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Preface

Successful drug design requires a multidisciplinary approach. Understanding
the nature of a drug and its intended target requires knowledge of their
chemistries, biophysical characteristics and, of increasing importance, their
sub-cellular biological context. For this to happen, science and technology
must be pushed passed their existing limits. To satisfy this need requires che-
mists to be highly confident of the valency and covalency between the drug
and target, biophysicists to appreciate the dynamic nature of any biomole-
cular target and potential partners fully, mathematicians to help model mole-
cular systems efficiently and computer scientists to optimise architectures so
that complex calculations can be performed practically. Often, as a compo-
nent of team-based approaches, ‘linchpin’ individuals exist that help catalyse
successful collaborations. As with the, now indispensible, hyphenated analy-
tical techniques e.g. GC-MS (Gas Chromatography-Mass Spectrometry)
multi-disciplinