and protein engineering applications.

Theory

Thermodynamic cycles. The following thermodynamic cycle was used to assess the
effect of a modification on the stability of T4 lysozyme:

AGu—>f
T4 () <= T4 (w)
AGq ¢+ | U AGy—y* (1)
T4*(f) = T4*w)
AG*u—ﬂ'

where T4 and T4* stand for T4 lysozyme and a further modified enzyme. "{" and "u"
stand for the folded and unfolded states of the enzyme. Because free energy is a state
function, we have

AAGqq)g = AG* s - AGysg = AGgopx - AGyoyx @

where AAGgq is the folding free energy difference or stability difference between
T4* and T4. Direct calculations of AG*,,_,¢ and AG,_.¢ are difficult due to the large
conformational changes involved. Fortunately, AGy_,g+ and AGy, .+ can be readily
determined by free energy calculation methods.

The following thermodynamic cycle was used to calculate the relative binding
affinity of two ligands, L; and L, to the same protein, P:

AGLl,b
Li+P = Li*P
AGL1->L2,s 4 J AGL1—>I_Q,p 3
L,+P = LyeP
AGr,

where AGy,, p and AGy, 5, are the binding free energies of L and La. AGy, 156 and
AGL1—>L2,p are the mutational free energies of Li—Lj in the solvent and in the
protein, respectively. The difference in binding free energy between Lj and Lo,
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AAGy, can be expressed as

Similarly, direct calculations of AGy, }, and AGy , }, are difficult, but AGy, .y, s and
AGy,;-s1, p can be calculated from simulations.

Free energy calculation with thermodynamic integration (TI) method. In this
study, TI (1) was used to calculate the free energy changes. For the transformation of
one state into another, a coupling parameter A is introduced and the Hamiltonians of
the two states are defined as Ho (A=0) and H; (A=1). The free energy change of the
transformation is expressed as the following integral (1)

AG = [§< GH(A) I 62 >, dA )

where < dH(») / 0A >, is an ensemble average at A In practice, a number of evenly-
spaced windows with different A values ranging from O to 1 are chosen and at each
window, < 0H() / dr >, is calculated by averaging over molecular dynamics
trajectories. The kinetic energy contribution can be neglected and AG is estimated by

AG=3 < dV(A)/ oA >; AL ©)
. 1
1

where A is the A value of the ith window and A\ is the interval between successive
windows. According to the trapezoidal approximation, corrections are made to the
contributions of the first and last windows (multiplying by 0.5). V is the potential
function that describes the atomic interactions in the system.

Free energy derivatives (FED). The partial derivatives of free energy with respect
to the nonbonded interaction parameters, qj, & and Ri*, were calculated by the
following equations (6,7):

9Gl d9;= <2_ aj/(e Rij)>= 1/ 4{Veout () ™
j

2 6
0G| de; = <§_[1/(2s,-)]s,-j {(R;;./ R,-,-)‘ _z(R’;j/ Rij) } >
J
=[1/@e)] (VL-s(D) ®)

3G/ IR =<zgij(12/RZ) [(R}}/Rij)u _(R;}/Rij)ﬁ} > )
J

where <Vcoul(i)> and <Vj _j(i)> are the mean Coulombic and Lennard-Jones
interaction energies of the ith atom with the rest of the system. To analyze the change
of a protein's stability due to modifications of the properties of its ith atom, according
to equation 2, the free energy derivatives need to be calculated for both the folded and
the unfolded states of the protein and their difference indicates the stability change.
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Pictorial representation of free energy changes (PROFEC). The PROFEC
contour maps can be used to visualize how a protein's stability or a ligand's binding
affinity changes when additional particles are added to a residue of the protein or the
ligand (3). The contour map is generated by evaluating the insertion free energy of a
test particle at various grid points near the residue of interest, using coordinates from
molecular dynamics simulations (3). To analyze a protein's stability, according to
equation 2, two contour maps for the folded and the unfolded states of the protein
have to be generated and their difference map is used to indicate the stability change
of the protein upon modification of the residue of interest. The free energy cost of
adding a test particle at a grid point is calculated by (3)

AG (i, j, k) = -RT In < exp (-AV(i, j, k) / RT >p (10)

where i, j and k are the coordinates of a grid point, AG (i, j, k) is the insertion free
energy and AV(i, j, k) is the interaction energy between the test particle and the
surrounding atoms.

Chemical Monte Carlo/molecular dynamics (CMC/MD). The CMC/MD method
(4) has recently been developed for determination of relative binding free energies of
a series of ligands to a common receptor. The method (described in detail in ref. 4)
employs the MD method for generating a set of coordinates for one distinct chemical
system and the MC method to sample the chemical space of the system. Applied to a
protein-inhibitor system, the chemical space can be S-10 different derivatives of the
inhibitor. Each derivative is included in the simulated system but the potential
function is "masked" so that only one ligand interacts with the protein and solvent at a
time. The Monte Carlo steps consist of changes to the "masking" function, effectively
changing the ligand being simulated. MD is used to propagate the coordinates of all
the ligands. During the course of the MC/MD run, the probability (P;) of each
inhibitor ‘i’ is accumulated according to the Metropolis (14) criteria for accepting an
inhibitor in an MC step:

ifAE, <0=>P_=1, if AE,>0 = P_= exp(-AE/RT) (11)

where AE is the difference in protein-inhibitor interaction energy between a randomly
chosen ligand and the old ligand and P,_ is the acceptance probability. Prior to each
MC step, the “Boltzmann” probabilities of each ligand ‘i’ is calculated by:

P:= exp(-AE,/RT)/Sexp(-AE/RT) (12)

It can be shown that if an infinite number of MC steps were performed on a given
Cartesian conformation, the resulting probability distribution would coincide with
that calculated from equation 12. In the TIBO-HIV-1 RT systems studied here, we
used the averaged P,'s from equation 12, since they also allow for estimations of the
relative free energies of poorly sampled inhibitors. The relative free energy of the
bound state for inhibitors ‘j> and ‘i’ is then related to their ratio of probabilities
according to:

AG;-AG, = -RTIn P/P, (13)

Solvent effects, i.e. differences in free energy of binding due to different free
energies of solvation (AG,,,), can be taken into account by testing the acceptance
against AE-AG,,,;, rather than AE in equation 11. Using AG,,, as a biasing potential
in the MC step, the sampling mirrors the binding free energy - which is the relevant
property when ranking inhibitors - rather than the free energy of the bound state.
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The CMC/MD, as outlined above, was found to converge very slowly when
applied to a series of HIV-1 RT TIBO inhibitors. In order to increase the convergence
rate, a variant of this method was developed - herein called the “adaptive CMC/MD”
method (J. Pitera, unpublished). Rather than sampling the chemical space according
to the relative free energies of the inhibitors, the goal of the adaptive CMC/MD is
instead to sample this space evenly. This can be achieved by introducing biasing
offsets, AG,,;, that for each ligand ‘i’ reflects its relative free energy in the bound
state. An MC sampling by testing the acceptance against AE-AG,,;, rather than AE in
equation 11, would then result in an even sampling of all ligands, since all AE-AG,;
would be equal to zero. The offsets are solved iteratively. Starting with all AG =0,
the probabilities of each ligand are calculated according to equation 12, averaged over
a certain number of CMC/MD-cycles (a CMC/MD run). A first set of AG.g,;'s,
relative to some arbitrarily chosen ligand, is estimated from equation 13, and is then
used as biasing offsets in the next MC/MD run. The offsets are then adjusted after
each CMC/MD run, by averaging the P/'s from equation 12, and add the adjusted
offsets obtained from equation 13 to AG,;. When this procedure has converged, all
P/'s are equal and the relative free energies of the bound state (AG,.,,;) equals to -
AG 4. AAG, can then be calculated by subtracting AG,,, from AG,,.,. We estimated
AG,,, by the GB/SA method discussed below.

Poisson-Boltzmann continuum electrostatics/solvent accessible area (PB/SA) and
Generalized Born approximation/solvent accessible area (GB/SA) methods. In
both the PB/SA and the GB/SA methods, a solvated protein or a small solute
molecule is represented as a low dielectric cavity containing fixed charges and
dipoles. The solvent water is represented as a medium of dielectric constant 80 which
may contain ions. For the PB/SA method, the electrostatic field around a protein or a
small solute molecule in the presence of salt is estimated by the solution to the
linearized Poisson-Boltzmann equation (15)

V(e(x) V $(X)) - k2 9(x) + 4ap(x) = 0 (14)

where ¢ is the electric potential, ¢ is the dielectric constant, p is the fixed charge
density and « is the modified Debye-Huckel parameter which depends on the ionic
strength and temperature of the solution. The Poisson-Boltzmann equation can be
solved numerically by the finite difference method, in which the continuous functions
are approximated by distinct values at points on a cubic grid (15). With the
electrostatic potential obtained from solving the PB equation, the electrostatic
interaction between a protein or a small solute with the solvent is expressed as (15)

AGpoi =123 ¢ g (1)

where ¢; is the potential on charge g; and the sum is over the fixed charges. To
estimate the electrostatic contribution to the hydration free energy of a molecule, two
calculations, one for the molecule in vacuo and the other for the molecule in aqueous
solution, should be performed and their difference in AGpo] gives the electrostatic
contribution to the solvation free energy. AGp,»1 , s and AGy,» in equation 4
may be approximately estimated by the P]%/SA or the Gb Ii methods. For
AGy 1, & this involves the calculation of the solvation free energy difference of L
or Lz Acoordmg to equation 15, the calculation of the electrostatic contribution to
AGy, 1, is straightforward. The nonpolar contribution to AGy;,s can be
calculated according to the following empirical linear relation whlch correlates the
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solvation free energies of nonpolar solutes with their solvent accessible area (16,17)

where A is the solvent accessible area (in A2). o is the empirical solvation parameter.
We used o = 5 cal/mol-1A-2 in this work. The solvent accessible areas were
calculated with Connolly's MS program (18). For AGp -, p, this involves the
calculation of the solvation free energy difference between ]Ll- and La*P. Direct and
accurate calculation of this difference is difficult because the solvation free energies
of the two complexes are large numbers and the estimated difference may have a
large error. As a first order approximation, we estimated AGy ; .1 ,  as the difference
in interaction energy between L; and L2 with the protein and the solvent in energy
minimized conformations of the complexes. The polar contribution to AGy;1,p
was estimated as the difference in electrostatic interaction energies between the two
ligands with the protein and the solvent, which were calculated with equation 15 by
summing over the atoms of L or Lp. The nonpolar contribution to AGy,;_,1, , Was
estimated as the difference in van der Waals interaction energy between the two
ligands with the protein and the solvent.

The GB/gA method uses a similar relation for calculation of the nonpolar
contribution to the solvation free energy. For the electrostatic part, it uses the so-
called generalized Born approximation which express the interactions between the
fixed charges and their interactions with the solvent as a sum of pairwise interactions
(13). The generalized Born approximation is only valid for the Poisson equation
which correspond to x=0 in equation 14. Since it has not been tested extensively on
protein systems, we only used it to calculate the solvation free energies of the HIV-1
RT inhibitors.

Methods
1. T4 lysozyme

The models of the folded and unfolded states. The T4 lysozyme we analyzed is a
mutant that has an unnatural amino acid at position 133, S-2-amino-3-
cyclopentylpropanoic acid (Cpe) (19), which differs from an alanine residue in that it
has a cyclopentyl group attached at Cg on the side chain. Our previous simulation
study indicated that replacement of the original Leu at 133 with Cpe will better
stabilize the enzyme than with 19 other natural amino acids, a prediction which was
confirmed experimentally (19).

The structure of the mutant T4 lysozyme with a Cpe was obtained by model
building using standard geometries based on the structure of the wild type T4
lysozyme (11) from the Brookhaven Protein Data Bank and was subjected to energy
minimizations before the molecular dynamics simulations. An 18 A of cap TIP3P
water (20) molecules centered around the Cg atom of Cpel33 was used in the
simulations on the enzyme. 17 counterions (Na* or CI) were added to keep the
whole system neutral. Only residues within the sphere and the cap water molecules,
which consists of about 1600 protein and counterion atoms and 260 water molecules,
were allowed to move in the molecular dynamics simulations. The cap water
molecules were kept from escaping by a weak repulsive potential (1.5 kcal/mol) at the
surface of the sphere.

The unfolded state of the enzyme was represented by a terminally blocked
solvated dipeptide, Ace-X-NMe, in which Ace and NMe are the acetyl and N-
methylamide groups respectively and X is the unnatural amino acid residue. The
backbone of the dipeptide was chosen to be in the extended state (-180°<¢<0°,
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0°<y<180°). The side chain dihedral ¥ (N-Ca-Cg-C(g) was chosen o be around 180°.
The dipeptide was placed at the center of a box of 30 x 30 x 30 A3 filled with TIP3P
water molecules under standard conditions. The number of water molecules is about
760. 1t should be noted that although different boundary conditions were used for the
folded and unfolded states, because only AAG contribute to the stability difference of
the protein (equation 2), the error due to different boundary conditions is most likely
canceled. Especially, the mutations we studied are nonpolar, in which the major
contributions are short-range interactions, and we used the same cutoff radius (see
below) in the simulations of the folded and unfolded states.

Force field parameters. The all atom force field developed by Cornell et al (21)
were used. The atomic charges of the unnatural amino acid were obtained by fitting
the electrostatic potential around the dipeptide model using the RESP method (22).
The electrostatic potential was obtained by a single point ab initic quantum
mechanical calculation using Gaussian94 (23) with 6-31G* basis set on a geometry
generated by energy minimization with the AM1 method.

MBD simulations. The MD simulations of PROFEC and CMC/MD were performed
with the SANDER module of the AMBERA4.1 program (24). The MD simulations of
FED and TI were performed with the GIBBS module. Each simulation was
performed with 2 fs time step, 8 A cutoff radius and restrained temperature around
300K (25). The bond lengths were constrained by the SHAKE algorithm (26). For the
simulations in water, periodic boundary conditions were applied and the pressure was
controlled at 1 atm (25). The SETTLE algorithm was used to speed up the
calculations on water molecules (27).

FED and PROFEC calculations. The free energy derivatives (FED) and the
PROFEC contours were calculated from 300 ps and 100 ps MD simulations in the
enzyme and in water, respectively. The Cgp of Cpel33 was used as the origin of the
grid. The two hydrogens attached to C.y were used to define the x-axis and the xy-
plane. The parameters of the Lennard-Jones test particle are R*¥=2.0 A and «=0.15
kcal/mol, which are close to the van der Waals parameters of a tetrahedral carbon
atom. The PROFEC results were visualized with UCSF MidasPlus (28) through a
special delegate program written by R. J. Radmer.

Free energy calculations (TI). Each calculation was performed from a=0-1 (the
forward change) and A—0 (the backward change). The average of the two results and
their absolute difference were taken as the estimated AG and the hysteresis. The
simulation time for each change ranges from 164 ps to 504 ps and the number of
windows are from 41 to 126 (see Table II). For each window, the first 2 ps simulation
was used as equilibration and the following 2 ps was used as sampling.

2. HIV-1 RT and its TIBO inhibitors

Force field parameters for the TIBO derivatives. Van der Waals (VDW)
parameters of the chlorine atoms were taken from parameters used for chloroform
(29) and the parameters for the sulfur atom (VDW, bond, angles, dihedrals and
improper dihedrals) were adopted from a parameterization of thiobiotin (30). We used
both the conformation of 8CI-TIBO (R86183, see Table III) in complex with HIV-1
RT (31) as well as the A-form of the crystal structure of 9CI-TIBO (R82913) (32) to
estimate the partial atomic charges of 8CI-TIBO, 9CI-TIBO and unchlorinated TIBO
(R82150). The two respective conformers were geometrically optimized using
Gaussian94 (23) at the STO-3G level, each followed by a calculation of the
electrostatic potential with the 6-31G* basis set. Atomic partial charges of the TIBO
derivatives were fitted to the electrostatic potentials around the two structures using

In Rational Drug Design; Parrill, A., € al.;
ACS Symposium Series; American Chemical Society: Washington, DC, 1999.



Publication Date: July 7, 1999 | doi: 10.1021/bk-1999-0719.ch003

October 22, 2009 | http://pubs.acs.org

44

the RESP method (22). Comparison of the partial charges evaluated from the two
conformers individually showed a very small difference and we therefore evaluated
the partial charges of the remaining TIBO derivatives (Table III) using only the TIBO
conformer of 8CI-TIBO in HIV-1 RT.

Setup and equilibration of HIV-1 RT in complex with 8CI-TIBO. Unresolved
residues (modeled as alanines) as well as hydrogens were added to the 3.0 A
resolution crystal structure of 8CI-TIBO in HIV-1 RT (31). After a short
minimization of the hydrogens in vacuo, the complex was hydrated by immersing it
in a 55 A radius sphere of TIP3P-water (20). The solvent sphere and the protein-
inhibitor complex were minimized to let the protein relax in an aqueous environment.
All water molecules beyond the first hydration shell (i.e. at a distance > 3.5 A from
any protein atom) were then removed and counterions (11 Cl') were added to achieve
electroneutrality. Protein residues with any atom closer than 12 A from 8CI-TIBO
were chosen to be flexible in the simulations and all protein residues, water molecules
and counterions further than 15 A from any flexible residue were deleted. A 20 A
radius spherical cap of TIP3P-water, including the hydrating water molecules within
the sphere from the previous step, was centered on TIBO and equilibrated for 50 ps at
300 K. The protein, 8CI-TIBO and the hydrating water molecules outside the water
cap were then kept rigid. Thereafter, the flexible residues (as defined above) and 8Cl-
TIBO together with the cap of water molecules were then heated (50 ps) and
equilibrated for 300 ps at 300 K. The simulations were carried out with the SANDER
module of AMBER 4.1 (24) using the Cornell et al. force field (21). We applied a
dual cutoff of 9 and 13 A, respectively, where energies and forces due to interactions
between 9 and 13 A were updated with the same frequency as the non-bonded list,
i.e., every 20 time steps. A time step of 2 fs was used and all bonds were constrained
with the SHAKE algorithm (26). The temperature was maintained using the
Berendsen method (25), with separate couplings of the solute and solvent to the heat
bath because the relaxation times of the solute and solvent may be different (33).

Setup and equilibration of 8CI-TIBO in solution. As starting conformer we chose
the A-form from the crystal structure of 9CI-TIBO (32), with a substitution of the
atoms at positions 8 and 9. 8Cl-I;IBO was then immersed in a box of TIP3P water
with dimensions 34 x 33 x 29 A’. Keeping the inhibitor rigid, the water molecules
were equilibrated at constant pressure for 100 ps. The TIBO atoms were then released
and the system was equilibrated for 200 ps, using the same dual cutoff and time step
as for 8CI-TIBO in HIV-1 RT.

Adaptive CMC/MD. The method was applied to 8 different TIBO derivatives,
shown in Table III. Each inhibitor was positioned in the equilibrated HIV-1 RT - 8Cl-
TIBO complex (see above), by substituting and/or deleting atoms in 8CI-TIBO. The
inhibitors were then allowed to relax in the binding pocket by individually
minimizing them, keeping everything but the inhibitor rigid. Due to problems with
the SHAKE algorithm during the MD steps, the time step was reduced to 1.5 fs and
one MC step was performed every 20 MD time steps. We applied the adaptive
CMC/MD method for two sets of inhibitors, the AG_,;'s (see the “Theory” section)
were iteratively adjusted every 500 MC steps for set 1 and we shortened that interval
to every 125 MC steps for set 2. The free energies of solvation for the TIBO
derivatives were estimated from GB/SA (13) calculations, using the program
MacroModel/BatchMin, version 4.5 (34). For these calculations, we used our RESP
g:lrivelsd charges on the derivatives, which were minimized in vacuo prior to the
culations.

PB calculations. The 8 different TIBO - HIV-1 RT systems were further minimized,
now with flexible residues, water molecules and counterions as in the MD
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simulations (see above). All water molecules and counterions were then removed and
the PB calculations were carried out with the latest Delphi package (35,36), using a
dielectric constant =2 for both the protein and the inhibitors and with a ionic strength
of 0.13 M. For estimations of AG,, ,,,, (equation 3), the same structures as for the
GB/SA calculations (above) was used, with e=2 and an ionic strength of 0.13 M.

Free energy calculations (TI). For these calculations, which were carried out with
the GIBBS module of AMBER4.1, we applied the same parameters and protocol as
for the MD simulations (above). Starting with the equilibrated systems of 8Cl-TIBO
in HIV-1 RT and in solution, respectively, the 8-chloro atom was perturbed into a
hydrogen (R82150), using a window size (AA) of 0.02 (i.e. 51 windows in the
interval [0,1]). For TIBO in solution each window was equilibrated for 2 ps prior to a
data collection time of 5 ps per window. The equilibration/data collection times for
TIBO in HIV-1 RT were 3 ps and 8 ps, respectively.

Results
1. The stability of T4 lysozyme

Free energy derivatives and PROFEC. The free energy derivatives with respect to
VDW radius (R¥*) of eight hydrogen atoms on the cyclopentyl ring of Cpe were
calculated (Table I). The configurations of the hydrogens are defined as either pro-a
or pro-p. The pro-a hydrogen is on the opposite face of the cyclopentyl ring from the
Cp atom; the pro-p hydrogen is on the same face as the Cg atom. This definition of
configurations is similar to that of the anomers of sugars. From Table 1, one sees that
the free energy derivatives of HD12 (pro-a), HE12 (pro-g), HE21 (pro-o) and HD22
(pro-p) are negative, indicating that introducing some VDW group larger than
hydrogen on either one of these sites may stabilize the protein. Because the free
energy derivative of HE21 is the lowest, we focused our analyses around CE2 where
HE21 is attached.

Table I. The free energy derivatives of Cpe (kcal/mol)®

Atom dG/dR* prot  dG/dR* soln Aprot-soln configuration
HDI11 7.7 6.1 1.6 pro-g
HD12 3.9 6.4 -2.5 pro-a
HE11 6.7 2.5 4.2 pro-a
HE12 4.5 6.3 -1.8 pro-g
HE21 2.4 6.3 -39 pro-a
HE22 7.1 2.5 4.6 pro-g
HD21 6.8 3.7 3.1 pro-a
HD22 6.4 8.9 -2.5 pro-g

3 The free energy derivatives were obtained by 300 ps MD simulations in the
enzyme and in water.

The PROFEC contour of zero VDW potential with Cgp of Cpe as the origin is
shown in Figure 1. Interestingly, the contour has the shape of a vase; its mouth faces
the cavity and its neck embraces Cg. The contour agrees with the free energy
derivatives in that there is much more space for introducing a group at HE21
(negative derivatives) than at HE22 (positive derivatives). A natural proposal is the
introduction of a methyl group at HE21 in the a configuration. In the following, we
refer to this modification as Cpe—~a-Mcpe and refer to the introduction of the methyl
group at HE22 in the B configuration as Cpe-»B-Mcpe. Figure 2 shows the
superimposition of a methyl group at HE21 and at HE22. Obviously, the methyl
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Figure 1. The PROFEC contour centered at Cgy of Cpel33.

Figure 2. The superimposed structures of a methyl group at HE21 in the a
configuration (a), and at HE22 in the p configuration (b).
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group introduced at HE21 can fit very well in the cavity while the methyl group
introduced at HE22 will collide with the wall of the vase belly. This suggests that
adding a methyl group at HE21 in a configuration will improve the stability of the
enzyme with a Cpe at position 133.

Table I1. The AG of Cpe—>Mcpe in water and in the enzyme (kcal/mol)?

medium __ config. time forward AG backward AG average AG

protein o 164 ps -1.92 -2.20 -2.06
protein o 324 ps -2.70 -2.59 -2.65
protein a 488 ps -2.64 -2.56 -2.60
protein ] 164 ps -0.24 0.30 0.03
protein i 324 ps -0.66 -0.22 -0.44
water o 164 ps -1.18 -0.94 -1.06
water a 324 ps -0.51 -0.36 -0.44
water a 504 ps -0.86 -0.85 -0.86
water B 324 ps -0.66 -0.22 -0.44

2 Each window has 2 ps / 2 ps for equilibration and sampling. The 164, 324 and
504 ps simulations have 41, 81 and 126 windows respectively. The 488 ps
simulation: 41 windows for the electrostatic contribution and 81 windows for the
VDW contribution.

Free energy calculations (TI). We have calculated the free energy changes for
introducing a methyl group in the o (at HE21) and p (at HE22) configurations in
water and in the T4 lysozyme (Table 2). One sees that the calculated average AGs are
not sensitive to the length of simulation time and the hystereses are < 0.5 kcal/mol.
For the simulations in the enzyme, we used the results of 324 ps for forward or
backward change as the estimated free energy changes: AG (Cpe—o-Mcpe) = -2.65
kcal/mol and (Cpe—p-Mcpe)= -0.44 kcal/mol. For the simulations in water, Cpe—>a-
Mcpe and Cpe—p-Mcpe should give similar results as is seen from the results of 324
ps for both configurations. Since the average AG of Cpe—>a-Mcpe fluctuates around -
0.8 kcal/mol for different lengths of simulation time, -0.8 kcal/mol is taken as the
estimated average AG in water. Based on these results, Cpe—~a-Mcpe will stabilize
the enzyme by 1.8 kcal/mol while Cpe—>p-Mcpe will destabilize the enzyme by 0.4
kcal/mol. Therefore, the free energy calculations support the predictions of PROFEC.

2. Relative binding affinity to HIV-1 RT for a series of TIBO inhibitors

Adaptive CMC/MD and PB calculations. In Table IV, we present the relative
ranking of the TIBO derivatives found in the CMC/MD and PB calculations. The
numerical values of the relative free energies and full details will be presented
elsewhere. The three best binding TIBO derivatives were also ranked as the best with
the adaptive CMC/MD method. In this context, it should be noted that deviations in
the rank order from the experimental results also might be due to an imperfect
agreement between HIV-1 RT activity and binding affinity, caused by differences in
cell penetration ability and metabolic stability between the TIBO derivatives. The
experimental EC,, values (Table III) of the three next inhibitors, ranked 4 to 6, are
very close to each other and they are also ranked 4 to 6 with the CMC/MD method. In
the PB calculations, AAG, for R84914 has significantly been overestimated and its
rank order is thus too favorable, which shifts the rank order of these three derivatives
downwards. Omitting R84914 in the ranking according to PB calculations, the
agreement with experiment is very good and the order is reversed for only two
inhibitors (R87027 and R84674). Finally, the two inhibitors with the highest AAG,'s
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(R84914 and R80902) are also correctly ranked with both methods. The poor binding
of R80902, which has an oxygen instead of a sulfur atom at position 2 (Table III), is
mainly due to its favorable free energy of solvation (AG,,,). According to the GB/SA
method, we estimated AG,,,, for R80902 around 2 kcal/mole lower than for the other
TIBO derivatives. Both the adaptive CMC/MD and the PB calculations have very
reasonable average errors in the AAG, compared to experiment (0.71 kcal/mole and
1.12 kcal/mole, respectively).

Table I11. The selected set of TIBO derivatives (see also Figure 3).
R

Compound R, R, R, 4 ECy"
R86183 8Cl S H -CH,-CH=C(CH,), 4.6
R82913 9-Cl S H -CH,-CH=C(CH,), 33
R82150 H S H -CH,-CH=C(CH,), 44
R80902 H o H -CH,-CH=C(CH,), 4200
R84674  8CH, S H -CH,-CH=C(CH,), 14
R84963 H S  -CH, (trans)>  -CH,-CH=C(CH,), 39
R84914 H S  -CH, (cis)’ -CH,-CH=C(CH,), 790
R87027 8Cl S H -CH,-CH=C(CH,CH,), 5.1

*ref. 12.

*relative stereochemistry of the methyl groups at positions 5 and 7.

Table IV. Rank order of AAG,; [=AG, -AG, rsag - (AG;-AG v esis3)] for the TIBO
derivatives from adaptive CMC/MD, PB calculations and experiments (12).

adaptive CMC/MD PB-calculations experimental
Compound rank rank AAG,} rank
R86183 3 1)y 0 1(1)
R87027 1 4(3) 0.06 2(2)
R84674 2 2(2) 0.66 3(3)
R82913 6 54 1.17 4(4)
R84963 & 6 (5 1.27 5(5
R82150 5 7 (6) 1.34 6 (6)
R84914 7 3 3.05 7
R80902 8 8(7) 4.04 8(7)

*calculated from AAG, =-RTIn(EC,;/ECygg05), T=298 K, R=1.986 cal/K/mole.

® The ranking in parenthesis is when excluding R84914.

¢ Average rank order from two sets of MC/MD-runs. Set 1 consists of the
following derivatives with known experimental binding affinities: R86183,
R81913, R84963, R82150, R84914 and R80902 and was run for 450 ps. Set 2
consists of R86183, R87027, R84674, R81913, R84963, R82150 and R84914 and
was run for 560 ps.

Free energy calculations (TI). Perturbing 8CI-TIBO (R86183) into 8-H TIBO
(R82150), yields a relative binding free energy (-1.9+0.5) in close agreement with
experiment (12) (-1.34). The perturbation in water is well converged as seen from the
close values from the forward and reverse runs (Table V). However, in spite of the
extended equilibration/data collection times (see “Methods”) for the inhibitor in HIV-
1 RT, these perturbations show a considerable hysteresis. Decomposition of the free
energies shows that the van der Waals contribution is responsible for the slow
convergence, differing by 1.4 kcal/mole between the forward and reverse runs. The
same decomposition also reveals that the better binding of R86183 compared with
R82150 is almost entirely due to a more favorable van der Waals contribution to the
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Figure 3. TIBO derivatives. The substitutions are explained in Table III.
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free energy for the former inhibitor. Considering that the relatively non-polar TIBO is
positioned in a hydrophobic and aromatic binding pocket, it is not surprising that van
der Waals forces dominate the binding interaction.

Table V. Free energy calculations, R82150--R86183. The numbers are in kcal/mole

and error estimates are within parenthesis.

AGy s’ AGy zp AAG,’
forward reverse average | forward reverse average
AG, S 1.53 1.69 1.61 -0.78 0.13 -0.32 -1.9(0.5°
AG,,, 2.52 2.70 2.61 271 2.20 245 | -0.16 (0.26)
AG,,, 0.70 0.70 0.70 -1.65 -0.27 -0.96 -1.7(0.7)
AG -1.69 -1.71 -1.70 -1.83 -1.73 -1.73 | -0.03 (0.11)

* see equations 3-4.

®experimental value: -1.34 kcal/mole (12).

¢ AG,, is the total free energy, AG,, and AG,,, are the electrostatic and van der Waals
contributions, respectively, and AG,, is the bond potential of mean force
contribution.

Conclusions

We have studied the stability of T4 lysozyme and the binding free affinities of the RT
TIBO inhibitors by several approximate and efficient free energy calculation methods
and the rigorous TI method. For T4 lysozyme, the FED and PROFEC are useful for
suggesting promising sites and candidate modifications to improve the stability of the
protein. The results were supported by the TI calculations. The combination of FED
and PROFEC appears to be very efficient and effective in making predictions. By
using FED, one can quickly find the promising sites and then PROFEC can be used
on these sites to suggest candidate modifications. Compared with TI, FED and
PROFEC calculations are much faster: only a few hundred ps of MD simulation is
required to obtain reasonable results. The information generated by FED and
PROFEC can be quite comprehensive because in many cases it is appropriate to
calculate the free energy derivatives for many atoms in a single MD simulation and
use the same trajectories to construct the PROFEC contours. For the RT inhibitors,
both the chemical MC/MD method and the PB calculations are able to rank TIBO
derivatives in good agreement with experiment. Since these methods are quite
different in nature, each with their own set of approximations, they serve as a good
complement to each other. That is, if both methods predict the same rank order, the
reliability of this prediction will significantly increase. Considerable simulation times
(1.1 ns) were required for a reasonable estimate of the relative free energies of just
two TIBO derivatives bound to RT in our TI calculations. In that perspective, the two
more approximate methods worked surprisingly well and produced valuable
information with substantially less effort and time. However, one sees that by
decomposing of free energy differences into components, the TI calculations can
provide important insights into the nature of TIBO-RT interactions.

In summary, the approximate methods used here are able to make quite
reasonable predictions with much less computational cost than the rigorous TI
calculations. Therefore, they are valuable at least as fast screening tools in the last
stages of structure-based drug refinement and protein engineering. The rigorous free
energy calculations (TI, or FEP) are computationally expensive, but can be used to
support the predictions of the approximate methods and help to gain insights into the
nature of molecular interactions. We envision a hierarchy of computational methods
that can be applied to these sorts of problems. First, FED and PROFEC can be used to
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suggest lead plausible modifications for lead optimizations. Second, CMC/MD or PB
calculations can be used to rank the binding affinities or stabilities of many ligands or
mutants in a short time. Finally, traditional free energy methods (TI, or FEP) can be
used to analyze a few particularly interesting cases.
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Chapter 4

Binding Evaluation Using the Finite Difference Solution

to the Linearized Poisson-Boltzmann Equation
and Solvation Entropy Correction

Jian Shen

Computational Chemistry, Hoechst Marion Roussel, Inc., Route 202-206,
Bridgewater, NJ 08807

The finite difference solution to the linearized Poisson-Bolzmann
equation is used to compute the electrostatic binding free energy of
various receptor-ligand systems including . L-arabinose-binding
protein, thermolysin, thrombin, collagenase, etc. The non-
electrostatic binding free energy is approximated using the empirical
solvation entropy correction. Besides the balanced speed and
accuracy, the method provides detailed mechanistic insights of the
binding interactions and thus the rationales for both lead optimization
and lead generation. Practical concerns and limitations of the method
are also discussed.

The determination of receptor-ligand binding affinity (in terms of K;, Ky, ICso or
binding free energy) has been an integral part of new drug discovery. Enhancing
binding affinity is often a top priority in lead generation and lead optimization.
Chemical modifications to improve other pharmacological properties also require
maintaining a predefined binding affinity. Medicinal chemists often estimate
binding affinities of prospective drug molecules based on statistical analysis or their
own intuition for selective syntheses. If the structural information of the receptor is
available, many suggestive ideas about binding improvements can be simulated by
visualizing the 3D graphics. However, the outcome of a new compound usually
remains chancy. On the other hand, the structural information provides essential
input for free energy evaluation based on statistical mechanics (/,2) and promises an
ultimate solution to predict the binding free energy and other thermodynamic
propetties (3).

Indeed, many developing methods (4) based on the structure of receptors
have various success stories. To be able to impact on pharmaceutical research, a
binding energy calculation method has to be reliable, fast and comprehensible. First,
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a qualitatively correct prediction for a variety of receptor-ligand binding systems is
essential to real application. The numerical values are also required to be
quantitatively close to experiments and reproducible. Second, the method needs to
generate results quickly enough for making a synthetic decision, which usually
means within a day or two. Third, the analysis of calculated results should offer an
explanation of the ligand-receptor interaction, and thus suggests new directions to
improve binding.

Among several promising computational technologies, the finite difference
solution to the linearized Poisson-Bolzmann equation and solvation entropy
correction (FDPB + SEC)(5) has unique features in terms of accuracy, speed and
mechanistic insight for binding energy calculation. Because of no cut-off for
electrostatic interaction and inclusion of solvent effect, FDPB is considered to be
one of the most accurate methods to compute electrostatic energy(6). Studies (7)
show that the numerical error in the calculation can be reduced to just a few tenths
of kcal/mol when appropriate settings are used. Furthermore, the computing speed
has been improved in parallel with the computer technology. A typical protein-
ligand binding energy calculation (consisting of six FDPB calculations on a 100°
grid) can be completed within one hour CPU on a R4000 processor
(SiliconGraphics) while the cost is only half of that on a R10000. The computing
speed is no longer a practical concern because the manual preparation of correct
inputs usually takes more time. Finally, the method provides components of
calculated binding energy difference such as solvation and hydrophobic binding.
Analyzing these components can direct new molecular modification for improving
binding and other pharmacological properties of ligands.

The principle of using FDPB for electrostatic binding energy calculation was
described by Gilson and Honig (8). The early applications were focused on the effect
of salt concentration on binding energy. The first published attempt by Karshikov et
al.(9) to calculate hirudin-thrombin binding energy was not successful. One common
opinion about the method was its inaccuracy due to the grid representation of
molecules (both partial charges and dielectric boundaries). However, improved
techniques in FDPB have essentially eliminated the problem. The method has been
successfully applied to several binding complex systems including sulfate-binding
protein (I/0), L-arabinose-binding protein (ABP), thermolysin (//), carbonic
anhydrase (/2) and isocitrate dehydrogenase (13).

In this paper, we first review the basics of the FDPB + SEC approach. Then,
several applications to ligand-protein systems including ABP, thermolysin, thrombin
and collagenase are presented. These systems are either therapeutic targets or drug
binding models. ABP is one of periplasmic receptors, which function as uptake of a
variety of nutrients. There is increasing interest in carbohydrate-related drug
discovery. Thermolysin, a zinc endopeptidase, has served as a model for
angiotensin-converting enzyme. Recently, it has been found to degrade amyloid, and
thus is implicated as a potential therapeutic for Alzheimer’s disease. Thrombin is a
well-known target for cardiovascular disease. Collagenase is a member of matrix
metalloproteases (MMPs). These enzymes play a cardinal role in the breakdown of
extracellular matrix and are involved in a variety of biological and pathological
processes. In addition to their therapeutic value, these receptor-ligand systems have
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multiple high-resolution 3D structures determined by x-ray crystallography. The
specific methods used to treat problems associated with electrostatic,
nonelectrostatic, H-bond, conformation, and the origin of electrostatic binding of
proteins are described below. Finally, certain underlying assumptions and
limitations of the method are discussed.

Theory and Method
For noncovalent binding of a ligand, Ly (reference system), to a receptor, P
Lo+P — LoP,

the associated binding free energy, AGy, can be partitioned into electrostatic and
nonelectrostatic components, AG, and AGy, respectively:

AGy= AGe + AGy. (1)

Similarly, we have 4G, for a modified ligand, L;. Thus, the binding energy
difference, AAG, between the reference system and the modified system is:

AAG = AG; - AGy = AAGe + AAGh,. )

The reason to calculate AAG is that the model to calculate AG, + AG, may not

include every significant interaction in a binding process. We assume that the
neglected interactions are identical in both the reference and modified systems.
Therefore, they will cancel in AAG. Knowledge of the relative binding energy is
sufficient for most practical application.

Electrostatic Calculation. The electrostatic binding energy, AGe, is calculated
through the following thermodynamic cycle:

AG
L +P (solution) ———%— [ P (solution)

-4 Gs,f 4G s,b

L + P (uniform € ——— L P (uniform €)

4Ga
AGe =AGs'b - AGS‘f"' AGa (3)
AAGe = AAGS’b - AAGs’f'F AAGq 4)
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where £ is the dielectric constant of the system including the binding molecules and
their environment. In this approach, two solvation energies (4Gs,p and AGg,f) are
obtained from four electrostatic calculations using FDPB. The binding interaction in
the uniform € state (also called assembly energy or coulombic energy), 4G, is
analytically calculated using Coulomb’s law. In principle, the 4G, can be obtained
by computing electrostatic energies of L + P and LP without bypassing. However,
such calculated values are difficult to interpret or analyze. The value of this
approach will become apparent later in this article. The other advantage of this
approach is the reduction of error even though this is not so critical.

One of the most controversial parameters used in continuum models of
proteins is the dielectric constant, which ranges from 2 up to 20 in many
applications. It is used to account for the polarizability of electrons, atomic dipoles,
macrodipoles, and probably the uncertainties of coordinates of a protein. Because it
cannot be measured experimentally nor calculated with ab initio, this empirical
value is determined by comparing calculated and experimental electrostatic
interaction energy. After testing several values (7), we found that a constant of 3 is
good for the binding energy calculation with the force fields across several protein
systems. Due to the solute dielectric (i.e., 3 in our work), a dielectric constant of 3 is
used for the environment of the uniform ¢ state to simplify the calculation of AGa.

The Finite Difference Solution to the Linearized Poisson-Boltzmann
Equation (FDPB). The electrostatic free energy (Ge) of a molecular system is

calculated through
Ge=052q )

where q;, a charge of atom i, and ¢, the electrostatic potential, are related though the
linearized Poisson-Boltzmann (LPB) equation:

-V ecVo +ex2p=p (6)

where X is the inverse Debye-Huckel screening length and p, the charge density,
relates to q (q = | p dV). This equation is solved numerically using the finite
difference method. In this method, the atomic charges and dielectric of a molecular
system are partitioned into 3D grids. The associated potential grid is obtained by
iterative solution of the LPB equation. Available commercial software includes
UHBD (/4) and DelPhi (15).

Non-electrostatic energy calculation. It has been assumed that non-electrostatic
binding energy difference is due to the solvation entropy difference. Indeed, the
solvation entropy dominates the solvation free energy of nonpolar molecules such as
alkanes. Although the free energy calculated by solving the PB equation has an
entropy component (electrostatic) in terms of the temperature derivative of
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dielectric, it does not include solvent-solute correlation functions (/6) that constitute
the solvation entropy.

In an early binding energy application (/1), we tried to estimate the
nonelectrostatic energy by counting the number of waters displaced from a binding
site of an enzyme assuming that the release of one water molecule equals 3/2 kT
(translation degree of freedom). Although it can account for most hydrophobic
modifications in a series of thermolysin inhibitors, the treatment lacks strong
theoretical basis and is too arbitrary to handle a volume smaller than a water
molecule.

The molecular surface area, or solvent accessible surface area (SASA), has
long been recognized and used as a correlation to solvation free energies. Sitkoff et
al (17) derived a single surface tension coefficient to account for nonpolar solvation
energies in FDPB calculation. Because the coefficient is optimized along with the
force field parameters, it can be complicated when applied to macromolecular
systems.

Solvation entropy correction (SEC). In secking a better way to calculate
AAGy, we(5) found that the average solvation entropic energy (-TAS) is 40 £ 5
cal/mol A for a unit SASA of both polar and nonpolar molecules(i8). This value is
also close to 30 cal/molA? derived from a simulation (19). Thus, our AAGp, or the
solvation entropy correction (SEC) is derived as:

AAGy = 0.04 (AAp - AAP) (kcal/mol) 0

where AAfand AAp are water accessible surface area changes of the free state and
the bound state in two binding complexes, respectively.

Calculation Setup. Protein polar hydrogens are added to the x-ray structures
studied in this work and energetically minimized using the program X-PLOR (20) or
CHARMm (21). The coordinates of the modified inhibitors are modeled based on
their reference structures. All calculations are done using UHBD with a
100x100x100 grid. The solvent region in the FDPB calculation is determined using
the accessible surface of a probe of 1.1A radius and modeled with a dielectric of 78.
An ionic strength of 0.0IM and an ion excluding shell of 1.4A represent the
solution. A dielectric constant of 3.0 with a smooth dielectric boundary is used to
define the interior of ligands and proteins. A single focusing step is applied to
reduce the grid spacing from the initial 1A to the final 0.25A around the binding
site. GROMOS (22) charges are used for proteins and some ligands. Other charges
on ligands are either from published data or ab initio calculations (10,11).

Applications

Electrostatic binding. For a given receptor, two binding ligands may differ
electrostatically (i.e., their partial charge distributions vary but there is no significant
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change in size). An example is the substitution of an H-bond donor or acceptor like
a hydroxyl of D-galactose (Gal) as shown in Table I. Compared with the Gal, the

Table 1. Sugar Binding Free Energy Differences and Their Components for

ABP (kcal/mol)®

Sugar AAG, AAGS A4G, AAGexp
0. “\0
(o]
p'”o 0.0 0.0 0.0 0.0
o D-galactose
OO
or(‘;[wo 4.50 -5.78 -1.28 0.5
0 L-arabinose 4.69 -5.91 -1.22
(o] ‘\\0
oj:‘;(,,,o 4.64 -3.10 1.53 1.62
! D-fucose 5.05 -3.43 1.62
(o) \\\0
F
/I‘J,,, 5.81 2.46 3.35 2.6
o o 6.02 241 3.62
o 6-F-deoxyl-Gal
(o] \\\0
(o]
i(\’ 5.78 -3.20 2.58 3.6
° 5.89 -4.39 1.50
o 2-deoxyl-Gal
(o]
(o]
t(‘)'" 1.64 -0.32 1.32 1.8
° ° 7.23 3.12 4.11

o 1-deoxyl-Gal

a. The sugar structures are shown as o form. The first calculated value in each
column is for o anomer and the second one for § anomer, respectively.

b. AAGS = AAGs,b - AAGs,f\

lack of one hydroxyl in other sugars results in various binding energy differences
from -0.5 to 3.6 kcal/mol. Although a few complex structures of ABP-sugar have
been solved by x-ray crystallography (23), it is still difficult to predict and quantify

these energetic differences.

The calculation (10) using FDPB was quite satisfactory regarding qualitative
trends and quantitative values. With reference to Gal binding, it correctly

In Rational Drug Design; Parrill, A., € al.;
ACS Symposium Series; American Chemical Society: Washington, DC, 1999.



Publication Date: July 7, 1999 | doi: 10.1021/bk-1999-0719.ch004

October 22, 2009 | http://pubs.acs.org

59

reproduced better binding for arabinose (Ara) and smaller affinities for the rest.
Since two forms (depending on the configuration of 1-OH) of Gal were found in the
x-ray structure, both were used as references to calculate the corresponding modified
sugars. The populations of two anomers may not be equal in both free and bound
states. In fact, only one anomer of bound arabinose can be found in a mutant ABP
crystal structure (Quiocho, F. A. et al. Baylar College of Medicine, unpublished
data). Nevertheless, the quantitative discrepancies between calculated sugar binding
energy differences and experiments are generally less than 1 kcal/mol. Further
improvements can be made by including the non-electrostatic contribution. As
previously analyzed, this term generally favors a large group. Because Ara, Fucose
(Fuc), 1-deoxy-Gal and 2-deoxy-Gal are smaller than Gal is, this contribution will
make their binding energies more positive. 6-F-deoxyl-Gal is considered bigger than
Gal is due to the greater van der Waals radius of fluorine and the longer C-F bond
length. Thus, its binding energy should be adjusted negatively. This work will be
carried out in the future in our lab and is expected to bring the results closer to the
experiments.

The calculation also provides an important mechanistic explanation of why
Ara is a better ligand and Fuc is a worse one than Gal is. Both Fuc and Ara have less
binding contribution from the coulombic energy (positive A4Gga) than Gal does due
to the lack of a hydroxyl (H-bonded to Asn 89 of ABP). However, Ara is much
more solvated than Gal (negative AAGs) in bound state due to the lack of 6-CH,OH.
This favorable solvation outweighs the loss of a hydrogen bond and makes Ara the
tightest substrate for ABP. In contrast, the solvation contribution for Fuc is not big
enough to compensate for the loss in coulombic energy, which dominates the overall
change. The solvation difference from the calculation is consistent with the x-ray
crystallographic observation (24) that a bound water, water 311, shifts toward the
bound Ara more than toward the bound Fuc.

Hydrophobic interactions. Omission of non-electrostatic differences in sugar
binding does not affect qualitative results because the size changes among these
sugars are small, mostly one non-hydrogen atom. However, the non-electrostatic
solvation cannot be neglected in other cases such as the calculation of a series of
thermolysin inhibitors (25). These peptidyl analogues have different hydrogen bond

@\/ ) i

\N 7

o) N P

~

\[(\/ x
o

Phosphorus-Containing Inhibitors Cbz-Gly-y(PO2)-

X-Leu-Y-R (ZGP(X)L(Y)R), where X = NH, O or
CH2; Y = NH or O; R = Leu, Ala, Gly, Phe, H or CH3.

=
LRI
—O
(o]

(o]
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donor and acceptor on the backbone as well as varied P2’ amino acid residues. The
difference in molecular size between the reference ligand and a modified ligand
ranges from two to eight non-hydrogen atoms, which challenges any binding energy
calculation method. By combining FDPB with SEC, we (5) demonstrated that the
calculated binding energy differences correlate very well to the corresponding
experimental values as illustrated in Figure 1.

AAGcalc(kcal/mol)
I
o
B

0+—
0 1 2 3 4 5 6 7 8
AAGexp(kca]/mOI)

]
T

Figure 1. The calculated binding energy difference vs. experiments for 13
phosphorus-containing inhibitors, (ZGP(X)L(Y)R). The symbol circle is for
ZG*(X)L(Y)L, square for ZGP(X)L(Y)R (R # Phe (F)) with solvation energy
correction (SEC) and triangle for ZGP(X)LF (two conformations) without SEC.
The calculated binding energy differences are well correlated to the
experiments (r = 0.90) at the same energy scale. (reproduced with permission
from ref. 4. Copyright 1995 The Protein Society)

The need to include SEC can be seen more clearly in Figure 2, where another
series of thermolysin inhibitors, ZRP(O)LA, was calculated (26). The electrostatic
binding, which prefers a small hydrophobic group, has an opposite trend compared
with that of the experiment. Understandably, the electrostatic solvation of the
complexes dominates AAGe because AAGq is zero and AAGsf is small. The

addition of 44Gy, which favors a large hydrophobic group, brings the calculated
energy difference trend in line with the experiment.

H-bond strength. In many cases, the initial hits in an enzyme-targeted project are
peptidyl inhibitors, which usually suffer from low oral bioavailability and quick
degradation. While further screening may generate new hits, designing a new
scaffold based on the peptide hits is an alternative approach in lead generation. In
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MMP project, we reasoned that each amide or carbonyl of a bound peptide inhibitor
does not contribute equally to the binding. The weakest H-donor or acceptor might
be a potential moiety for modifications.

8
7_-
6]-
57
34T
-
o 37
d 21 —o—Gexp
14 ——Gc
—4— Gn
o7 ——Ge
-1 : +
ZF(O)LA Z1(O)LA ZA(O)LA

Inhibitor

Figure 2. Calculated and experimental binding energy differences for
ZR’(O)LA.

The x-ray studies of collagenase(27) as well as stromelysin(28) show that all
amides and carbonyls of a hydroxamate inhibitor are H-bonded to the protein active
site. In order to predict each H-bond strength, we artificially turned off the partial
charges on six NH and CO groups one at a time and calculated the binding energies
using the FDPB method. Due to the uncertainties of the proton position between the
active site Glu 219 and the hydroxamate, and of ionization of the hydroxamate,
three binding mechanisms were assumed. Thus, differently protonated inhibitors and
enzymes were subjected to this study, as shown in the Figure 3 legend.

The results support our hypothesis that not all H-bonds in the peptidyl
inhibitor are equally important. The P1 CO and P1’ NH are the strongest H-bonds
and PI’ CO and P2’ NH the weakest. Understandably, the different proton
assignments only affect the nearby P1 CO and P1’ NH. The three binding
mechanisms result in basically the same conclusion, which also validates the
numerical calculations.

Although elimination of the H-bonds will reduce the electrostatic binding
affinity from this study, the overall binding can be enhanced by hydrophobic
modification based on both experiments and solvation entropy analysis. For
example, adding a methyl to a ligand may increase its surface area by about 40 A%
which equates to -1.5 kcal/mol of solvation entropy energy. This amount of energy
could offset the loss of weak H-bond if other interactions remain the same. Directed
by this theoretical prediction, our medicinal chemists have generated new scaffolds
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by modifying P1’-P2’ and P2’-P3’ peptide bonds. Similar chemistry approaches
have been disclosed by chemists in Dupont Merck (C. Decicco et al., poster in 214"
ACS national meeting). These non-peptidyl inhibitors can achieve nM Ki binding
and good oral bioavailability.

EP H-L
OP-H L
WP LtoH-L

AAG (kcal/mol)
O N A ON OO O

P1CO PINH PICO P2NH P2'CO P3NH
Hydrogen Bond

Figure 3. Schematic structure of the bound hydroxamate inhibitor (top) and
relative H-bond strength of each NH and CO group (bottom). The ambiguous
proton is indicated with two dash lines between Glu 219 and the inhibitor. The
legend indicates whether a proton (H) is associated with Glu 219 of collagenase
(P) or the ligand (L) in calculations.

Conformational Change. One of the most challenging tasks in molecular
modeling is to determine the bioactive conformation of a ligand. If one ligand has
been determined by biophysical methods, we usually assume that its analogs will
bind to a receptor in an identical mode. This assumption is reasonable if the binding
data and multiple x-ray structures can justify it as in the case of the ZGPLR analogs.
However, x-ray analysis (29) and binding kinetics (30) also prove that a
modification can lead to different binding conformations, such as those of ZRPLA
(R # G). In the best situation, computer-docking(3/) may generate a correct
bioactive conformation. The question is whether one can verify the binding mode
and predict its binding energy.

The calculation of binding energy difference between conformationally
different ligands is difficult for any detailed simulation method. To explore the
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limitation of the FDPB + SEC method in dealing with this problem, we (26) use
three approaches to calculate the binding energy difference between ZFPLA and
ZGPLL. Because both protein-inhibitor complexes (pdb4tmn and pdbStmn) have
been solved crystallographically, either one can be used as a reference protein
structure. As shown in Figure 4, two direct calculations yield binding energy

@\/O\[rz \O)P(; E \)0\ ZGPLL/STMN
o] : \‘
\)\

=

T

H
Q.0 |
48 2.7 e N

v T 9.7
H H (0] ZFPLA/ATMN
YOy Y
: |
(0] 2 H

MePLA

Figure 4. Structure of Me!LA and schemes to compute energy difference
between ZFPFLA and ZG"LL. The arrows indicate calculations from a
reference system to a modified system. The values (taken from Table 1) along
the arrows are calculated binding energy differences (in kcal/mol) associated
with each process.

difference of 4.79 and 2.74 kcal/mol, respectively. One of them closely matches the
experimental binding energy difference of 2.94 kcal/mol. In these calculations, the
modified systems are modeled by replacing the reference ligand with the one from
the other x-ray structure while keeping the reference protein structures unchanged.
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The reason for using only one protein structure is to reduce errors from the
difference between the two protein structures. The third approach is composed of
two calculations through a hypothetical inhibitor MePLA. Both pdb4tmn and
pdb5tmn are used as the reference structures to calculate the energy differences from
ZFPLA and ZGPLL to MePLA, respectively. This approach yields a binding energy
difference of 4.4 kcal/mol between ZFPLA and ZGPLL.

Although this approach produced a result no better than one of the direct
calculations, it correctly modeled tighter binding of ZFPLA like the two other
approaches. According to the analysis of decomposed energies, the enhancement of
the ZFPLA binding is attributed largely to the solvation entropy or “hydrophobic
force”. The binding mode of the ZG’LR N-terminal moiety appears to be
electrostatically unfavorable. The study suggests that increasing lipophilicity of that
moiety may enhance ZGPLR binding.

Ionic Binding. When an ionic residue is identified at the active site of a receptor, it
is natural to think of using a counter charge to enhance binding. Indeed, attaching a
positively charged group, such as guanidinium or benzamidine(32), to an inhibitor
seems necessary to achieve respectable binding to thrombin(33), which has a
negatively charged Asp 189 at the active site. However, a similar rule does not
work for collagenase, which has a positively charged arginine at the bottom of the
S1’pocket. Unable to achieve significant binding using negatively charged P1’
inhibitors, Singh et al.(34) attributed it to the desolvation penalty. If we look deeper,
there is no desolvation problem for collagenase because experiments show that a
hydrophobic residue can bind to the S1’ site. The desolvation of the ligand should
neither be an obstacle. In fact, an aspartate at P1 appears to be necessary to bind to
interleukin 1-B converting enzyme (ICE)(35), which has two arginines at the active
site. Is there any simple rule to allow us to predict ionic binding qualitatively? This
question is related to the issue whether electrostatic interactions stabilize or
destabilize proteins.

We carried out a series of FDPB calculations for thrombin and collagenase
to explore the controlling factor in charge-charge interaction. The binding
contribution of charged residues was accessed by mutating them to neutral ones.
We found that none of the single residues, including Asp 189 of thrombin, can be
said to contribute significantly to ion binding. The coulombic attraction and
desolvation penalty are compatible to each other in most cases, and as a
consequence, the net energetic differences are marginal.

This can be qualitatively understood by the interplay between desolvation
and Coulombic interaction. A charged residue at an active site of a receptor has a
strong coulombic attraction with a counter charge. However, the desolvation
penalty offsets the interaction. The overall binding contribution of the residue may
not be as great as it appears in an x-ray structure. This does not mean that
electrostatic is not important for ionized ligand binding. In fact, we found that all
charges and dipoles in a receptor need to be considered to predict the binding.

Figure 5 shows accumulated AG, between test charges and two enzymes,

thrombin and collagenase. In both cases, side chain contributions dominate the
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overall AG,. For thrombin, the charged residues within 15 A of the binding ion

have a significant binding contribution while the remaining residues help maintain
the binding. In contrast, the Coulombic binding of collagenase reaches a maximum
at about 10 A, then the trend reverses and ends up with a positive energy. In other
words, collagenase will not bind to any negative charge at the S1° pocket. To
compare with the experimental binding energies, we should exclude the first and
perhaps second residues because they need to be desolvated to form a complex,
which offsets their coulombic contribution significantly. These two examples show
that the short-range electrostatic attraction may be necessary but not sufficient for
the binding of a charged ligand. Charged residues that are distant from a receptor
binding site may be more important than we had originally thought.
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I ;
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a 60+ ——side chain
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Figure 5. Accumulated AGg for thrombin (TRB) and collagenase (HFC) with a
counter charge at the active sites.
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Currently, we are investigating the ionic binding of other binding systems. If
the analyses for thrombin and collagenase are proven to be true in general, then we
may just need a simple calculation to predict whether varying a charge on a ligand
can enhance or reduce the binding affinity. To complete this study, more high-
resolution structures of binding complexes are needed. The protonation states of
residues also need to be validated. In short, one cannot predict ionic binding by
simply looking at the 3D structure of a receptor complex.

Ligand-Based Design. Even without a receptor structure, the FDPB + SEC model
can be useful for qualitative prediction. We can classify chemical modifications into
two categories: electrostatic and hydrophobic. The former modification varies partial
change in the ligand but has small or no size change. An example is the modification
of ethane to ethanol. The latter modification involves a significant change in size
but, a small partial charge change, such as the change of ethane to propane. If a
ligand modification involves both partial charge and size changes, we can always
treat them separately through a hypothetical intermediate.

Only A4Ge needs to be considered in electrostatic modification. Among
AAGe components, AAG, is very important to binding because it accounts for
electrostatic interactions between a ligand and a receptor. For the solvation energies,
the absolute value of AAGsf is greater than that of AAGs,p due to less solvent
exposure in the bound state. As an approximation to equation 4, we can have:

AAG = AAGq - AAGsf ®)

This equation tells us that a modification of a nonpolar group to a polar group may
enhance binding by lowering 4AG,. However, the net gain will be offset by
increased 4AGj,f and could result in a net loss of binding (positive 44Ge).

A hydrophobic modification will affect both A4G, and AAGy,. Because there
is no charge change by the definition, 4A4G, can be neglected. Our analysis reveals
that the absolute value of 44Gs,f is always less than or equal to that of AAGs,b due
to stronger protein-solvent interaction. In contrast, AAf is always greater than or
equal to 4Ap in 4AGy, calculation (equation 7) because of less solvent exposure in
the bound state, Substituting the leading terms of 44AG, and AAGy, into equation 2,
we have another approximation:

AAG = AAGg,p - 0.044AF. ©)

The first term in this equation favors a smaller hydrophobic modification because of
a more solvated complex. The second term favors a bigger hydrophobic group due
to the increase in the solvent accessible surface area.

We see that in each case, the overall binding energy difference depends on
the balance of two energy components. In ligand-based design, we can only estimate
one of these components (i.e., AAGg,f or AAp), that explains why it is so difficult to
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predict the outcome of a ligand modification. However, the estimation of these
values may give us informative limits of likelihood loss or gain in binding upon a
molecular modification. A useful conclusion from this analysis is that a bigger
hydrophobic modification tends to enhance binding by lowering the AAGs,f and

increasing AAf. This is consistent with numerous QSAR studies (36) of the
relationship between binding and LogP, which is somewhat related to AGs,f and
a4y,

Limitations. In addition to the omission of van der Waals interaction and
conformational energies, there are certain limitations in the application of FDPB +
SEC. First, successful applications depend on the quality of x-ray structures of
binding complexes. Statistical mechanics also requires that the structure resembles
both ensemble averages of a reference system and that of a modified system. This
approximation certainly will not hold if the modified interaction is too large such as
charging a ligand or substantial conformational change. In these cases, qualitative
results may still be obtained.

Second, the protonation state of charged residues affects the quantitative
results due to the effect of long range electrostatics. Fortunately, one can use FDPB
to calculate the pKa shift of each residue. Because of the fast calculation speed, one
can also calibrate protonation states against known binding activities.

Third, bound water has not been modeled explicitly in the FDPB + SEC
model. The technical problem is the uncertainty of the position of two water
hydrogens, which cannot be determined by the x-ray crystallography. Theoretically,
a ligand, a receptor, and a bound water form a tri-molecular complex. If a modified
ligand or receptor replaces the bound water, the system becomes bimolecular
binding. We then need to address different degrees of freedom for the two systems.
On the other hand, the high dielectric constant of ice supports the use of the
continuum model for bound waters as an approximation.

It is interesting to compare the binding properties of explicit water with those
of continuum model. An explicit bound water near a ligand and a receptor is usually
regarded as a stabilizer of the complex showing multiple H-bonds to the ligand and
the receptor. It is also said that replacing the water with a modified ligand will
enhance binding entropically due to the increased degrees of freedom of that water.
The continuum model of bound water also has dual functions. In electrostatic
calculations, the water enhances receptor-ligand binding because of solvating the
complex. In nonelectrostatic binding, it reduces the affinity due to the enlarged
SASA of the complex (raises 44} thereby AAGy). More interestingly, both models
agree that a bound water may enhance ligand-receptor binding due to enthalpy and
weaken the binding due to entropy.

Final remarks. Most therapeutic targets do not have solved 3D-structures. This
situation could soon change with the continuous increase of the 3D-structure
database and advances in bioinformatics and protein homology modeling. With over
5,000 protein structures available today and no sign of slowing down, how to benefit
from these resources has become one of the greatest challenges in pharmaceutical
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research. One can imagine that a reliable binding energy prediction method will
significantly shorten the new drug discovery process and cut the cost of exploratory
syntheses. Thus, FDPB + SEC and other binding energy calculation methods will
play an increasingly important role in rational drug design.
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Chapter 5

SmoG: A Ligand Design Method Based
on Knowledge-Based Parametrization
of a Solvent Reorganization Model

Robert S. DeWitte and Eugene 1. Shakhnovich

Department of Chemistry and Chemical Biology, Harvard University, 12 Oxford
Street,Cambridge, MA 02138

In this chapter, we discuss SMoG (/-2) a de novo design
program/methodology based on a knowledge-based approximation to
the binding free energy. This approach is unique in that the
representation of atomic interactions bears no relation to empirical
force field terms, but rather is built solely on the consideration of the
implicit behaviour of the solvent around various different solute atoms.
The resulting scoring function evaluates instantaneously, and provides a
smoothed potential energy surface of interaction. These features of the
scoring function allow the space of potential ligands to be well searched
by a metropolis monte carlo molecular growth algorithm that efficiently
suggests lead candidates. We show how using SMoG to suggest
compounds, followed by molecular modelling calculations and
chemical intuition can be a fruitful approach to designing novel lead
compounds with a high likelihood of binding.

Many programs have been written to try to design that bind to a particular protein with
a known three dimensional structure (3-7). These methods have been built largely
upon scoring functions that are either empirical (such as those used in molecular
mechanics force-fields), rule-based approximations (for example, counting the
numbers of hydrogen bonds, and computing buried surface areas), or some
combination of the two of these. Unfortunately, these scoring functions provide only a
poor estimate of the binding free energy of a ligand candidate, a limitation which
minimizes the potential impact of these methods. The principal, and fundamental
limitation of such evaluations of binding affinitiy is that they make no implicit
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reference to the change in the behaviour of the solvent atoms as the protein and ligand
change from the unbound state to the bound state.

Water has a strong ability to order itself, as in ice, into rigid structures.
However, at and around room temperature, the tendency is rather toward disorder than
order, as the various hydrogen bonds between the water molecules fluctuate in the
amorphous liquid. In this state, the individual molecules participate in hydrogen
bonds to lower the overall energy of the bulk, but the participation is fleeting: a
favourable entropic condition. A solute in water, though, can affect this balance.
Hydrophilic and hydrogen bonding species participate in hydrogen bonds to a lesser or
greater extent than the native water molecules, and thereby partially join into the
dance, with a modest and favourable impact on the solvation free energy.
Hydrophobic solutes, however, cannot participate in such interactions with the water
molecules themselves. The result is that the water molecules near the solute orient
themselves so as to participate in roughly the same number of hydrogen bonds as when
they were in bulk. The result is a semi-rigid layer of water molecules encaging the
solute, and this lower entropic state is manifest in poor solubility. Thus as in the
problem of protein folding, hydrophobic effect supplies the driving force for protein-
ligand binding (8).

Modelling the hydrophobic affect without explicit reference to an ensemble of
water molecules is an open challenge to the community interested in applications of
computing to biomolecular association problems. Our approach is to consider the
length scale over which water can propagate the effect of a particular solute atom, and
apply a model of this phenomenon to a database of protein-ligand crystal structures for
parametrization. Bulk water itself has considerable correlative organizational
behaviour, in which the correlation length, or the range of the order in the liquid
extends about two solvation shells from the atom in question, or about 5 angstroms.
Thus it is reasonable to expect that the solvation correlations between atoms also
extend over this range. Put simply, atoms at this distance are connected to one another
through the solvent.

It should also be born in mind that we are trying to address the question of lead
discovery, and so we must be able to process a large number of candidate compounds,
and evaluate them very efficiently in a broad classification of their prospective binding
affinity. We are aided by the fact that we need not find the best solution to the
problem, but rather should find a good solution to the problem. Thus, we can use an
incomplete, optimization style algorithm to generate compounds. This, however, puts
an additional strain on the evaluation methods, since it will need to be used several
times in the optimization process. Thus, the scoring function and search method must
be extremely fast. Moreover, the molecules that emerge from the method should be
viewed as sketches, or prototypes, providing the seed ideas for the design of a true lead
compound.

Methods

Coarse-graining and the knowledge-based potential. We implement here a coarse-
grained model with a corresponding knowledge-based potential which treats both
ligand and protein in an all-atom representation, but assumes a simplified form of their
interaction. The reader is referred to Reference 1 as well as references therein for a

In Rational Drug Design; Parrill, A., € al.;
ACS Symposium Series; American Chemical Society: Washington, DC, 1999.



Publication Date: July 7, 1999 | doi: 10.1021/bk-1999-0719.ch005

October 22, 2009 | http://pubs.acs.org

72

description and justification of the the process whereby statistical observations p;; can
be converied into two-body parameters gj; that sum to a notion of free energy. Here we

simply state the result:
gi= —-leog|: By ]

<p>
where i and j refer to particular atom types in the protein and ligand respectively. <p>
is a reference state which sets the zero for the energy scale, as the null hypothesis
wherein all interaction types are equally likely.

It should be made clear that the choice of the interaction model is intrinsically a
choice of length scales. We must determine the reasonable distances over which
atoms project their chemical properties in order to accumulate the relevant statistics
and apply the right model. Hence, knowledge-based potentials lend themselves
naturally to coarse-graining techniques, where potential energy surfaces are smoothed
by averaging all phenomena occuring below a cutoff length scale into properties
describing the system at the specified length.

In our application, we chose a simple contact model: atoms within five
angstroms are in contact, and those further apart are not in contact. With this
definition, p; above refers to the probability that, say, a polar carbon in a ligand
molecule and a hydrogen bond acceptor in the protein, will be found within five
angstroms of each other. The parameters g; are used in the same way: each pair of
atoms, one from the ligand (i) and one from the protein (j), that are within five
angstroms contribute their corresponding g;; to the free energy estimate.

One final aspect of the model is that the number of atom types is expanded to
include some notion of the chemical personality of the various atoms. In other words,
carbon atoms are broken into the categories of fatty carbons and polar carbons, oxygen
atoms are either charged, hydrogen bond donors, or hydrogen bond acceptors.
Similarly for nitrogen atoms, and some other atoms and ions are included, such as
sulfur, phosphorus, fluorine, calcium and zinc. The model, together with the
knowledge-based potential, is referred to as the design energy in this work..

Database. The database of protein-ligand complexes used to determine the gj
parameters included the following complexes (all with RMSD ( 2.0 A): lart 1bcd 1bex
1bic 1bit 1byb 1cah lcam Ican lcao 1caz 1chn 1cil 1cmp lcoy lcra lerq lesc lcsh
lcsi lenc lerb 1fel 1fem 1fen 1fkd 1fkf 1fkh 1gca 1gcd 1heb lhsl 1hvi 1hvk 1hvl Thyt
licm licn linc lisc llec 1lic 11id 1lie 11if 1lra 1lst 1mdq 1mfa 1mng lolb 1pal 1pbe
1pbp 1ppf 1ppp lray lraz 1snm 1sta 1sty 1swm 1syd 1thl 1tng Itnh 1tni 1tnj 1tnk 1tnl
1tpp 1tro 2aae 2acq 2acr 2acs 2acu 2che 2csc 2ctc 2cut 2fke 2mbp 2pal 2mt 2tbs 2xis
3cla 3cts 3dfr 3gch 3pat 3rnt 3sga 4csc 4gch 4pal 4sga Scts Ssga Stim 6rnt 7mt 821p
8est 8tln 8xia Jest. Structural waters, where present, were considered as part of the
protein. _

The parameters that result are available as supplementary material to Reference
2.

Coarse-graining and the search algorithm. In principle, the combinatorial search
space for molecular growth or docking algorithms is a rough energy landscape.
Searching such a landscape requires careful algorithms, and long search times.
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Fortunately, however, the identification of candidate lead molecules is not a search for
the lowest free energy complex, but rather a low free energy complex (or several).
Still, the search is a difficult process because of the multiple minimum problem. If the
search space can be made more smooth by coarse graining, however, the searching
method need not be as sophisticated. For this reason, SMoG employs a metropolis
monte carlo growth algorithm. Such a search procedure quickly samples the
configuration space and the molecular space under the bias of the interaction potential
(knowledge-based energy in this case). In a coarse-grained ligand design search space,
a simple, hasty, search algorithm such as the one presented here can do very well in
finding low energy configurations.

Monte-Carlo Molecular Growth Algorithm. Directly in the binding region of the
protein, simple organic molecules are generated by joining fragments with single
bonds. Each step of the molecular growth proceeds as follows: two hydrogen atoms
are selected: one from the fragment to be added, and one from the structure as
generated so far. The new fragment is placed such that the hydrogen atoms are
displaced and the atoms formerly bonded to those hydrogen atoms now form a single
bond with a standard bond length. This procedure ensures that the new bond angles
and bond lengths are reasonable approximations. Finally, the new functional group is
oriented by torsional rotation about the new bond. Table I lists the fragments used in
molecular growth.

Table L. Fragments used in the small molecule growth algorithm. Adapted with permission from
reference 1.

Amide Cyclohexene | Methane Pyrimidine
Amine 1,2-Dithiane | n-Butane Pyridine
Carbonyl Ethane Napthalene | Pyrrole
Carboxylic acid | Ethene Nitrile Sulfate

Chloride Fluoride Nitro Sulfide

Cyanide Furan Phenyl t-Butane
Cyclooctane Glucose Phosphate | Tetrahydrofurane
Cyclopentane Hydroxyl Propane Tetrahydrothiene
Cycloheptane Indole Propene Thiophene
Cyclohexane Iodide Purine Trifluoromethane

In this manner, beginning with simple H, in the binding site, a molecule of any
desired size can be generated, by continuing to add fragments. Notice that the growth
is inherently branched because at each growth step, any hydrogen atom on the present
structure is a potential site of growth.

Each fragment that is placed is oriented by torsional rotation about the new
bond in fixed increments and all those orientations that are not sterically hindered are
subject to energetic evaluation. That rotamer with the lowest energy is considered as a
candidate for acceptance into the new molecule. This acceptance is determined by the
Metropolis monte carlo criterion which compares the new energy per atom with that
before this growth step. Any decrease is accepted, and any increase is accepted with
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probability exp/-Ag/T] where g=G/N is the free energy per atom, and T is an
algorithmic temperature.

The preliminary selection of lowest allowed rotamer has two positive effects.
First, it biases the molecule more quickly to low energy, since random selection of
rotamers would lead to significantly more metropolis failures. Second, it is an indirect
selection toward the tightest possible steric complementarity.

The Metropolis decision of acceptance or rejection of the new fragment is in
place to allow the energy per atom to increase occasionally, as would need to be the
case if the small molecule had grown into a tight steric region, and had no other
recourse but to grow into the solvent or some other unoccupied region, where it would
interact only marginally with the protein. This feature also provides the added benefit
of generating molecules with bridging fragments where the bridge itself is not
necessarily a strongly interacting part of the molecule.

The reader is referred to Reference 1 for a description of the analysis of the
operating parameters used in this method. Under the operating conditions of sixty
degree torsional increments, seventy percent Van derWaal contact radius and an
algorithmic temperature of 10.0, each molecule of about twenty heavy atoms can be
generated in a few seconds on a 100MHZ pentium computer running Linux.

Ligand Design Methodology. Figure one provides a general outline for ligand design
using the SMoG approach.

At the first stage, it is helpful to get an appreciation for the binding site (for
instance its shape and types of intermolecular interactions it may support) by allowing
SMoG to generate a large number of molecules in the binding site. Our approach has
been to generate one thousand molecules and record the structures of the best fifty.
This computation is generally completed in a few hours. By viewing the molecules
that fit into the space of the binding site, and form complementary chemical
interactions, particularly paying attention to those molecular details that arise
frequently, the chemist gains an immediate understanding of what molecular scaffolds
are likely to be fruitful leads to follow. For example, one may observe that several of
the high scoring molecules involve specific hydrogen bonds, attained through a
specific functional group in a specific orientation. Alternatively, one may learn that
the presence of lipophilic groups in a certain region are responsible for the high score
of several other ligands. This ‘consensus based’ qualitative understanding forms the
basis for further work with SMoG.

Whereas the high score of the molecules in stage one is usually due to the
presence of one well placed molecular fragment, the desire at stage two is to build
molecules that combine several of the positive features observed in stage one. This is
done by selecting a few representative molecules from stage one, removing the parts of
the molecule that are not important, and using the remaining strongly interacting,
molecular fragment as a restart fragment. SMoG has the ability to continue growth
from any molecule provided as input by selecting hydrogen atoms on it as points of
further growth. Furthermore, the user may determine at which of these hydrogen
atoms growth is allowed. For each moiety from stage one that is used as a restart
fragment, a new line of molecules can be generated (generally another 1000 of which
the best 50 are recorded). Each of these molecules will contain the tailored
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( Guided Tour of the Binding Site

Generate many molecules and observe the qualitative features that
arise with a high frequency among those that score best. Note the
\ potential interaction types that are favored.

/ Growth from a Template

Select some parts of molecules from the previous observations to use as
restart fragments. Allow SMoG to generate molecules from specific sites
on these fragments. This allows the user to select the direction of

II

molecular growth in attempt to include the features observed above.

Quantitative Analysis

Use an empirical force field to minimize the energy of the complex formed
with each of the best molecules from stage Il. Those molecules that
score well with both the SMoG free energy estimate and the empirical
\ interaction energy are scrutinized further.

f Qualitative Analysis

These high scoring molecules are scrutinized on the basis of qualitative
interactions, chemical viability, synthetic feasibility, solubility, as well as
observation of the strcutural changes the ligand induces in the protein

( Optimization

A combination of chemical intuition and SMoG assisted optimization is
performed to enhance the quantitative and qualitative score of the best
molecules. Generally this involves atomic and/or functional
substitutions, growth from a specific site, or deliberate inclusion of salt

bridges or hydrogen bonds, or perhaps just an effort to increase the
solubilitv of the molecule

Figure 1. The stages of ligand design with SMoG.

(Reproduced from reference 2. Copyright 1997 American Chemical Society.)
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interactions as well as a variety of other positive features. Thus, at the end of stage
two, there will arise from each line of molecules a small number of candidates that
incorporate several qualitative as well as quantitative interactions. At this point, a
large part of the combinatorial problem of ligand generation has been overcome (i.e.:
the architecture of the molecule has been decided). Depending on the situation at
hand, it may be desirable to repeat stage two once more with some lines of molecules
to optimize the collection of interacting functional groups even further.

Generally after stage two, one might have a few dozen structures to consider in
the subsequent stages. At this point, it is important to determine which of these
molecules to focus on in more detail during the subsequent design stages. It is
important to realize that SMoG does not include an intramolecular interaction
potential in its growth. Therefore, one should relax the slight strains that the
molecules are carrying through minimization of the protein-ligand complex with an
empirical potential (for example CHARMM). The empirical interaction energy of
these relaxed complexes (especially the electrostatic component) is another useful
measure of the quality of a molecule because the SMoG design potential does not
explicitly account for electrostatic interactions between the molecule and the protein,
and thus slightly undervalues hydrogen bond and salt bridge formation. Conversely,
since hydrophobic interactions are largely solvent entropy effects, empirical
calculations of vacuum interaction enthalpies undervalue the contribution of nonpolar
interactions to binding free energy. Thus the two measures of interaction strength are
somewhat complementary. Hence, the molecules that one should continue to focus on
for the remainder of the design stages are those which have low CHARMM and
SMoG energies. At present, we are moving to include explicit terms to handle
electrostatic interaction events.

At stage four, the remaining molecules (perhaps a dozen) need to be
scrutinized qualitatively with the goal of optimization in mind, rather than exclusion.
The criteria with which to judge the molecules include chemical stability, ease of
synthesis, internal strain energy, strain induced in the protein, and solubility. One
should also determine if subsequent growth or manual optimization can introduce
more hydrogen bonds, or capitalize on other features of the binding pocket, such as
stacking with delocalized n-bonding systems. It is clear from our experience that a
few molecules will emerge as having greater potential than the others because of the
nature of the interactions they incorporate presently as well as features that suggest
either simple manual changes leading to improvement, or directions in which
automatic growth may enhance the binding interactions (using the whole current
molecule as a restart fragment and allowing growth at only one or perhaps a few select
hydrogen atoms).

In the fifth stage, the modifications suggested in stage four are introduced to
the few select molecules that have the most potential, yielding yet another generation
of structures which should be scrutinized quantitatively and qualitatively in stages
three and four.

In the process of designing a molecule that is likely to be a strong binding
ligand, stages three, four and five may need to be iterated several times until a
candidate is found which is qualitatively sound and scores among the best molecules
according to SMoG and CHARMM. As the process converges to a ligand, one may
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wish to use other modelling tools to analyze the molecules and enhance decision
making. These may include conformational analysis to ensure that the binding mode
of the molecule is not a highly strained conformer, and molecular dynamics simulation
in solvent to observe the stability of the predicted complex

Results.

The Scoring Function Correlates Well with Experimental Binding Free Energies.
In order to test the correlation between experimental binding free energies and the
SMoG design procedure, SMoG was applied to the three protein-ligand complex
systems for which structural and binding information has been published and is readily
available. These examples include Purine Nucloside Phosphorylase (9-14), Src SH3
domain specificity pocket (15-17), and Human Immunodeficiency Virus-1 Protease
(18-19). The molecular structures of each compound tested are presented in reference
1. Here, we merely summarize the results in figures 2 through 4.
Table II summarizes the overall correlation findings quantitatively.

Table IL. Summary of Correlation Data. Adapted with permission from reference 1.

System | Correlation Coefficient | Number of Points | Probability
PNP 0.80 17 0.0020
SH3 0.81 8 0.1109
HIV 0.77 11 0.0501

The Monte Carlo Molecular Growth Algorithm Search is Sufficiently Exhaustive.
Figure 5 demonstrates that the knowledge-based potential respects the native ligand
(whose energy is marked as a dark stripe) as having extremely low energy. Moreover,
molecules with a comparable energy are rare, but attainable in reasonable computation
time since approximately five percent of generated molecules are comparable to the
native ligand in each example.

The Methodology Produces Qualitatively and Quantitatively Interesting Ligands.
The CD4 protein is an immunoglobin-family transmembrane receptor expressed in
helper T-cells (Bour et. al.) It participates in contact between the T-cells and antigen-
presenting cells by binding to the nonpolymorphic part of the class II major
histocompatibility complex (MHC-II) protein, which is followed by the activation of
the bound Lck kinase which leads to downstream activation events in T-cells. The
Human Immunodeficiency Virus (HIV) gains entry into a T-cell by binding protein
gp120 to the CD4 receptor. This gp120 binding site in the vicinity of Phe 43 of CD4
was the target for ligand design in this project (see Figure 8b).

Among the possible interactions that arose in stage one of the design process, it
was apparent that n-n interaction with the phenyl ring of Phe 43 was important, as well
as the formation of hydrogen bonds in the narrow pocket bounded by Lys 46 and Asp
56. After one pass through the five stages, the first generation of molecules was
evident. These are shown in Figure 6, where one can see the common elements of a
hydrogen-bonding core and a hydrophobic moiety in the same relative orientation in
most molecules. Qualitative features, as well as the data in Table III led to the
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Purine Nucleoside Phosphorylase
Correlation between experimental and predicted Ki's
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Figure 2. The correlation of measured binding constant (experimental result) with
SMoG score (theoretical prediction) for a set of Purine Nucleoside Phosphorylase
inhibitors that are not highly sensitive to the concentration of phosphate in the

solution.
(Reproduced from reference 1. Copyright 1996 American Chemical Society.)

HIV-1 Protease
Correlation between experimental and predicted Ki's
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Figure 3. The correlation of measured binding constant (experimental result) with
SMoG score (theoretical prediction) for a set of HIV-Protease inhibitors.
(Reproduced from reference 1. Copyright 1996 American Chemical Society.)
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SH3 Domain
Correlation between experimental and predicted Ki's
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Figure 4. The correlation of measured binding constant (experimental result) with
SMoG score (theoretical prediction) for a set of SH3 Domain ligands.
(Reproduced from reference 1. Copyright 1996 American Chemical Society.)

1ela (23) 1hew (43) 1nsd (34)
02 T 04 T T — 02 T T T
Son 02 [X3
g
e
w50 5 0 5 10 o EE e
1dhi (33) 1gmp (24) 1nsc (35)
02 v T v 04 1 T 02 T T T
z
§ [X] 02 01
£
00, ‘10 5 0 505 0 5 w0 O 05 [
1eme (27) 1giq (30) 1nco (48)
T T 02 T T T
§"o,¢ +
3 01
A T S 03540 5 0 5 10 "5 a0 s 0
Energy per heavy atom Energy per heavy atom Energy per heavy atom

Figure 5. The distribution of SMoG score for the design of 1000 molecules of the
same size as the native (i.e.. an extant) ligand whose number of atoms is shown in
brackets. In each case, the SMoG score of the native ligand (shown in a heavy
bar) lies in the tail of the distribution. Roughly 5% of molecules generated by
SMoG score as strongly as the native ligand (or better).

(Reproduced from reference 1. Copyright 1996 American Chemical Society.)
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Figure 6. First generation ligand candidates for CD4, drawn so as to highlight the
consensus in the selection and placement of similarly interacting fragments.
(Reproduced from reference 2. Copyright 1997 American Chemical Society.)
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selection of molecule 41 for further attention. Figure 7 and Table IV describe the
evolution, through SMoG assisted optimization and manual editing suggested by
chemical intuition, from Molecule 41 to the best candidate, molecule 41h. In
particular, molecules 41b, 41e-g are the result of manual editing (guided by intuition)
to improve the n-stacking interactions with Phe 43, and molecules 41c-d are the result
of applying SMoG to extension of 41b into a small hydrophobic pocket. These
extensions were not quantitatively advantageous (the pocket was slightly too small).
Molecules 41h-i derive from an observation that the significant strain in 41e (a strong-
scoring candidate) could be reduced by locking its bound conformation through a
bridge that creates a fairly rigid fused ring system. Of these, 41h was the best
candidate (the heteroatom allows the adoption of the interacting conformation of 41h).
In this and all other cases, manual editing was performed the 3D Molecular Editor
facility of Quanta, and subsequent minimization of energy with CHARMM.
Evaluation of these results involves reference to the CHARMM interaction energy and
recalculation of the SMoG score.

Figure 8 shows the three dimensional structure of Molecule 41h in the gp120
binding site of CD4. The interactions present include partial n-stacking with Phe 43,
as well as four intermolecular hydrogen bonds with Lys 46 and Asp 56, and one
intramolecular hydrogen bond which stabilizes the orientation of the pyridine group.
The seven membered fused-ring bridge gives this molecule a great deal of rigidity in
its bound conformation.

Table ITI. Quantitative analysis of the first generation CD4 candidates shown in Figure 6.
Adapted with permission from reference 2.

Molecule | SMoG Score CHARMM interaction
per heavy atom | Energy (kcal)

8 -26.2 -82.3

17 -30.0 -80.9

32 -28.5 -53.6

33 -36.3 -70.6

35 -26.8 -80.

41 -45.7 -99.

45 -26.9 -59.8

Discussion.

In this chapter we have shown that ligand design with SMoG as the first step and a
continual resource has several advantages stemming principally from the speed with
which it can provide an approximate prediction of relative binding free energy. In
particular, the program can focus the chemist’s search for novel lead compounds by
suggesting novel scaffolds, and chemical architectures for which the desolvation
driving force is expected to be strong. Within this framework, using a combination of
modelling tools, intuition and SMoG calculations, the chemist can quickly move
toward a set of compounds that are more highly optimized, even with respect to
chemical synthesis (Reference 2 contains further discussion about revising compounds
to achieve synthetic feasibility).
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Figure 7. Second generation ligand candidates for CD4. Based on molecule 41
these candidates were derived by a combination of manual alteration and SMoG
generated extension, always guided by both intuition and SMoG and CHARMM
scores. (Reproduced from reference 2. Copyright 1997 American Chemical Society.)
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Figure 8. A highly optimized candidate (41h) for CD4, which forms 5 hydrogen
bonds, as well as 7-stacking interactions with Phe 43. (a) 2D molecular structure.
(b) The gp120 binding site of CD4 with ligand candidate in place. (c) & (d) Space
filling models of the predicted complex.

(Reproduced from reference 1. Copyright 1996 American Chemical Society.)
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Table IV. Quantitative analysis of the second generation CD4 candidates shown in Figure 7. The
strain energy is calculated as the difference in internal energy between the bound conformation
and the conformation resulting from gas phase minimization with CHARMM. Adapted with
permission from reference 2.

Molecule SMoG Score CHARMM Energies (kcal)
per heavy atom
Interaction | Strain Net

41 -45.7 -99 144 -84.3
41b -47.9 -139 20.0 -119.0
41c -45.1 -128 20.7 -107.3
41d -46.1 -120 332 -86.8
41e -50.6 -112 36.6 -75.4
41f -50.5 -116 20.1 -95.9
41g -49.4 -82 15.0 -67.0
41h -49.9 -119 22.5 -96.5
411 -48.0 -86 20.5 -65.6

One advantage of the design methodology proposed in this chapter is the
ability to improve the qualitative features (size, shape, location, connectivity, synthetic
feasibility, m-stacking, hydrogen bonds, salt bridges, etc.) of the molecules without
reducing their quantitative scores. Because of this, the quality of the ligands that can
be generated is simply a product of effort, insight and intuition on the part of the user.
However, the insight and intuition are only needed as analysis tools, since SMoG
continuously provides suggested alterations and extensions of molecules that form
excellent chemical and spatial complimentarity with the protein binding site. In this
sense, SMoG overcomes the otherwise intractable combinatorial task of generating
optimal molecular scaffolds for scrutiny and optimization.

Careful examination of the Tables of SMoG scores and CHARMM interaction
energies reveals that those subtle molecular features that were added manually to take
advantage of a hydrogen bonding opportunity are not reflected very strongly in the
SMoG score, but are reflected in the CHARMM interaction energy (particularly the
electrostatic component). Conversely those attributes which correspond to increased
hydrophobic interaction are reflected in SMoG's score, but not in the CHARMM
interaction energy. This evidence supports using both measures of interaction energy,
since their weaknesses and strengths are complimentary. It also implies that the
accuracy of SMoG's prediction of binding free energy may be improved by adding
specific terms to the form of the interaction potential that reflect electrostatic
interactions such as hydrogen bonds and salt bridges.

SMoG's limitations include those implied in the simple methods with which
chemical geometry is handled: inter-fragment bond lengths and angles are all assumed
to be standard, and unvarying; the protein structure is considered fixed; and steric
repulsions are either on or off, depending on a simple distance test. Other limitations
are implementation dependent, and the program has been designed to allow flexibility
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in the choice of operating conditions. For example, smaller angle steps can be chosen
to perform calculations more carefully, lower temperatures can be chosen, and the
fragment library can be expanded.

Of course, as is the case with any design method, the crucial test of SMoG's
merit will include the synthesis and measurement of the binding constant of a
candidate ligand that was the direct result of SMoG design. We are currently pursuing
this line of development vigorously in collaborative investigation. Preliminary
experimental results with Carbonic Anhydrase are encouraging, but structural
confirmation is still in progress at the time of writing.

We are confident that this approach, which is unique in many aspects,
including the nature and source of the interaction potential and the growth algorithm,
has much to offer the medicinal chemistry community because of its efficiency and the
reliability of its scoring method. Moreover, as this brief account demonstrates, the
approach to designing ligands is extremely flexible and fruitful.

Acknowledgements

The authors would like to reckognize the helpful assistance of S.L. Schreiber, S. Feng,
J. Morken, J. Shimada, and A.V. Ishchenko, as well as funding support from the
Packard Foundation and NSERC (Canada).

References

DeWitte, R. S.; Shakhnovich, E. L., J. Am. Chem. Soc. 1996, 118, 11733-11744.
DeWitte, R. S.; Ishchenko, A. V.; Shakhnovich, E. L., J. Am. Chem. Soc. 1997,
119, 4608-4617.

Goodford, P. J., J. Med. Chem. 1985, 28, 849-857.

Moon, J. B.; Howe, W. J., Proteins. 1991, 11, 314-328.

Bohm, H-J, J. Comp-Aided Mol. Design. 1992, 6, 593-606.

Lawrence, M. C.; Davis, P. C., Proteins. 1992, 12, 31-41.

Miranker, A.; Karplus, M., Proteins. 1991, 11, 29-41.

Dill, K. A. Biochemistry. 1990, 29, 7133-7155.

Tuttle, J. V.; Kemitzky, T.A., J. Biol. Chem. 1984, 259, 4065-4069.

0. Ealick, S. E.; Babu, Y. S.; Bugg, C. E.; Erion, M. D.; Guida, W. C,;

Montgomery, J. A.; Secrist, J. A., PNAS 1991, 88, 11540-11544

11. Montgomery, J. A.; Niwas, S.; Rose, J. D.; Secrist, J.A.; Babu, Y. S.; Bugg, C.
E.; Erion, M. D.; Guida, W. C.; Ealick, S. E., J. Med. Chem. 1993, 36, 55-69

12.  Secrist, J. A.; Niwas, S.; Rose, J. D.; Babu, Y. S.; Bugg, C. E.; Erion, M. D.;
Guida, W. C.; Ealick, S. E.; Montgomery, J. A., J. Med. Chem. 1993, 36, 1847-
1854.

13. Erion, M. D.; Niwas, S.; Rose, J. D.; Subramanian, A.; Allen, M.; Secrist, J. A.;
Babu, Y. S.; Bugg, C. E.; Guida, W. C.; Ealick, S. E.; Montgomery, J. A., J.
Med. Chem. 1993, 36, 3771-3783.

14. Guida, W. C.; Elliot, R. D.; Thomas, H. J.; Secrist, J. A.; Babu, Y. S.; Bugg, C.
E.; Erion, M. D.; Ealick, S. E.; Montgomery, J. A., J. Med. Chem. 1995, 37,
1108-1114.

15. Chen, J. K.; Lane, W. S.; Brauer, A. W.; Tanaka, A.; Schreiber, S. L., J. 4m.
Chem. Soc. 1993, 115, 12591-12592.

16. Feng, S.; Chen, J. K.; Yu, H.; Simon, J. A.; Schreiber, S. L., Science 1994, 266,

1241-1247.

SV bhw D=

In Rational Drug Design; Parrill, A., € al.;
ACS Symposium Series; American Chemical Society: Washington, DC, 1999.



Publication Date: July 7, 1999 | doi: 10.1021/bk-1999-0719.ch005

October 22, 2009 | http://pubs.acs.org

86

17.
18.

19.

Combs, A. P.; Kapoor, T. M,; Feng, S.; Chen, J. K.; Daude-Snow, L. F.;
Schreiber, S. L., J. Am. Chem. Soc. 1996, 118, 287-288.

Abdel-Meguid, S. S.; Metcalf, B. W.;Carr, T. J.; Demarsh, P; DesJarlais, R. L.;
Fisher, S.; Green, D. W.; Ivanoff, L.; Lambert, L.; Murthy, K. H. M.; Petteway,
S. R, Jr; Pitts, E. J.; Tomaszek, T. A., Jr., Wonbome, E.; Zhao, B; Dreyer, G.
B.; Meek, T. D., Biochemistry 1994, 33, 11671-11677.

Thompson, S. K.; Murthy, K. H. M.; Zhaong, B.; Wonborne, E.; Green, D. W_;
Fisher, S. M.; DesJarlais, R. L.; Tomaszek, T. A., Jr.; Meek, T. D.; Gleason, I.
G.; Abdel-Meguid, S. S., J. Med. Chem. 1994, 37, 3100-3107.

In Rational Drug Design; Parrill, A., € al.;
ACS Symposium Series; American Chemical Society: Washington, DC, 1999.



Publication Date: July 7, 1999 | doi: 10.1021/bk-1999-0719.ch006

October 22, 2009 | http://pubs.acs.org

Chapter 6

The Evaluation of Multi-Body Dynamics for Studying
Ligand-Protein Interactions: Using MBO(N)D to Probe
the Unbinding Pathways of Cbz-Val-Phe-Phe-Val-Cbz
from the Active Site of HIV-1 Protease

Donovan Chin *, David N. Haney 2, Katya Delak !, Hon M. Chun ',
and Carlos E. Padilla

! Moldyn Inc., 955 Massachusetts Avenue, Cambridge, MA 02139
2 Haney Associates, 4212 93™ Avenue SE, Mercer Island, WA 98040

The speed and accuracy of the MBO(N)D multi-body dynamics
program was compared to atomistic methods for studying the unbinding
pathways of Cbz-Val-Phe-Phe-Val-Cbz (A74704) from HIV-1 protease
using applied force simulations. The results from the applied force
simulations using MBO(N)D show good comparison with the atomistic
methods for the extraction forces, range of movement of the flaps of the
protease, and residues encountered along the unbinding pathway;
MBO(N)D, however, was faster than the atomistic method by a factor
of eight. The applied force simulations were carried out as an example
of MBO(N)D’s ability to permit stable simulations with large time
steps on systems that have large conformational changes. Applied
force simulations provide information on the unbinding pathways
between A74704 and HIV-1 that involve movement of the flaps of the
protease—information that would be difficult or impossible to obtain
through typical equilibration simulations. Both MBO(N)D and
atomistic simulations suggest that the tips of the flaps of the protease
may be important in the migration of the ligand into the active site. The
implications of using MBO(N)D to study large conformational changes
over long time scales for rational drug design are discussed.

This paper describes the use of a very fast multi-body dynamics method to simulate
the unbinding pathways of the inhibitor, Cbz-Val-Phe-Phe-Val-Cbz (A74704), from
the aspartyl protease of the human immunodeficiency virus (HIV-1). Simulating the
unbinding pathways permits studies of protein-ligand adhesion forces, thermodynamic
profiles of ligand binding into the active site, and large conformational changes that
would not occur under equilibrium conditions. The two objectives are the following.
First, to compare MBO(N)D and atomistic methods, and show that MBO(N)D is
significantly faster than atomistic methods with comparable accuracy for the essential
dynamics. Second, to present applied force simulations (AFS) methods as a potential
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new way of using molecular dynamics to study events that are inaccessible by current
equilibrium methods.

The aspartyl protease has been the center of attention for drug discovery
research for several years because its activity is central to the assembly and maturation
of pathogenic HIV-1 by proteolytically cleaving the polyprotein products of the gag
and gag-pol genes.(1) Several HIV protease crystal structures have been
determined,(2,3) and their structures have led to the design of numerous HIV protease
inhibitors—some of which have made it to market as treatments for the HIV
infection.(4) This enzyme is homodimeric; it has a globular shape and consists of two
separate polypeptide chains (99 residues each) bound together non-covalently to create
the active form (Figure 1).

Early studies of the HIV protease structure showed that its conformation was
substantially different depending on the presence or absence of a ligand bound at the
active site.(5) More specifically, residues 43-56 on each of the monomers form an
extended P hairpin structure that were either close together (bound ligand) or farther
apart (unbound ligand). These flexible B hairpin structures are commonly referred to
as "flaps."  Mutations at the tips of these flaps—residues 45-53—have been
implicated in conferring resistance to known inhibitors presumably because a
particular mutation may reduce the mobility of the flaps thereby restricting the access
of the inhibitor to the active site;(6) it is therefore of significant interest to understand
the motions of these flaps.

The opening and closing of the flaps is likely to occur on time scales much
longer than is currently accessible to typical molecular dynamics simulation
(picoseconds to nanoseconds). Current simulation methods—where speed is derived
from algorithmic approaches and not parallel processing—fall short of the
computational speed needed for studying the opening and closing of the flaps.(7-19)
We therefore use the following two strategies to address the problem. First, the use of
a multi-body dynamics method that increases the computational speed by retaining
only those variables that are associated with global motions. Second, the use of an
applied force simulation (AFS) protocol that mimics the mechanism of atomic force
microscopy (AFM) experiments to study the large conformational changes of the flaps.
The use of the AFS protocol is particularly important because it allows the study of
events that occur naturally on time scales much greater than is accessible from
equilibrium simulations.(20-22) Each strategy is discussed in turn.

MBO(N)D or Multi-Body Order (N) Dynamics is a new molecular dynamics
code developed by Moldyn that is designed around the concept of reduced variables
and multigranularity.(23,24) The reduced variable approach of MBO(N)D is based on
multi-body dynamics: that is, where groups of atoms are organized into interacting
bodies in order to eliminate uninteresting high frequency events and permit much
larger time steps than atomistic methods. Multigranularity is achieved in MBO(N)D
by the simultaneous simulation of atoms, rigid bodies, and flexible bodies—flexible
bodies are achieved by the addition of a few low frequency elastic modes. The mixing
of body sizes and shapes can be customized for each system, property, or both. We
have obtained increased computational speed by factors of up to 30 over traditional
atomistic methods with a variety of molecular systems.(24) The computational speed
of MBO(N)D is due primarily to the larger time steps.
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Despite the speed of MBO(N)D, it would not be possible to simulate the
binding or unbinding dynamics of the A74704-HIV protease at this level of atomic
detail (MBO(N)D currently uses an atomistic force field as discussed in the
methodology section). We therefore chose to “force” the unbinding event by actively
pulling the ligand from the binding site. That is, we effectively “compress” the
experimental time scale down to that accessible though simulations. The strategy of
AFS is an interesting and new approach that has resulted in new insight into the
dynamics of a variety of different systems. The interest in AFS was inspired by AFM
experiments where the most obvious experimental measure that can be compared to
AFS is the extraction forces. Examples of AFS from the literature are the following.
Grubmueller et al. carried out AFS on the biotin-streptavidin complex, and suggested
that in the slow pulling regime there is a linear response of the extraction force to the
rate of pulling. Their data in this slow region were extrapolated to the experimental
pulling rate and extraction force, and the adhesion events associated with the simulated
extraction forces studied in detail.(21) Schulten, et al. has recently argued that it may
not be possible to accurately extrapolate extraction forces from the nanosecond time
scale to microseconds (experimental scale),(25) but has nevertheless further defined
the usefulness of AFS in studying events that occur on time scales several orders of
magnitude greater than nanoseconds. Such events include studying the stick-slip
motion of protein-ligand interactions during unbinding,(26) and in predicting a
plausible binding pathway between bacteriorhodopsin and retinal.(25) Using a slightly
different AFS protocol, Konrad et al. showed that the experimental extraction force
(within the errors of the AFS and experimental data) of pulling apart the strands of
DNA duplexes could be computed on the nanosecond time scale.(22) The
conformations from their simulations of the DNA extension were helpful in
understanding known experimental force-distance curves: that is, in the case where the
DNA duplex apparently doubles in length while maintaining its original base
parings.(22,27) It seems, therefore, that AFS can help in understanding the molecular
motions, interactions, and deformations that occur during the aggregation of the
biomolecules studied so far, but the ability of these methods to generate meaningful
absolute values of the extraction force remains unclear.

It is important in AFS to apply the force slowly enough such that the system
has time to relax energetically to the perturbation. These types of applied force
simulations, therefore, can be slow (on the order of nanoseconds); multiple runs at
different pulling rates (necessary to achieve convergence of the extraction force) only
magnify the problem. Our solution to this problem is to carry out AFS using
MBO(N)D.

The ability to efficiently simulate “rare” (on the time scale accessible to
equilibrium methods) but important events in biomolecular recognition is powerful;
the ability to validate these results with experiment is necessary. The usefulness of
AFS in rational drug design, however, is not yet well defined. To this end, we have
begun an extensive study here at Moldyn to evaluate AFS methods, and to test the
extent to which MBO(N)D can increase the efficiency of these calculations: the work
described in this paper represents our preliminary results.
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Methods

MBO(N)D is currently interfaced to the CHARMM molecular modeling program.(28)
Most of the simulation conditions used with MBO(N)D are similar to those used with
atomistic methods; differences between the simulation conditions of MBO(N)D and
CHARMM are noted below.

Starting Structure. The initial structure of the HIV-1/A74704 complex was obtained
from the Brookhaven databank (pdb code: 9HVP); only the coordinates of the protein
and the ligand were used subsequently. The placement and orientation of polar
hydrogens were added to the complex using HBUILD.(29) We used the PARAM19
parameter set from Harvard University,(28) which involves the united atom
representation for non-polar atoms. The non-bond conditions were those from
PARAMI19: interactions were updated heuristically and cut off beyond 8 A; energies
were shifted to 0 at 7.5 A. Solvent was implicitly modeled through the use of a
distance-dependant dielectric in the Coulombic interactions. These conditions are not the
most optimal for realistic studies of protein-ligan unbinding, but are adequate for
comparative studies between MBO(N)D and atomistic methods.

High-energy deformations and stresses in the crystallographic complex were
removed from the complex by minimizing the energy of the system in the following way.
We first constrained the main chain atoms (-CONCo-) using a harmonic force constant
of 1000 kcal/mol+A, and applied Adopted-Basis Newton Raphson (ABNR) for 500
steps; we then performed another 500 steps of ABNR without constraints. The root-
mean-square deviation (RMSD) between the non-hydrogen atoms of the minimized
structure and the crystal structure was 0.7 A for the main-chain atoms, and 1.5 A for the
side chain atoms. This energy-minimized structure was used as the starting point for
both the atomistic and MBO(N)D simulations.

Applied Force Simulations. We extracted the ligand from the protein by
applying a protocol similar to that of Konrad (Scheme I).(22) In this method, a constant
force is applied between a fixed point far away from the complex (45 A) and a proximate
atom on the ligand; the center of mass (COM) of the protein was held in place by a
harmonic force constant. An important point is that the protein was allowed to rotate
about its COM, which allows for some stresses incurred during the pulling to be
relieved. Clearly the initial orientation of the pulling vector (Scheme I) is important to
the results of the system. We have hypothesized that the current orientation of the
pulling vector relative to the complex in Scheme I is plausible (although we know of
no data that involves AFM and this HIV complex). Our primary goal in this paper,
nevertheless, is to highlight the capabilities of MBO(N)D when compared to atomistic
methods, and therefore the orientation of the pulling vector need not be the optimal
one.

Temperature was maintained throughout the simulation by periodically scaling
the velocities every 0.5 ps such that the average total temperature was 298 K. The total
simulation length consisted of many short 10 ps segments. After each 10 ps segment, the
value of the applied tension was increased by a constant amount, and the simulation
repeated. The values of the applied pulling force increments between the ligand and a
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point far from the protein ligand complex were 556, 278, 139, 69.5, 34.8, 27.8, 20.9,
13.9, and 6.95 piconewtons (pN) per 10 ps. The lengths of time for these runs ranged
from 40 ps (for the fastest applied pulling rate) to 1030 ps. (for the slowest pulling
rate). The cycle of incrementing tension and equilibrating was repeated until the
minimum distance between the ligand and protein was > 8 A (that is, beyond the non-
bond cut off).

Atomistic Simulation. The constant temperature simulation was carried out at
298 K using the Leapfrog integrator in CHARMM for each of the 10 ps cycles
mentioned in the pulling protocol. A time step of 1 fs was used along with SHAKE
constraints applied to covalent bonds that involved hydrogens. We did not use a higher
time step for the atomistic method because a 1 fs time step with SHAKE represents a
typical use for the Leapfrog integrator and the CHARMM force field; in fact, this
combination may be the most meaningful.(30)

Substructuring of Atoms into Bodies. An integral part of using MBO(N)D is
grouping the atoms in a molecule into an appropriate combination of bodies, effectively
subdividing a macromolecule into smaller chemically and physically meaningful
components.(24) The bodies can either be rigid or flexible. The dynamics of flexible
bodies can be modeled by a reduced set of elastic modes, emphasizing the lowest
frequency modes that correspond to the overall motions of the body. High-frequency
modes (local vibrations) that are not important to the event of interest are
eliminated.(8,31,32) The bodies are allowed to undergo large motions relative to each
other, but within each body, the relative motions among the grouped atoms is small
(flexible body) or zero (rigid body).

Substructuring of the 9HVP Complex. Reproducing the proper global
motions with MBO(N)D requires that the important hinges are identified correctly.
Determining these hinge points can be difficult for a biomolecule, however, from a
single static or quasi-static crystal or NMR structure.(33) We therefore used two
crystal structures—open (3HVP) and closed (4HVP)—to provide us with more
pseudo-dynamical information on the hinges for HIV protease. Using these two
structures, we characterized the hinge motion of HIV protease by analyzing the ¢ and
v angles (Figure 2a), the temperature factors (Figure 2b), and the pseudo-dihedral
angle (Figure 2c; defined as the dihedral between four consecutive Co atoms). These
analyses all have similarities in the positions of "peaks" of the motion. That is, high
motion is seen near residues 10, 17, 37-39, 49-52, 56, 60, 68-69, 73 and 81 (Figure 2a-
c). We therefore expect to define smaller bodies in these regions to allow more
mobility.

Our approach to substructuring HIV protease—based on extensive experience
on other protein complexes—involved the following steps. First, we created bodies
roughly 2-3 residues in size with "hinges" at the ¢ dihedral for the entire protein.
Second, we inserted smaller bodies (one residue in size) for those regions of higher
motions as noted in the above analyses. For example, there are many small bodies in
the flaps where more motion is expected. We will refer to this substructuring strategy
as “h1” (Scheme II and Ila), which resulted in 62 bodies for each HIV protease
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Scheme II. The substructuring schemes for HIV protease and A74704. Each
block for hl and h2 represents a body and the residues contained within. For
example, in the hl the first body contains residues 1-3 (up to Y of residue 3).
Only one of the two HIV protease polypeptide chains is shown, but both are
substructured identically. The substructuring of A74704 is shown (the dashed
lines delineate the bodies).
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Scheme III. A close up view of the body definitions (dashed lines) for (a) residues
46-53 (-MIGGIGGF-) used in hl and h2, and (b) residues 28-31 (-ADDT-) used
in h2. Glycines can present special problems when it is desirable to have small
bodies associated with them: that is, while the substructuring shown in (b)—
Coa. plus side-chain atoms as one body; adjacent peptide planes as other bodies—
can result in more motion for Gly, it would unfortunately leave the Co as a single
body, which would severely limited the time step and negate much of the
advantage of MBO(N)D. The substructuring of Gly shown in (a) represents a
compromise between speed and accuracy.
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polypeptide chain (for a total of 124). The smallest body size was for a single residue
body containing Gly, which had 5 atoms in the extended atom representation. There
were many bodies that contained two residues, and the largest body contained four
residues.

We wanted to see if allowing movement in the side chains of residues
proximate to the ligand would affect the dynamics of extraction—an analysis of the
side-chain motion of the residues suggested significant movement in this region (not
shown). We therefore inserted bodies into hl that were defined by hinges about the ¢
and y angles of a given residue to the residues that were within 3.5 A of the ligand
(the number of atoms in the previous bodies were adjusted accordingly). This
substructuring resulted in bodies that contained the Co and side chain atoms, with the
adjacent peptide planes as separate bodies. We will refer to this substructuring
strategy as “h2” (Scheme II and IIIb); it is slightly different than hl in that it has
additional bodies in the four regions 25-30, 45-50, 65-75, and 80-85 for a total of 138
bodies. The inhibitor was divided into seven bodies, with hinges at the y; angles of the
side chains (Scheme II).

MBO(N)D Simulation. Extensive details of the MBO(N)D methodology can
be found elsewhere,(24) and only a concise overview of the equations of motion are
described here. The equations of motion in MBO(N)D use a body-based description
of the system. In this description, the force vector, G, of each body in the system is
described in equation 1.

1 [
G=Gﬁ+QMU+EUM,I.U—MU 6))

where the first term, Gy, accounts for chemical interactions embedded in the force field
(CHARMM); Q contains three skew-symmetric matrices of linear and angular
velocities, and accounts for gyroscopic and coriolis effects; U contains the same linear
and angular velocities as in Q but in vector form; M is the generalized inertia matrix.
The last two terms in eq. 1 account for the change in the body's inertia matrix due to
deformation of the body. The subscript, j, represents the derivative with respect to the
j"‘ modal coordinate—that is, if the bodies are flexible; if they are rigid then the last
two terms in eq. 1 are not used. The force field evaluations are first calculated in the
atomistic model, and the resulting force vector is processed to obtain the generalized
forces in terms of body torques, linear forces, and deformational forces for MBO(N)D:

X%t (2)
Gy = ij
2,

i J

where the summation over j includes all atoms within the body being considered; r; is
the vector from the body reference origin to atom j; f; is the total force applied to atom
J and @ represents the i partition of the body-based mode vectors for the flexible
body.
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Results and Discussion

Comparison and validation of the dynamics of ligand extraction between MBO(N)D
and atomistic methods are the two main goals of this study. Nine different pulling
rates where studied; the longest simulation (slowest pull) was ~1.4 ns. The key
properties analyzed were the extraction forces for the ligand, the angle between the
flaps, and the distances between the ligand and the protein during the extraction. Each
result is discussed in turn.

Extraction Forces. There is good agreement between the extraction forces from
MBO(N)D and atomistic simulations in the slow pulling region (the area of most
interest) as shown in Figure 3. Here, hl converges to a constant extraction force faster
than h2; the faster convergence is because hl has fewer degrees of freedom (DOF)
than h2. MBO(N)D resulted in a factor of 8 increase in speed over atomistic runs.
The range of values for the extraction forces in Figure 3 underscores the need for
carrying out multiple simulations with different rates of pulling. Only when the
extraction forces have converged within a reasonable range can the contribution to the
dynamics from inertial effects be understood.

The orientation of the pulling vector used in this study resulted in an
asymmetric movement of the flaps in HIV (Figure 4). The flaps have a certain
“handedness” to them, which is reflected in its movement during extraction. During
the applied force simulation, the ligand interacts most predominantly with one of these
flaps resulting in the asymmetric movement.

Range of Motion of the Angle Between the Flaps. We used a definition by
Collins et al. for the flap angles in HIV protease.(6) The flap angle is defined between
two vectors, and each vector is defined between the Ca’s of residues 40 and 50 in the
flaps of each monomer. The comparisons between the atomistic and MBO(N)D
simulations were variable over the different applied pulling forces (Figure 5). The
results for the slower, more dynamically meaningful runs, suggest that the values of
the inter-flap angles of h1 follow more closely the values from atomistic than h2; but
h2 results in a greater range (maximum value — minimum value) than hl. The h2
scheme has more DOF than h1, which results in greater range of motion for the flaps.
These data suggest that the additional movement allowed by the smaller bodies in the
active site (h2) may not contribute significantly to the motion of the flaps and to the
extraction forces. While hl results in less range of motion than h2, it is apparently
enough motion to allow stable extraction forces (Figures 3, and 4).

Close Residues Along the Unbinding Pathway. We investigated those
residues in the HIV protease that were closest to the ligand during the extraction. In
other words, by computing the distances of residues that were within 3.5 A of the
ligand during the pulling simulations, we are able to get a rough spatial description of
the unbinding pathway. Figure 6 shows a representative probability distribution
function (pdf) of these distances (taken from the slowest run 1.4 ns; applied force
increment of 6.95 pN), and demonstrates the overall consistency of the unbinding
pathways between MBO(N)D and atomistic simulations. Residues 7-9, and 24-31 line
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the active site, but are not in the flaps; residues 48-50 (Gly-Gly-Ile) are associated with
the tips of the flaps (Figures 1 and 6). There is some discrepancy, however, between
the relative heights of the pdfs for these residues in each of the flaps from the
MBO(N)D and atomistic simulations. While MBO(N)D correctly identifies the range
of residues at the tips that interact with A74704, the pdf from MBO(N)D is higher for
flap A at residue 48 than for flap B because at this level of substructuring we expect to
lose some of the details in the dynamics. Not all of the discrepancies will be due to the
nature of MBO(N)D since there is an inherent amount of randomness between
different simulation conditions that can contribute to the discrepancies (for example,
Figure 5).

The fact that MBO(N)D seems to compare well to atomistic simulations in
many, but not all, properties underscores the trade off between accuracy and speed.
Said differently, an even finer substructuring—smaller bodies—at these tips may
reproduce the correct relative heights of the pdfs, but would probably result in less
computational speed due to the need for smaller time steps with smaller bodies.

The contacts observed between the ligand and the tips of the flaps,
nevertheless, are particularly interesting because these residues are proximate to
locations where mutations have been suggested to restrict the motion of these tips
(which presumably restricts access to the active site) and therefore impart resistance to
inhibitors.(6) MBO(N)D with AFS could be used to see if the mutated form of the
protease would result in higher extraction forces with A74704—harder to pull out—
than the wild-type form as was concluded in a similar study by Collins et al.(6)

Conclusions

We have reported preliminary results of an extensive set of nanosecond simulations
involving pulling the A74704 ligand from the active site of HIV-1. MBO(N)D results
in an 8-fold improvement in speed over atomistic methods with good agreement in
accuracy using several metrics: the extraction forces converged to similar values; the
ranges of motion for the flaps are similar; the general binding pathways are consistent.
The hl substructuring seems to provide reasonable results when compared to the
atomistic results; the results from the h2 substructuring suggest that the additional
motion of the side chains in the active site do not significantly affect the over all
behavior of unbinding. Our simulations suggest, therefore, that the key motions for
the binding of A74704 occur in the flaps and not in the active site. More specifically,
the results from both atomistic and MBO(N)D simulations suggest that the tips of the
flaps (residues 45-53) may play an important role during the binding and unbinding of
a ligand to HIV-1. The tradeoff between MBO(N)D and atomistic methods is that
most of the finer details of motion are sacrificed for speed with retention of the global
motions.

One area of ongoing research is the use of more realistic solvent models with
MBO(N)D. To this end, there are two main strategies that are being explored by us,
and each is discussed in turn.

Explicit solvent. We have carried out MBO(N)D simulations on other protein-
ligand systems here at Moldyn where explicit molecules of water were used to fill the
cavity of the active site, and to coat the surface of the protein. Each water in this
system was treated as a single rigid body, and their inclusion in the MBO(N)D
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simulation did not limit the use of a high time step (unpublished). Our motive for
using this strategy was based on the work by Steinbach and Brooks, where the authors
showed that a thin shell of water was sufficient to reproduce the motional behavior of
myoglobin in bulk solvent.(34) Our experience with this strategy is that these
molecules of water are relatively immobile with respect to bulk waters due to
interactions with the protein; it is this reduced mobility that permits the high time step
despite the small size of these bodies. The substructuring of these waters—grouping
of two of more molecules of water into bodies, which could be made flexible with
modes—is a related strategy that we are exploring extensively. Substructured waters
may permit even higher time steps. The use of single rigid waters that are far from the
protein does indeed severely limit the time step, and would not afford any speed
advantages with MBO(N)D.

Reduced variable solvent approaches. There are several methods that can be
used to model solvent in a more meaningful way than the simple (and crude) distance-
dependent dielectric method. For example, continuum electrostatic methods, which
include the spatial electrostatic potential of the system;(35,36) solvent potential
methods, which are based on the exposed solvent accessible surface area and empirical
parameterization;(37,38) Langevin dynamics, which represents the viscous effects of
solvent through the appropriate frictional dissipation and fluctuation terms.(39,40)
These methods are consistent with the reduced variable approach of MBO(N)D, and
we are currently exploring their use.

Applied force simulations on problems in rational drug design are attractive for
two reasons. First, they may be compared to appropriate AFM experiments. Second,
they provide new structural and dynamical information not seen in typical equilibrium
simulation strategies. That is, applied force simulations provide information about
events at and away from the primary binding site, and about the strength of the
interaction along this pathway. Current equilibrium simulation methods and
computational resources cannot be expected to explore events in protein-ligand
complexes that have energetic barriers above a few kcal/mol. Transition state theory
helps qualitatively to define the time scales associated with various barrier heights: for
example, transition barriers that are 5, 10, or 15 kcal/mol will require approximately
nanoseconds, microseconds, and milliseconds respectively in time to traverse.(41)
Non-equilibrium methods, therefore, are one way to study long time scale events in
protein-ligand complexes.

Determining the contribution of inertial effects to the dynamics of a single AFS
that result from extracting the ligand faster than the system can relax energetically and
structurally can be difficult. We have shown, however, that there exists a region
below which inertial effects seem to be negligible, but this requires multiple
simulations at different rates of applied force. Strategies to estimate the amount of
inertial effects during a given simulation, and therefore aid in reducing the number of
simulations on a particular protein-ligand complex are being explored by us.

One possible use of AFS in rational drug design is to identify alternative
binding sites away from the primary binding site, and then use this information to
connect these sites through a suitable linker.(42) An important advantage of AFS over
other similar but static methods that involve minimization, we believe, is that it
includes contributions from conformational entropy: the compensatory effects
between enthalpy and entropy is one of the most challenging problems facing the use
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of computations in rational drug design.(43) The usefulness of AFS methods,
however, is related not only to the rate of the applied force, but to the orientation of the
pulling vector. While a single or multiple pulling vectors can be easily used when
there is sufficient knowledge of the system, a very large number of pulling vectors may
be needed for systems where the knowledge of plausible pathways is vague or non-
existent. Incomplete sampling of all possible pathways is a weakness of similar search
methods. A large number of AFS simulations can be computationally expensive, and
therefore MBO(N)D stands to contribute significantly to this problem. Another
important limitation in AFS method for rational drug design is that it does not give
free energies. Data from AFS methods, nevertheless, are related to Kog (Kg = Kot / Kon),
and this information would be useful for a series of compounds with similar values of
Kon

MBO(N)D permits larger time steps than atomistic methods; the increased
speed will be important in the study of very long time scale events (> tens of
nanoseconds). One criteria for MBO(N)D to reproduce the atomistic behavior of a
system is that high frequency events such as van der Waals clashes are not strongly
coupled to the dominant low frequency motions. In fact, systems that exhibit large
motions about hinges—for example, DNA bending and stretching,(22) and hinge
bending domains in proteins(44)—are good candidates for MBO(N)D.(24)
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Chapter 7

Calculation of Relative Hydration Free Energy
Differences for Heteroaromatic Compounds: Use in
the Design of AMP Deaminase Inhibitors

Mark D. Erion and M. Rami Reddy

Metabasis Therapeutics Inc., 9360 Towne Centre Drive, San Diego, CA 92121

A strategy for designing potent AMP deaminase inhibitors is
described which entails the identification of compounds that undergo
covalent hydration in aqueous solution to generate hydrated analogs
exhibiting close structural resemblance to the transition state structure.
Using a combination of quantum mechanical calculations and the free
energy perturbation methodology, relative hydration free energy
differences (AAGpyq) were calculated for a variety of pteridine, purine,
quinazoline and pyrimidine analogs. Calculated results were in good
agreement with experimental data. Differences in the extent of
hydration were attributed to electronic and steric effects and to
differences in aromaticity based on calculated bond separation
energies. The potential value of hydration free energy calculations to
drug design was demonstrated by showing that the sum of AAGpyq and
the relative binding free energy (AAGping) of the hydrated molecule
complexed to adenosine deaminase (ADA) accurately accounted for
the 400-fold difference in inhibitory potency of two ADA inhibitors.

Adenosine is a naturally occurring nucleoside that elicits a vast array of
pharmacological effects used to preserve cellular and organ function during times
of ischemia (I, 2). Adenosine is produced by cells in response to oxygen
deprivation through net breakdown of intracellular stores of ATP. Transport of
adenosine out of the cell leads to activation of adenosine receptors located on
adjacent cells. Since adenosine undergoes rapid metabolism, only receptors on
cells near the site of adenosine production are activated and therefore only the
pharmacology associated with adenosine receptor activation in that tissue is
observed. For example, adenosine produced in the heart is associated with effects
on blood flow, heart rate and myocardial protection from ischemic damage,
whereas adenosine in the CNS is associated with neuroprotection, antiseizure
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activity and analgesia. Each activity is usually a result of activation of one or more
of the four adenosine receptor subtypes, namely A1, A2a, A2b and A3.

Not surprisingly, the profound pharmacological activity associated with
adenosine receptor activation has attracted enormous interest within the
pharmaceutical industry over the past two decades. Through these efforts, receptor
subtype specific agonists have been discovered and shown to exhibit good activity
in animal models of cardiovascular, CNS, inflammatory and metabolic diseases.
Unfortunately, no adenosine receptor agonist has been successfully developed due,
in nearly every case, to an unacceptable therapeutic window resulting from
simultaneous activation of receptors at sites unrelated to the disease.

An alternative strategy that was envisioned to have greater potential for
producing compounds with a wider therapeutic window has been under intense
study at Metabasis Therapeutics. The strategy takes advantage of the site- and
event-specific nature of adenosine production (oxygen-limited cells) by using
compounds, known as Adenosine Regulating Agents (ARAs), that further enhance
the levels of extracellular adenosine at these sites through modulation of enzyme
activities and biochemical pathways involved in adenosine metabolism and
production (Figure 1) (3-5).

Ado

AMP\\ /no — Hyp ---- Uric Acid
IMP

ATP =— ADP ——

Figure 1: Purine Catabolic Pathway

One target that is especially noteworthy based on its role in the purine
salvage and catabolic pathways is AMP deaminase (AMPDA) (6). AMPDA
catalyzes the deamination of AMP to IMP (Figure 2) and consequently can

NH, 0
Ty TR S
1l 1]

.O_;P_O_WN N° _AMPDA 0=P-0— o N N/J
° R
HO OH HO OH

Figure 2: AMP Deaminase-Catalyzed Reaction
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indirectly control adenosine production by diverting the ATP breakdown product,
AMP, away from adenosine. Inhibition of AMPDA is anticipated to result in
elevated extracellular adenosine levels only at sites undergoing ischemia, since flux
through AMPDA is nearly undetectable under normal conditions due to the low
basal AMP concentrations (= 1 pM) coupled with the high AMPDA Kpy (= 1 mM).
In contrast, flux through AMPDA increases dramatically during ischemia since net
ATP breakdown produces AMP levels that rapidly approach the Ky of AMPDA.

Inhibitors of AMPDA, like all AMP-binding proteins, represent a
considerable design challenge. First, AMP sites are typically very hydrophilic with
a multitude of positively-charged amino acid residues in direct contact with the
phosphate portion of the molecule. These electrostatic interactions comprise a large
proportion of the AMP binding affinity as readily observed by the typical 106-fold
loss in binding affinity that characterizes non-phosphorylated analogs. Herein lies
the dilemma for the medicinal chemist, since retention of charge on the ligand in
order to maintain binding affinity prevents passive diffusion of the inhibitor into
cells and inhibition of intracellular enzymes such as AMPDA. An additional
challenge in the design of AMPDA inhibitors stems from the large number of AMP
binding proteins and therefore the necessity for the design of highly specific ligands
to reduce the risk of producing additional drug toxicities.

Design of AMPDA Inhibitors

Transition state (TS) mimics often represent the most potent and specific enzyme
inhibitors (7). High affinity is achieved because these inhibitors engage in the full
complement of enzyme interactions that are made between the enzyme and the
substrate in the TS. Many of these interactions are either absent or less favorable in
the ground state structure, which of course is the characteristic required for efficient
catalysis, i.e. net stabilization of the TS structure and a lowering of the energetic
barrier to reaction. High specificity is also achieved through TS mimicry because
usually only one enzyme can both catalyze a specific reaction and recognize a
unique set of small molecule substrates. Both properties were particularly attractive
for our purposes especially since a large enhancement of binding affinity could
enable the discovery of AMPDA inhibitors that retain sufficient binding affinity in
the absence of substantial molecular charge and therefore are able to enter cells and
inhibit AMPDA.

The TS structure that is recognized and stabilized by AMPDA is not known
(8) but is expected to be similar to the TS structure for the related enzyme,
adenosine deaminase (ADA), on the basis of the reaction (deamination of adenine)
and their high sequence homology in the purine binding site. The TS of ADA is
postulated from the high resolution X-ray structure of ADA complexed with 6-
hydroxy-1,6-dihydropurine riboside (9). Accordingly, deamination is postulated to
occur by an initial rate-limiting zinc-assisted hydration of the 1,6 double bond of
adenine to produce the tetrahedral intermediate hydrate 1. Irreversible breakdown
of the intermediate produces the 6-oxo purine product and ammonia.

Three compounds are thought to inhibit ADA by TS mimicry (Figure 3). In
each case, a single hydroxyl, located in a position analogous to the hydroxyl on the
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hydrated intermediate, is known to be absolutely essential for inhibitory activity.
Coformycin (3), a microbial metabolite, and its 5’-monophosphate reversibly
inhibit ADA and AMPDA (K; = 10-10 M), respectively, with binding affinities that
represent some of the most potent ever discovered for a small molecule inhibitor
(10). Despite the absence of the 5’-phosphate, coformycin also is a modest
inhibitor of AMPDA (K; = 10-6 M). The fact that it is an extremely potent inhibitor
of ADA, however, limits its use for some chronic indications, since potent
inhibition of ADA produces severe immunosuppression. Recently, we reported a
series of N3-substituted coformycin aglycone analogs that are 1000-fold more
potent AMPDA inhibitors (Kj = 1 nM) than coformycin (/1-13) and are highly
selective for AMPDA relative to ADA (K; >> 10-5 M). These compounds are
currently undergoing pharmacological evaluation in a variety of animal models of
disease to explore the potential of AMPDA as an adenosine regulating agent target.

H,N_ OH |*
CY
X
HO OH
_ 1 |

J

U U

HO

2 3 4
Figure 3: ADA and AMPDA TS Inhibitors

The TS mimic with the highest reported affinity for ADA is the 1,6-hydrate
of purine riboside, i.e. 4, which is not particularly surprising given its close
structural resemblance to the ADA TS structure (/4). The molecular basis for the
high affinity is apparent from the X-ray structure of the ADA complex, which
shows multiple interactions between the active-site residues and the zinc with the 6-
hydroxyl group (9). Unlike coformycin-based TS mimics, no previous efforts have
been reported designed to exploit the high affinity of 4. The most likely reason
stems from the instability of 4, which exists nearly exclusively as purine riboside in
solution as evident from the highly unfavorable equilibrium constant (Keq = 10-7)
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that characterizes the hydration reaction (Figure 4). Purine riboside exhibits an
apparent inhibition constant of ADA of approximately 10-5> M. Since the species
responsible for inhibition of ADA is the hydrated molecule, and since the apparent
equilibrium constant is related to the hydration equilibrium constant and the
inhibitory constant for the hydrated molecule (K;*) by K (app) = Ki*(1 + 1/Keq) =
K;*Keq'l, K;* has been calculated to be a remarkable 10-12 M (15).

&) &Y
\__/ ‘——Keq= 107 /

s

S %

HO OH HO OH

Figure 4: Hydration of Purine Riboside (5)

Our strategy for the design of potent, cell-penetrable AMPDA inhibitors
was to modify the purine base in a manner that enhanced hydration without
impairing the binding of the hydrated species to the AMP binding site (Figure 5).
To test this strategy we analyzed potential modifications of purine riboside for their
ability to enhance hydration. Modifications that enhanced hydration from 10-7 to
104 without diminishing K;* would enhance the apparent inhibition by greater than
1000-fold, i.e. from 1 uM to 1 nM. Modifications identified in this work were
anticipated to be transferable to our discovery efforts on AMPDA inhibitors based
on the high homology between AMPDA and ADA in the purine binding site.

j)\H
N NH
¢ 1)

Y,
M
<

HO—W H,0 HO o N
HO OH HO OH
3 Analog
Keq = 107 10
K* = 108M 108 M
K;(app) = 10°M 10°M

Figure 5: Drug Design Strategy
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Computer-Aided Drug Design

Design of potent deaminase inhibitors depends on our ability to accurately predict
the effect of the modifications on both the hydration equilibrium and the affinity of
the hydrated molecule for the deaminase binding site. Accordingly, accurate
calculations of both were considered essential for prediction of the overall
inhibitory potential of various purine riboside analogs. Analysis of the hydrate
binding affinity was envisioned to entail calculation of relative binding affinities
using the well-described free energy perturbation method and a computer model
derived from the X-ray coordinates of the ADA:6-hydroxy-1,6-dihydropurine
riboside complex. Accurate calculation of the hydration equilibrium constant
required calculation of the free energy difference for the hydration reaction which is
related to the differences in free energy between the hydrated product and the
reactants in the gas phase and in solvent (eq 1).

AGhyd = -RTInKeq = AGgas + AAGiso1 0))

Hydration Free Energy Calculations. The gas phase free energies (AG gas) were
calculated using energies obtained from ab initio quantum mechanical calculations
at the 6-31G** basis set level on fully-geometry optimized anhydrous and hydrated
compounds. As detailed in an earlier publication (/6), efforts were made to
enhance the accuracy of these calculations by including zero point and vibrational
energies as well as by including electron correlation energy contributions using
second, third and fourth order Moller-Plesset perturbation theory and QCISD(T)
correlation methods at the 6-31G** basis set level.

The solvation free energy differences were calculated using molecular
dynamics (MD) simulations in conjunction with the thermodynamic cycle
perturbation (TCP) approach (/7). The TCP cycle therefore entailed a
computational transformation of the unhydrated molecule (R) to the hydrated
molecule (P) in the gas phase and in the presence of SPC/E waters ( 16) (Figure 6).

AGy
R (gas) ————>= R(aq)
X AG,
AGp

P(gas) ——— P(aq)

AAGgy = AGyq - AGgys

Figure 6: TCP Cycle for Calculation of AAG o)
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To test the accuracy of the approach, a small set of carbonyl-containing
compounds with experimentally-determined hydration equilibrium constants were
evaluated. Results showed that although the correct trends were observed,
significant differences were observed between the calculated and experimental
results. Inaccuracies in the hydration free energy difference were attributed to
inaccuracies in both AGgas and AAGs). Gas phase quantum mechanical free
energies varied significantly depending on the level of theory. Errors in the
solvation free energy differences were attributed to the difference in hybridization
between the reactant (sp2) and product molecules (sp3) and the slow convergence of
the calculations as a result of this large structural perturbation.

To improve the accuracy of the results, the relative hydration free energy
difference for two similar hydration reactions was calculated in order to minimize
systematic errors. Relative hydration free energies were considered suitable for our
purposes, since the primary aim was to determine whether a structural modification
produced a compound with enhanced or diminished hydration. Several significant
advantages are associated with calculation of relative hydration free energies
compared to absolute free energies. First, the free energy contribution of the water
molecule completely cancels since it is common to both reactions. Second, the
solvation free energy calculation entails the difference of two thermodynamic
cycles, one for the reactants and one for the products. Consequently, the
calculation converges more rapidly because the structural perturbation is markedly
less pronounced. Last, accurate results are possible at lower levels of quantum
mechanical theory. The major disadvantage of the approach, however, is that it
requires evaluation of two hydration reactions that bear relatively close structural
resemblance.

Calculation of relative hydration free energies for a set of carbonyl
compounds gave results similar to experimental findings (/8). Good agreement
was obtained regardless of the molecular factor influencing the extent of hydration.
Factors included differences in sterics and electronics near the carbonyl as well as
differences in angle strain, which is the factor that likely accounts for the high
propensity of cyclopropanone to hydrate in aqueous solutions.

Table I: Relative Hydration of Carbonyl-Containing Compounds (1-2)

R1 R2 AAGryq (calc)? AAGyq (expt)
~ (kcal/mol) (kcal/mol)
HCHO CH;CHO 4.7 43
CH;CHO CH3;COCH; 42 4.0
CH;COCH,Cl CH3;COCH3; -3.1 -34
CH;COCOOH CH3COCH3 3.7 -4.0
CH3COCF; CH3COCH; -82 -

D o CH;COCHj -14 -

a Standard errors ranged from £ 0.4 - 0.5 kcal/mol
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Hydration of Heteroaromatic Compounds

Heteroaromatic compounds represent another class of organic compounds known to
undergo covalent hydration (/9-20). Hydration equilibria for numerous
azanaphthalenes were experimentally determined in the 1960s and 1970s using a
variety of spectroscopic techniques. A subset of these compounds with equilibrium
constants ranging from 10-7 to greater than 103 were chosen to assess the accuracy
of our method for calculating relative hydration free energies (2/). In one study,
pteridine, which hydrates approximately 20% in aqueous solutions, was compared
to several analogs in which the only difference was the absence or the presence of
nitrogens in the aromatic ring fused to the pyrimidine ring. Although the structural
differences were relatively small and distant from the hydration site, the difference
in the extent of hydration was large. As shown in Table II, the calculated and
experimental results were very similar. Accurate results were also obtained for a
triazanaphthalene compound that fails to hydrate in the neutral form but exists
almost exclusively in the hydrated form as the cationic species.

Table II: Relative Hydration of Heteroaromatic Compounds (AAGy,yg) (1-2)

P1 P2 Calc2 Expt
(kcal/mol)  (kcal/mol)
HO HO
N
HN | \j HN | S 20 25
N s N 7
N~ °N N~ N
HO HO
N
HN | \] Hli | 4.0 5.1
N s N
N~ N N
HO HO
N
HN | \j ﬁ 6.1 6.2
N s
N~ °N k
N7 | N\j\ NG | NS
X N \ N 11.0 8.2
N oH N “oH

a Standard errors ranged from * 0.4 - 0.5 kcal/mol
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Good agreement was also achieved for azanaphthalene compounds
containing a substituent that shifts the hydration equilibrium. For example, a study
of 4-methylpteridine (6) and 4-trifluoromethyl pteridine (7) showed that
substituents can, in some instances, not only change the extent of hydration but also
the preferred site of hydration (22) (Figure 7). Experimental results indicate that
the 4-trifluoromethyl analog hydrates initially across the 5,6- and 7,8-double bonds
to form the dihydrate. Over time the dihydrate is converted to the 3,4-double bond
hydrate. The anhydrous form is not detected. In contrast, the 4-methyl analog is
poorly hydrated and the only hydrated species detected in solution is the dihydrate
and not the 3,4-double bond monohydrate. The molecular factors attributed to the
difference is reported to be a mixture of the methyl group sterically destabilizing
the 3,4-hydrate and the trifluoromethyl group stabilizing the hydrate through
inductive effects. The calculated results are consistent with these findings showing
a 9.1 kcal/mol difference between the methyl and trifluoromethyl analogs for
hydration across the 3,4-double bond and a 5.9 and -1.9 kcal/mol difference
between the 3,4-double bond hydrate and the 7,8-double bond hydrate for the
methy] and trifluoromethyl substituted compounds, respectively. Thus, the method
can be used to accurately predict the site of hydration as well as the extent of
hydration.

AAGyy4 (CF; - CHy)

HO X N (keal/mol)
HN S
— -
N s
N7 N

X

4
NN B
Ny /j

N
N
N7Z X
6X=CH, — k\ | -1.3
7 X =CF; N g OH

Figure 7: Calculated Relative Hydration Free Energies of 4-Substituted Pteridines

Differences in Purine and Pteridine Hydration. In contrast to pteridine, 9-
methylpurine exists in the hydrated form to an extremely limited extent.
Experimental estimations of the hydration equilibrium constant for purine riboside
suggest that it is about 10-7 or nearly 7 orders of magnitude less favorable than Keq
for pteridine. This finding is remarkable considering that both compounds hydrate
across the 1,6-double bond of the pyrimidine ring and both contain an
heteroaromatic ring fused at the 4- and 5-positions of the pyrimidine ring by
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aromatic nitrogen atoms. The only difference is the position of one carbon atom,
which is found in the aromatic ring in pteridine and attached to N9 of purine. Since
this difference is unlikely to result in large differences in steric or inductive effects
at the 1,6-double bond, we speculated that the differences in hydration could be due
to differences in resonance energy lost upon hydration of the pyrimidine ring.
Clearly, hydration of an heteroaromatic ring results in a loss of aromaticity in the
hydrated product. Heteroaromatic groups that are less aromatic will thereby suffer
less loss in resonance energy and therefore be more likely to hydrate.

Calculation of bond separation energies at the 6-31G** basis set level for
the hydrated and anhydrous forms of both 9-methylpurine and pteridine supported
this hypothesis (Figure 8), since pteridine lost 0.58 kcal/mol resonance energy upon
hydration, whereas the purine analog lost 9.43 kcal/mol. The difference in
resonance energy lost between the two heterocycles is therefore approximately 8.9
kcal/mol or a value very similar to the their relative hydration free energy
difference. These results suggest that the major factor responsible for the large
difference in hydration free energy between pteridine and 9-methylpurine is a
difference in aromaticity.

HO
N
T o= XY
Keq=1 \N N/

HO
-z N, N
QI o=z L
N = -7 N
N Ii] Keq =10 N II\I
CH; CH;
Purine - Pteridine (kcal/mol)
AAAE (BSE) = -8.9
AAGhyd (calc) = 93
AAGhyd (expt) = 8.8

Figure 8: Purine vs. Pteridine Hydration
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Calculation of Relative Inhibitor Potencies. Results from our studies of
heteroaromatic hydration suggested that analogs of purine riboside (PR) with
enhanced hydration could be designed by incorporation of electron withdrawing
substituents near the hydration site or by replacement of the purine base with a less
aromatic base. To achieve our goal of identifying analogs with improved ADA
inhibitory potency , we calculated, as reported in detail elsewhere (21), the relative
binding affinity for the hydrated species complexed to the ADA binding site cavity
in order to determine which modifications enhance hydration and are not
detrimental to binding affinity (Figure 9).

H,0 ADA

PR PR - H,0 ADA: [PR - H,0]
Keq Ki*
H,0 ADA

PR' ——= PR'-H,0 ADA: [PR' - H,0]
Keq K*

Figure 9: Relative Inhibitor Potency

The apparent inhibitory potency (K; (app)) as measured experimentally is related to
both the hydration equilibrium constant and the intrinsic binding affinity of the
hydrated molecule (K;*) by eq 2. Accordingly, the relative inhibitory potency
between two analogs is related to the relative free energy difference by eq 3.
Computationally, AGre] is determined simply by summing the relative free energies
for hydration and hydrate binding affinity as shown in eq 4.

K; @app) = Ki* (1 + 1/Keq) = Ki*K gl @
AGrel = -RTIn[K(app)/Ki'(app)] ©)]
AGre] = AMAGhyq + AAGbind @

To test whether we could accurately calculate the relative inhibitor potency
for a pair of ADA inhibitors, we studied purine riboside (§) and 8-azapurine
riboside (8). Previously, Townsend et al., showed that the 8-aza analog was a 400-
fold more potent ADA inhibitor (23). The molecular reason for this enhancement
in potency was not determined but could be either due to enhanced hydration or due
to enhanced ADA binding affinity of the hydrated species. To determine the reason
we calculated the relative difference in free energies for both hydration and binding.

The relative binding free energy difference was calculated using a computer
model of the murine adenosine deaminase (ADA)-6-hydroxy-1,6-dihydropurine
riboside (4) complex generated from the X-ray structure (pdb file name: 2ADA).
All molecular dynamics, molecular mechanics and TCP calculations were carried
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out with the AMBER program (24) using an all atom force field and SPC/E
potentials (25) to describe water interactions. The aqueous phase and complex
molecular dynamics simulations were conducted as reported elsewhere (/6). The
free energy difference for binding was calculated using the second cycle (Figure 10)
and represents the difference of the free energy between purine riboside hydrate and
its 8-aza analog (9) in the complex and in solvent. The structural perturbation was
carried out over 51 windows with each window comprising 2.5 ps of equilibration
and 5 ps of data collection. The free energy difference is the average of four
calculations, i.e. forward and reverse mutations starting with purine riboside
hydrate and 8-azapurine riboside hydrate. The results indicated that the 8-aza
analog loses 3.1 £ 0.7 kcal/mol of binding energy thereby eliminating this potential
explanation for the 400-fold improvement in ADA inhibitor potency exhibited by 8-
azapurine riboside.

The factors that account for the loss in binding affinity of 8-azapurine
riboside hydrate were delineated in subsequent studies. Using the first TCP cycle
(Figure 10), the difference in desolvation free energy was calculated and shown to
favor purine riboside hydrate by 1.1 + 0.5 kcal/mol. The remaining portion of the
lost binding energy, i.e. 2 kcal/mol, associated with the 8-azapurine riboside
hydrate binding is likely due to a loss in intrinsic binding affinity which may arise
from an unfavorable electrostatic interaction between the 8-nitrogen and Asp296 as
observed in the energy minimized, MD-equilibrated ADA complex.

AG, AG,
4 (gas) ——————— 4 (aq) + ADA (aq) ————— 4:ADA (aq)
AG gy CYCLE 1 AG,, CYCLE 2 AGgom
AG; AG,

9 (gas) ———— 9 (aq) + ADA (aq) ——— 9:ADA (aq)

HO

i AAGg, =AGy; - AGgy,=-1.1kcal/mol

z"N - NH
. J AAGying = AGeom - AG,q = 3.1 keal/mol

N
4:.2=CH
9:Z=N

§ 0
HO OH

Figure 10: TCP Cycles for Relative Solvation and Binding Free Energies
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The other possible explanation for the 400-fold improvement in inhibitory
potency exhibited by 8-azapurine riboside (8) is that the 8-aza analog hydrates to a
much larger extent than purine riboside (5). Calculation of the relative hydration
free energy difference between 9-methylpurine and 8-aza-9-methylpurine strongly
supported this possibility, since the difference was 7.1 kcal/mol or approximately a
5-order of magnitude rightward shift in the equilibrium constant for the 8-aza
analog. Calculation of bond separation energies for the hydrated and unhydrated
molecules suggested that the large difference in hydration arises from a large
relative loss in resonance energy incurred by purine compared to 8-azapurine
during the hydration reaction.

The calculated results provide a clear explanation for the difference in
inhibitory potency between purine riboside and its 8-aza analog (Table III). The
relative hydration free energy difference indicates that the 8-azapurine analog
hydrates about 160,000-fold greater than the corresponding purine analog (AAGhyd
= .7.1 kcal/mol) whereas the 8-aza analog suffers approximately a 200-fold
decrease in binding affinity (AAGping = 3.1 kcal/mol). The net effect, however, is a
4.0 kcal/mol enhancement in inhibitory potency in favor of the 8-aza analog which
translates to a predicted K; (app) for 8-azapurine riboside of 2 x 10-8 M; a value very
close to the experimental result of 4 x 10-8 M (23).

Table ITI: Inhibitory Potential of Purine Riboside and its 8-aza Analog

Purine Riboside (5) 8- 5 (calc) 8-Azapurine Riboside (8)
(kcal/mol)
Keq =1.1x10-7 MGhyd = -7.1 Keq =1.8x 102
K;* =1.8x10"2M  AAGping = 3.1 Kj* =3.4x10-10M

Ki@pp) =16x105M  aGm =40 K;(app) =1.9x108M
K; (app) =4.0 x 10-8 M (expt)

Summary

Rational drug design using computational methods is useful in prioritizing potential
target compounds if the calculated results accurately predict the experimental
findings. Our study analyzing the difference in ADA inhibitory potency between
purine riboside and 8-azapurine riboside illustrates the importance of calculating
both the relative hydration free energy and the relative binding free energy for
molecules that act as enzyme inhibitors only after undergoing covalent hydration.
In addition, our studies of heteroaromatic hydration suggest that various ring
substituents and ring modifications can significantly enhance purine riboside
hydration and that this effect could be useful in the design of potent ADA and
AMPDA inhibitors.
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We have developed two new tools for molecular modeling that
can be very useful for computer-aided drug design, namely
class IV charges and the SMx series of solvation models. This
contribution overviews the current status of our efforts in
these areas, including the CM2 charge model and the SM5
series of solvation models. The solvation models may be used
to estimate partition coefficients for phase transfer equilibria
of organic solutes between water and 1l-octanol, the most
widely used mimic of cellular biophases, and also between
water and other solvents that have been used for this purpose,
e.g., hexadecane and chloroform.

1. Introduction

The partitioning of an organic solute between an aqueous phase (ag)
and a nonpolar medium (np) is critical for many phenomena in biological
and medicinal chemistry. In particular this partitioning can be critical for
drug delivery, binding, and clearance. Predictions of the relative free
energy of organic molecules in aqueous and nonpolar media can be very
useful for predicting the bioavailability of potential drugs. Lipid-like
nonpolar media are especially important because they mimic cell
membranes, and the lipophilic character of organic compounds is one of
the most widely used predictors of their bioactivity. The lipid solubility of
a molecule correlates with its ability to enter the brain (i.e., pass the blood-
brain barrier) or other parts of the central nervous system and is generally
believed to have a large influence on pharmacological properties.

*Current address: Departments of Physics and Chemistry, Mercyhurst College, Erie, PA 16504
* Current address: Eastman Kodak Company, Rochester, NY 14650
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The lipophilic character of a molecule is typically measured
quantitatively by its partitioning between an organic phase and water. 1-
Octanol is the most widely used solvent for mimicking biophases in this
respect, and Hansch and Dunn! have attempted to rationalize the success
of correlations based on 1-octanol by noting that proteins (with their amide
groups) and lipid phases (with their ester and phosphate functionalities)
both present accessible hydrogen-bonding opportunities to drug
molecules, and the OH functional group of octanol can serve as a hydrogen
bond acceptor or donor to mimic such effects, while the molecule is large
enough to remain overall hydrophobic. The partitioning coefficient P of
organic solutes between water and 1-octanol is widely used in property-
activity relationships in rational drug design, and a very large amount of
work concerned with the measurement and/or prediction of such partition
coefficients has been reported. The reader is referred to representative
articles for further references.l-15

Hexadecane is another important example of a nonpolar solvent
because solute-hexadecane interactions, like solute-1-octanol interactions,
are recognized as a surrogate for hydrophobic interactions of molecules
with lipid bilayers or other cellular materiall6-20 or with the nonpolar
active site of an enzyme or receptor. In such models, the partition
coefficient of a solute between an alkane solvent and water provides some
indication of how likely it is to penetrate the bilayer, skin, brain, central
nervous system, or other biophase or to bind to the nonpolar site in (or on)
the protein. The difference between log P for an amphiphilic solvent like 1-
octanol or 1-hexanol and apolar, aprotic inert solvents like straight-chain
alkanes or cyclohexane is generally interpreted as a measure of the
hydrogen-bond donor capacity of solutes.21-24 Furthermore this difference
has been used in rational drug design because it correlates with
brain/blood and cerebrospinal/blood partitioning equilibria.25

Another solvent that has been used for similar purposes as 1-octanol
and hexadecane is chloroform. Reynolds26 has discussed the utility of
water/chloroform partition coefficients for correlating membrane
permeability and bioactivity properties that depend on such permeability.

The ability to understand the solvation of organic solutes in
nonpolar media is also important for conformational analysis of bioactive
compounds. A recent example of the importance of solvent effects on
conformation is the interpretation of octanol/water and heptane/water
partition coefficients for the immunosuppressant cyclosporin A in terms of
solvent-dependent conformational changes and of the relationship of these
changes to solvent-dependent inhibitory activity.24

Historically, most attempts to develop predictive models for
solvation free energies or partitioning coefficients have involved
multivariate quantitative structure-property relationships (QSPRs).27-33
More recently, methods for including solvent electrostatic effects self
consistently in quantum mechanical solute descriptions have advanced
vigorously,34-45 and such models are preferred for making predictions on
molecules outside the QSPR training sets or for transition states. Accurate
quantitative predictions must include nonelectrostatic effects as well, and
we have developed successful models for quantum mechanical self-
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consistent electrostatics in both aqueous solutions46-59 and organic
solvents.55-65

An'especially important aspect of the framework of our model is that
only solute atoms are treated explicitly; the solvent is treated as a
continuous fluid. There are three kinds of terms in the solvation free
energy: long-range electrostatic contributions (labeled ENP, to denote that
they include self-consistent solute electronic and nuclear contributions
and solute-solvent electric polarization effects), intermediate-range cavity-
structural (CS) contributions, and short-range cavity-dispersion (CD)
effects. Hydrogen bonding affects all three terms, ENP, CD, and CS.

The functional forms and parameters of the electrostatic model for
organic solvents are identical to those for water except that the dielectric

constant, €, of the organic solvent replaces the dielectric constant of water.
The electrostatic treatment involves a three-dimensional integration over
the free energy density due to electric polarization of the solvent in the
regions of space not occupied by the solute,38,42,51,66,67 and therefore it
reflects the solute shape realistically. The solute electronic wave functions
and solute internal energies are calculated with semiempirical molecular
orbital theory,%8 ab initio Hartree-Fock theory,69 or density functional
theory.7’? The competition between solvent polarization and solute
distortion is accounted for by placing solvation terms inside the effective
one-electron Hamiltonians for the molecular orbitals.42.71-73

The atomic partial charges needed for the electrostatic solvation
terms may be calculated by conventional Mulliken analysis or by class
IV50,74,75 charge models. The latter capability is a particular strength of our
solvation model since these charges, according to previous validation,74,75
yield remarkably accurate electrostatic properties, and in addition they are
very inexpensive to calculate. Accurate atomic partial charges are of great
interest for molecular modeling in general and their usefulness extends
beyond solvation modeling.”6 Thus we shall review our recent progress in
this area as a separate topic.

In addition to electrostatics, our solvation models also include non-
electrostatic effects in the first solvation shell. These effects are modeled in
terms of solvent-accessible surface areas?’?.’8 and semiempirical atomic
surface tensions.’? The solvent dependence of our predicted free energies
of solvation comes from two sources: (i) The electrostatic term contains the
factor (1 - €-1), where ¢ is the dielectric constant of the solvent. (ii) The
atomic surface tensions are determined separately for water and organic
solvents, and in the latter case they depend on one or more of the following

solvent descriptors: n, the index of refraction; o and B, Abraham’s80-83
hydrogen bond acidity and basicity parameters (converting our notation to

his, o is Zoclz{ and B is ZB?) ; v» the macroscopic surface tension of the solvent;
and two descriptors which depend upon the fraction of non-hydrogenic
atoms within the solvent which are aromatic carbon or electronegative
halogen atoms (we define “electronegative halogen atoms” as F, Cl, and Br
since these are the halogen atoms that are more electronegative than
carbon84). A major advantage of using these parameters is that they are
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available for almost all possible solvents. Should one desire to treat an
unusual solvent for which a and b are not known, three possibilities present
themselves. First, they could be determined by generating the kind of
partition coefficient data and fits used originally by Abraham.80-83 Second,
they could be determined by correlating them against other acidity or
basicity scales85,86 that are known for the solvent of interest. Third, Murray
and Politzer86 have shown that Abraham’s single-site hydrogen-bond

acidity and basicity parameters ((xlz-l and Bl;) correlate well with maxima and
minima of calculated electrostatic potentials on the molecular surface, and

these single-site parameters can be used to estimate Za? and ZBI; in most

cases.

Section 2 summarizes the current status of class IV charges. Section 3
presents a level chart of SM5 models. Section 4 summarizes the
performance of several SM5 models for free energies of solvation in water, 1-
octanol, hexadecane, and chloroform.

2. Class IV charges

Partial atomic charges may be classified as follows:74

Class I: non-quantum-mechanical charges, for example, the
empirical charges in a molecular mechanics force field;

Class II: charges obtained directly from wave functions without
calculating physical observables, for example, charges obtained by
Mulliken87 or Léwdin88 population analysis;

Class III: charges obtained by fitting to electrostatic potentials or
multipole moments computed from wave functions, for example,
ChEIPGB89 charges;

Class IV: charges mapped from class II or class III charges with
semiempirical parameters designed to make the mapped charges better
reproduce experimental multipole moments or converged quantum
mechanical electrostatic potentials or multipole moments.50,74,75

We have presented two models for class IV charges: Charge Model
150,74 (CM1) and Charge Model 275 (CM2).

In the CM1 model, we computed zero-order charges by Mulliken
analysis and mapped them as nonlinear functions of calculated bond
orders with 15-19 parameters based on data (experimental dipole moments
and calculated electrostatic potentials) for compounds containing H, C, N,
O, F, Si, S, Cl, Br, and I. Parameters were determined for AM191-93 and
PM394 semiempirical molecular orbital wave functions. We achieved root-
mean-square errors in the dipole moments of 0.27 D for maps based on AM1
wave functions and 0.20 D for maps based on PM3 wave functions.?4

In the CM2 model we computed zero-order charges by Lowdin
analysis and mapped them as quadratic functions of calculated bond orders
with 20 parameters based on 198 experimental dipole moments for
compounds containing H, C, N, O, F, Si, P, S, Cl, Br, and I. Parameters were
determined for AM1, for four different basis sets for ab initio Hartree-Fock
wave functions (MIDI!,95 MIDI!(6D), 6-31G*,69 and 6-31+G*69), and for four
combinations of basis set (MIDI!, MIDI!(6D), or 6-31G*) with density
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Table 1. Partial atomic charges and dipole moments for f3-propiolactone?

HE/MIDI! BPW91/MIDI!

Mulliken Lo6wdin CM2 Mulliken Loéwdin CM2

partial charges:

O-1 -0.82 -0.46 -0.36 -0.57 -0.33 -0.31
C-2 1.09 0.58 0.56 0.76 0.41 0.51
O (carbonylon C-2)  -0.69 -0.41 -0.44 -0.50 -0.31 -0.41
C3 0.09 0.10 0.10 -0.00 0.04 0.02
H-1,2 on C-3 0.20 0.09 0.07 0.22 0.10 0.10
C4 -0.58 -0.25 -0.20 -0.51 -0.26 -0.26
H-3,4 on C-4 0.25 0.13 0.10 0.19 0.13 0.13

dipole moment (D) 7.69 4.71 4.31 6.02 3.81 4.21

2dipole moment from HF/MIDI! density: 4.18 D; from BPW91 density: 3.41 D; from
experiment: 4.18 D

functional (BPW9196,97 or B3LYP98-100), We achieved root-mean-square
errors in dipole moments in the range 0.17-0.19 D for HF/6-31G*,
B3LYP/MIDI!, BPW91/6-31G*, HF/MIDI!, and BPW91/MIDI!, 0.20-0.21 D for
two cases with the MIDI!(6D) basis, 0.25 D with AM1, and 0.41 D with HF/6-
31+G*, the latter value reflecting the difficulty of obtaining accurate charges
from wave functions with diffuse basis functions. On the average, errors in
the dipoles computed as expectation values from the full wave functions
were about 1.8 times larger than those computed from the CM2 charges.”>

As an example of the predictions of the CM2 charge model, consider
B-propiolactone. The experimental dipole moment is 4.18 D, and the use of
BPW91/MIDI! wave functions yields 3.41 D, whereas the CM2 model based
on this same BPW91/MIDI! wave function for B-propiolactone yields 4.21 D.
The partial charges on the oxygen atoms differ by as much as 0.25 when
obtained by Mulliken analysis of HF/MIDI! and BPW91/MIDI! wave
functions and by as much as 0.13 for Léwdin analysis. But the mapped
charges from these two quite different wave functions agree within 0.05.
Full results are given in Table 1.

3. Summary of SM5 models
Aqueous/nonpolar partitioning is usually quantified by the partition
coefficient P or its, logarithm (“log P”), where

_[solute],p

1
[solute] aq e

Another (equivalent) definition of P is
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log P = AAGY/(-2.303RT) @

where
AAGY = AGY(np) - AGY(ag), ®

Gg(solv) is the standard-state free energy of solvation of the solute in solvent

solv, R is the gas constant, and T is temperature.
The standard-state free energy of solvation in water is written as

AGg = AGENP + 2 GCDS,a (4)
24

where o denotes one of the atoms of the solute and

Geps,a=Aq Y, fail R34 (5)
i

where fy; is a function of the geometry R of the solute (actually it depends
only on selected bond distances, and it has no dependence on bond angles
or dihedral angles) and &,; is a surface tension coefficient. The standard-
state free energy of solvation in an organic solvent has the same form as for
water except that G,; is not a constant but rather depends on solvent

descriptors. The solvent descriptors are generally n, «, §, and y. In some
cases (SM5.4 parameterizations) special parameters are used for chloroform,
benzene, and toluene; in other cases (SM5.42R, SM5.2R, and SM5.0R
parameterizations) two special solvent descriptors are added to the four
mentioned in the previous sentence, in particular descriptors computed
from the fraction of nonhydrogenic solvent atoms that are aromatic
carbons or electronegative halogens. Some G,; values are independent of a
and have fy; = 1; these are sometimes called the CS terms. The other terms
are sometimes called CD terms; however, one should be cautious about
physical interpretations of the individual terms.

The actual parameterizaiton is carried out as follows: First the
nonlinear parameters are fixed based on a variety of considerations,
including trends over solutes and solvents for solvation free energies of
neutrals and ions. Then the surface tension coefficients are fit to a large set

of data taken chiefly from the tabulation of Cabani et al.101 for AGS of
neutrals in water and mostly computed from log P values from the
MedChem data base!92 for organic solvents.

In the present paper we consider solutes containing H, C, N, O, F, §,
Cl, Br, and I. (Some, but not all, models are also parameterized for solutes
containing P, but P-containing solutes are not discussed in this chapter.)
As an example of the size of the training set, we consider the training set
used for solutes with H, C, N, O, F, S, Cl, Br, and I in the SM5.2R model. This
training set has data for 43 ions and 248 neutrals in water. It also has 1836
data points for 227 neutrals in 90 organic solvents. The SM5.2R
parameterizations have 46 surface tension coefficients for organic solvents
and 25 for water.
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Table 6. Free Energy of Solvation and Partition Coefficient Results for 1,2 Ethanediol.

o]

Model AGgnp Geps AGg log Porg/water
theory experiment
water
SMS5.4/AM1 -6.5 -2.3 -8.8
SMS5.4/PM3 -6.3 -2.9 -9.2
SMS5.2R/MNDO(d) -1.9 -71.0 -8.9
SMS5.2R/MNDO -1.9 -7.0 -8.9
SM5.2R/AM1 -2.8 -6.4 -9.2
SM5.2R/PM3 -2.2 -7.1 9.3
SM5.0R -8.7
1-octanol
SM5.4/AM1 -5.9 -1.4 -7.2 -1.1 -1.4
SM5.4/PM3 -5.8 -1.9 -7.7 -1.1
SMS5.2R/MNDO(d) -1.7 -6.3 -8.0 -0.7
SMS5.2R/MNDO -1.7 -6.3 -8.0 -0.7
SMS5.2R/AM1 -2.5 -5.6 -8.2 -0.7
SM5.2R/PM3 -2.0 -6.3 -8.2 -0.8
SM5.0R -8.1 -0.4
hexadecane
SM5.4/AM1 -3.2 0.1 -3.1 -4.2 -4.8
SM5.4/PM3 -3.2 -0.2 -34 -4.3
SMS5.2R/MNDO(d) -0.9 -2.6 -3.5 -4.0
SM5.2R/MNDO -0.9 -2.6 -3.5 -4.0
SMS5.2R/AM1 -1.3 -2.2 -3.5 -4.2
SMS5.2R/PM3 -1.1 -2.6 -3.7 -4.1
SMS5.0R -3.8 -3.6
chloroform

SMS5.4/AM1 -5.0 -0.2 -5.2 -2.6 -24
SM5.4/PM3 -5.0 -0.5 -5.5 -2.7
SMS5.2R/MNDO(d) -1.5 -3.7 -5.2 =2.7
SMS5.2R/MNDO -1.5 -3.7 -5.2 -2.7
SMS5.2R/AM1 -2.1 -3.3 -54 -2.8
SMS5.2R/PM3 -1.7 -3.7 -5.4 -2.9
SM5.0R -5.1 -2.6

Tables 2-5 show the mean unsigned deviations in standard-state free
energies of solvation for various classes of solutes in water and the three
organic solvents singled out in the introduction. In each table we show the
application of several models to the same set of data, namely our latest and
largest training set, excluding phosphorus-containing compounds, except
that in Tables 2, 3, and 5, the SM5.4/PM3 results are based on one less data
point because hydrazine is excluded when PM3 is used to optimize
geometries.  Tables 2-5 show that we have uniformly small
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Table 7. Free Energy of Solvation and Partition Coefficient Results for Thioanisole.

[+

Model AGgNnp GCDS AGS log Porg/water
theory experiment
water
SM5.4/AM1 -3.9 0.7 -3.3
SM5.4/PM3 -3.0 -0.3 -33
SM5.2R/MNDO(d) -1.0 -1.7 -2.7
SM5.2R/MNDO -1.0 -1.9 -2.9
SM5.2R/AM1 -3.8 0.8 -3.0
SM5.2R/PM3 -2.7 -0.3 -3.0
SM5.0R -3.4
1-octanol
SM5.4/AM1 -3.5 -3.9 -1.4 3.0 2.7
SM5.4/PM3 -2.7 -4.6 -1.3 2.9
SMS5.2R/MNDO(d) -0.9 -5.2 -6.1 2.5
SMS5.2R/MNDO -0.9 -5.5 -6.4 2.6
SM5.2R/AM1 -3.4 -3.0 -6.4 2.5
SMS5.2R/PM3 -2.4 -4.1 -6.5 2.6
SM5.0R -6.4 2.2
hexadecane
SMS5.4/AM1 -1.8 -5.1 -6.9 2.6
SM5.4/PM3 -14 -5.7 -7.0 2.7
SM5.2R/MNDO(d) -0.5 -5.6 -6.1 2.5
SM5.2R/MNDO -0.5 -5.8 -6.3 2.5
SM5.2R/AM1 -1.8 -4.3 -6.1 2.3
SM5.2R/PM3 -1.2 -5.0 -6.3 2.4
SMS5.0R -6.3 2.1
chloroform

SM5.4/AM1 -2.9 -4.8 -7.8 33 2.4
SM5.4/PM3 -2.3 -5.7 -8.0 34
SM5.2R/MNDO(d) -0.8 -6.5 -7.3 33
SMS.2R/MNDO -0.8 -6.7 -7.4 33
SMS5.2R/AM1 -2.9 -4.8 -1.7 34
SM5.2R/PM3 -2.0 -5.7 -7.7 3.4
SMS5.0R -1.4 2.9

mean errors. Notice that some solute classes are not well represented in the
data sets for specific solvents, and in fact some solute classes are not
represented at all in some solvents. The SM5 solvation models are able to
treat such cases because all the data for free energies of solvation in-organic
solvents are fit simultaneously, and the number of solvent descriptors is
much smaller than the total number (90) of organic solvents. We believe in
this way we have captured all the major physical effects.

Tables 6-8 were included to examine a couple of individual examples,
namely, 1,2-ethanediol, thioanisole, and p-dichlorobenzene. These tables
show the partitioning of the predicted solvation free energy
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Table 8. Free Energy of Solvation and Partition Coefficient Results for p-Dichlorobenzene.

o

Model AGgNp Geps AGg log Porg/water
theory experiment
water
SM5.4/AM1 -2.1 1.1 -1.0
SM5.4/PM3 -1.3 0.2 -1.2
SMS5.2R/MNDO(d) -1.0 -0.6 -1.6
SM5.2R/MNDO -14 -0.3 -1.7
SM5.2R/AM1 -2.5 1.5 -1.0
SM5.2R/PM3 -1.8 0.2 -1.6
SMS5.0R -1.0
1-octanol
SM5.4/AM1 -1.9 -3.7 -5.6 3.3 34
SM5.4/PM3 -1.2 -4.5 -5.7 33
SMS5.2R/MNDO(d) -0.9 -5.0 -5.9 3.2
SM5.2R/MNDO -1.3 -4.8 -6.1 3.2
SM5.2R/AM1 2.2 -3.2 -5.5 33
SMS5.2R/PM3 -1.6 -4.2 -5.8 3.1
SM5.0R -5.6 34
hexadecane
SM5.4/AM1 -1.0 -4.7 -5.7 34 3.7
SM5.4/PM3 -0.6 -5.1 -5.7 33
SMS5.2R/MNDO(d) -0.5 -5.4 -5.9 3.1
SMS5.2R/MNDO -0.7 -5.2 -5.9 3.1
SM5.2R/AM1 -1.2 -4.3 -5.5 3.3
SMS5.2R/PM3 -0.9 -4.9 -5.8 3.1
SMS5.0R -5.8 3.5
chloroform

SM5.4/AM1 -1.6 -4.3 -5.9 3.6 3.9
SM5.4/PM3 -1.0 -5.1 -6.1 3.6
SMS5.2R/MNDOQ(d) -0.8 -6.1 -6.8 3.8
SM5.2R/MNDO -1.1 -5.9 -6.9 3.8
SMS5.2R/AM1 -1.9 -4.7 -6.6 4.1
SMS5.2R/PM3 -14 -5.5 -6.9 3.9
SM5.0R -6.6 4.2

between the electrostatic (AGgnp) and non-electrostatic (Ggpg)
components as well as the logarithm of the partition coefficient between
selected organic solvents and water. The SM5.4 models utilize class IV
charges and are designed to optimize solute geometry in the presence of
the solvent reaction field. Note that the absolute value of the AGgnp term is
generally much larger for the SM5.4 parameterizations than for the SM5.2R
models which incorporate the less-accurate class II charges. In general,
class IV charges lead to greater charge separation within a solute molecule,

which results in a larger |AGgyp|- Our method of parameterizing the
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Table 9. Absolute Value (kcal/mol) of the AGgnp and GCDS
Terms in Selected SMx Models?

Model (|AGenp)) (|GCDS )
water
SM5.4/AM1 4.5 1.5
SM5.4/PM3 3.7 1.3
SMS5.2R/MNDO(d) 1.7 2.3
SMS5.2R/MNDO 1.7 2.3
SM5.2R/AM1 3.2 1.9
SMS5.2R/PM3 2.4 2.0
SM5.0R 0.0 3.7
1-octanol
SM5.4/AM1 4.0 2.0
SMS5.4/PM3 34 2.5
SM5.2R/MNDO(d) 1.5 4.2
SMS5.2R/MNDO 1.5 4.2
SM5.2R/AM1 2.8 2.9
SM5.2R/PM3 2.1 3.6
SM5.0R 0.0 5.7
hexadecane
SM5.4/AM1 2.1 2.4
SM5.4/PM3 1.8 2.8
SMS5.2R/MNDO(d) 0.8 3.6
SMS5.2R/MNDO 0.8 3.6
SMS5.2R/AM1 1.5 2.9
SMS5.2R/PM3 1.1 3.3
SM5.0R 0.0 4.5
chloroform
SM5.4/AM1 3.4 2.6
SMS5.4/PM3 2.9 3.1
SMS5.2R/MNDO(d) 1.3 4.4
SMS5.2R/MNDO 1.3 4.4
SMS5.2R/AM1 2.4 3.5
SM5.2R/PM3 1.8 4.0
SMS5.0R 0.0 5.5

aReported averages are for 67 organic solutes for which experimental solvation free
energies are available in water, hexadecane, octanol, and chloroform. (A total of 268 data
points.)

remaining non-electrostatic term (Ggpg) to the experimental solvation free
energies allows the diminished electrostatics obtained with the less
expensive SM5.2R models to be compensated for by the Ggpg term,

resulting in fairly accurate absolute solvation free energies and partition
coefficients. This approach was taken to the limit in the SM5.0R model
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Table 10. Mean Unsigned Errors in Predicted Solvation Free Energies, Organic/Water
Partition Coefficients, and Free Energy of Transfer for Selected SMx methods?

Model MUE MUE MUE
o o
AGS AAGorg /water log P org/water
. water
SM5.4/AM1 0.54
SM5.4/PM3 0.47
SMS5.2R/MNDO(d) 0.45
SM5.2R/MNDO 0.44
SMS5.2R/AM1 0.43
SM5.2R/PM3 0.39
SMS5.0R 0.46
1-octanol
SM5.4/AM1 0.56 0.63 0.46
SM5.4/PM3 0.51 0.54 0.40
SMS5.2R/MNDO(d) 0.43 0.38 0.28
SM5.2R/MNDO 0.42 0.38 0.28
SM5.2R/AM1 0.47 0.42 0.31
SMS5.2R/PM3 0.41 0.37 0.27
SMS5.0R 0.40 0.40 0.38
hexadecane
SM5.4/AM1 0.29 0.49 0.36
SM5.4/PM3 0.29 0.49 0.36
SMS5.2R/MNDO(d) 0.27 0.45 0.33
SM5.2R/MNDO 0.26 0.45 0.33
SM5.2R/AM1 0.27 0.51 0.38
SMS5.2R/PM3 0.26 0.47 0.35
SMS.0R 0.30 0.30 043
chloroform
SM5.4/AM1 0.32 0.46 0.33
SM5.4/PM3 0.27 0.39 0.28
SM5.2R/MNDO(d) 0.45 0.45 0.33
SM5.2R/MNDO 0.46 0.45 0.33
SM5.2R/AM1 0.47 0.45 0.33
SMS5.2R/PM3 0.44 041 0.30
SM5.0R 0.50 0.50 041

aReported averages are for 67 organic solutes from our training set for which experimental
solvation free energies are available in water, hexadecane, octanol, and chloroform. (A
total of 268 data points.)

which contains no explicit electrostatic or SCF treatment. Although it is
likely that the very inexpensive SM5.0R approach will have difficulty
predicting solvation free energies in cases where the charge distribution
within a given solute differs significantly from the implicit distributions
parameterized into the model, SM5.0’s predictions for the example
molecules and overall training set are reasonably similar to those predicted
by SM5 models with more rigorous electrostatic treatments.
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To compare the performance of the SMx models in water, 1-octanol,
hexadecane, and chloroform, we selected the subset of organic solutes from
the training set for these solvation models for which the experimental free
energy of solvation is known for all four solvents. This subset contains 68
molecules. Table 9 compares the average absolute value of the AGgnp

and G.pg terms for various SMx models in 4 solvents. As mentioned earlier,
the SM5.4 methods typically have the largest (]AGENPD, while the SM5.2

methods with the usually smaller class II charges have (IAGENPD that are

only one half to one-third as large as the SM5.4 counterpart. It is
interesting to note that the class II charges produced by the AM1
Hamiltonian appear to be the most similar to the class IV charges, while the
MNDO and MNDO(d) Hamiltonians produce much less charge separation.

The (IGCDS]) terms have opposite trends to make up for the differences in

the electrostatics.

Table 10 contains the mean unsigned errors in the absolute free
energies of solvation from the gas phase into each of our four considered
solvents as well as the unsigned error in the free energy of transfer from
water to an organic solvent and the resulting error in the log of the
estimated partition coefficient. Note that in general the SM5.4 and SM5.2
models perform similarly in both the mean unsigned error of the absolute
free energies and the mean unsigned error of the log of the partition
coefficient. The results in chloroform are an exception to this trend. The
SM5.4 models were especially reparameterized for chloroform and hence
they do achieve a significantly improved mean unsigned error in the
absolute free energies of solvation. (The SM5.2R and SM5.0R models are
parameterized for chloroform solvent at the same time as 89 other organic
solvents, although a solvent descriptor is included which helps distinguish
electronegative-halogen-containing solvents.) However, both the SM5.4
and SM5.2R models are shown to perform similarly in their ability to
predict chloroform/water partition coefficients. SM5.0R generally is shown
to have slightly larger errors than the SM5.4 and SM5.2R parameterizations,
but still produces answers that are within reason considering the simplicity
of the model.

4. Concluding remarks’

We have developed a number of universal solvation models based on
quantum mechanical treatment of the solutes, with solute polarizability
included self-consistently. Both electrostatics and first-solvation-shell
effects are treated by 3-D modeling. Hydrogen bonding of solute with
solvent and solute disruption of solvent-solvent hydrogen bonding are
both included. Solute functionality is recognized on the basis of atomic
numbers and geometry only; thus the inconvenience (and occasional
ambiguity) of assigning atomic types is avoided.

The solvation models are parameterized directly in terms of free
energies, which are the critical thermodynamic quantities for predicting
equilibria. One possible application is the prediction of log Poctanol-water,
which is a widely used measure of lipophilicity, the movement of organic
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compounds through cells, and drug activity. We hope the models will be
useful for a variety of purposes in the humanistic endeavor of designing
better drugs.
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Chapter 9

Rational Approaches to Inhibition of Human Osteoclast
Cathepsin K and Treatment of Osteoporosis

Sherin S. Abdel-Meguid ', Baoguang Zhao ', Ward W. Smith ', Cheryl A. Hanson 2
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Novel, potent and selective human osteoclast cathepsin K inhibitors
have been designed based on knowledge derived from the crystal
structure of papain bound to a tripeptide aldehyde. Cathepsin K is a
thiol protease belonging to the papain superfamily. Unlike previously
known crystal structures of that family of enzymes in which ligands
bind to the nonprime side of the active site, our papain structure shows
the ligand in the prime direction. This observation and the
identification of key interactions between the protein and the ligand
inspired the design of a novel class of inhibitors spanning both sides of
the active site. The crystal structure of the first member of this class
bound to cathepsin K confirmed our design hypothesis. Inhibitors of
cathepsin K are potential drugs for the treatment of osteoporosis.

Recent success in the rational design of novel, potent HIV-1 protease inhibitors and
the subsequent verification that they are highly effective drugs, has confirmed the
important role of rational design in the drug discovery process. Most of these drugs
were designed based on knowledge derived from the crystal structures of HIV
protease, renin and other aspartyl proteases (/,2). Many other examples of rational
drug design are now available (3). Here, we will describe the structure-based design
of one chemical class of cathepsin K inhibitors that are potential drugs for the
treatment of osteoporosis and we will show how the crystal structure of an inhibitor of
cathepsin K bound to papain inspired the rational design process.
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Bone Remodeling and Osteoporosis

Bone remodeling is a normal and dynamic process involving deposition and resorption
of bone matrix. Bone is formed by mature osteoblast cells, while osteoclasts are
responsible for bone resorption. Osteoclasts are multinuclear giant cells that solubilize
mineralized bone matrix through secretion of proteolytic enzymes into an
extracellular, sealed, low pH compartment on the bone surface. It is believed that
osteoporosis, a disease characterized by low density, high porosity and brittleness of
bone, results from imbalance between bone formation (osteoblasts) and resorption
(osteoclasts).

Cathepsin K and its Role in Osteoporosis

Cathepsin K is a recently discovered member of the papain superfamily of cysteine
proteinases that is selectively and highly expressed in osteoclasts (4,5). It is secreted
as a 314 amino acid proenzyme containing a 99 amino acid leader sequence (6). The
proenzyme self-processes at low pH to generate the mature form (7). The crystal
structures of cathepsin K in the presence and absence of bound ligands have been
determined (8,9). The enzyme folds into two subdomains separated by the active site
cleft, a characteristic of the papain family of cysteine proteases.

Cathepsin K is believed to play an important role in bone resorption and is a
potential therapeutic target for treatment of diseases involving excessive bone loss
such as osteoporosis. This is supported by two pieces of evidence. One, it has been
known for over a decade that classical thiol protease inhibitors such as E-64 and
leupeptin inhibit bone resorption (10,11). Two, defects in the gene encoding cathepsin
K have been linked recently to pycnodysostosis, a disease characterized by skeletal
defects such as dense, brittle bones, short stature and poor bone remodeling (12).

Papain as a Surrogate for Cathepsin K

The absence of sufficient cathepsin K for crystallographic structure determination
early-on in this study compelled us to search for a suitable model. Papain, having
46% identical amino acid sequence to cathepsin K, was chosen because of the
availability of its structure in the presence and absence of ligands. A number of
crystal structures of papain with bound inhibitors had been reported (13, 14, 15). The
inhibitors in all of these structures were found to bind on the nonprime side of the
active site (Figure 1a). Using these structures, we modeled a number of our di- and
tri-peptide aldehyde inhibitors into the nonprime side of the active site of papain and
into a homology model of cathepsin K derived from papain. These modeling studies
did not explain our SAR data which showed strong preference for the presence of a
Cbz or other aromatic moiety at the amino terminus of these peptides. Thus, to
rationally design inhibitors of cathepsin K it was necessary to obtain crystal structures
using our own inhibitors. Again, papain was selected because it is commercially
available in large quantities (ICN Biomedicals #1009-24) and because its
crystallization and crystallographic studies are well documented (/6).
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la.

1b.

Papain - Cbz-Leu-Leu-Leu-Aldehyde

Figure 1. a) Ribbon drawing of the crystal structure of the complex of papain with
leupeptin. b) Ribbon drawing of the papain complex with the peptide aldehyde
inhibitor Cbz-Leu-Leu-Leu-OH. The figure was prepared with MOLSCRIPT (22).
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Crystal Structure of Papain/Cbz-Leu-Leu-Leu Aldehyde

We have determined the crystal structure of papain bound to the Cbz-Leu-Leu-Leu
aldehyde whose chemical structure is shown in Figure 2. The structure of the complex
was obtained using crystals grown by vapor diffusion from a solution of 0.1 M Tris-
HCI at pH 8.5 containing 0.5 M sodium citrate and 20% PEG 600. The crystals
belong to the monoclinic space group C2, with a=100.5 A, b=50.7 A, ¢=62.3 A,
B=99.9° and one molecule/asymmetric unit. They grow in a space group different
from those previously reported for papain/ligand complexes. The crystal structure of
the papain/Cbz-Leu-Leu-Leu aldehyde was solved by the molecular replacement
method (/7), using the structure of papain (PDB code 1PIP; /8) as a starting model.

Surprisingly, the inhibitor in our structure was found to bind on the prime side
of the active site (Figure 1b). A major point of interaction between the inhibitor and
the protein was an edge-to-face interaction between the phenyl ring of the inhibitor
and the indole ring of Trp181 (Figure 3). This tryptophan is conserved between
papain and cathepsin K.

In order to ensure that the novel binding mode observed in the crystal structure
of the papain/Cbz-Leu-Leu-Leu aldehyde was not an artifact of crystallization, we
produced crystals of papain bound to leupeptin under exactly the same conditions as
those used for the papain/Cbz-Leu-Leu-Leu aldehyde.  The crystals were
isomorphous, and our structure of the papain/leupeptin complex was nearly identical
to that previously reported (Figure 1a), with the inhibitor bound to the nonprime
subsites (S1 to S3; 19) of the enzyme.

Design of a Novel Cathepsin K Inhibitor Based on the Crystal Structure of the
Papain/Cbz-Leu-Leu-Leu aldehyde

The observations that inhibitors containing Cbz or other aromatic groups at the amino
terminus bind to the prime side of the active site and that such binding may be
facilitated by the interaction with Trp181 led to the design of novel inhibitors spanning
both sides of the active site (Figure 4). The prototype of this class of inhibitors was a
symmetric inhibitor that resulted from an overlay of the Cbz-Leu-Leu-Leu aldehyde
and leupeptin papain crystal structures. The two inhibitors were merged
computationally by replacing their aldehyde functions with a single ketone (Figure 4).
The resulting model of a ketone-containing inhibitor was further simplified by
removal of the side chains on both sides of the ketone moiety. This was necessary
since the arginyl and leucyl sidechains occupied the same region of space.
Furthermore, a homology model of cathepsin K derived from the structure of papain
suggested that Trp184 of cathepsin K (Trp177 in papain), a highly conserved residue
within the papain superfamily, would form a better aromatic-aromatic interaction with
the Cbz moiety. Thus, the hypothetical inhibitor was shortened by one Leu residue
from the right side (Figure 4), resulting in a yet smaller molecule. A second Cbz
moiety was introduced on the left side (Figure 4), as a final step to make the inhibitor
truly symmetric. This was done not to mimic any symmetry in the active site (there is
none), but rather to simplify the chemical synthesis of this initial member of a new
class of inhibitors. This Cbz group was also hypothesized to reach to Tyr67 on the
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Figure 2. Chemical structure of a) leupeptin and b) Cbz-Leu-Leu-Leu-aldetiyde.
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Figure 3. Stereo view of the active site of papain bound to Cbz-Leu-Leu-Leu-OH.

Inhibitor atoms are drawn as ball-and-stick.
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Figure 4. Schematic drawing of the desxgn of the symmetric diacylaminomethyl
ketone inhibitor based on the crystal structures of papain bound to leupeptin and
to Cbz-Leu-Leu-Leu-aldehyde.
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nonprime side of the cathepsin K active site for additional aromatic-aromatic
interaction. The resulting diacylaminomethyl ketone  (1,3-bis[[N-
[(phenylmethoxy)carbonyl]-L-leucyl]amino]-2-propanone) is shown in Figure 4.

Binding of the Novel, Symmetric Diacylaminomethyl Ketone to Cathepsin K

The novel diacylaminomethyl ketone is a selective, competitive, reversible inhibitor of
cathepsin K with a K; of 23 nM (20). Spanning both sides of the active site has
allowed for enhanced potency and selectivity by taking simultaneous advantage of
interactions on the nonprime and prime sides of the active site, and by allowing the use
of a less reactive electrophilic carbon for attack at the cysteine. Yamashita et al. (20)
have shown that this<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>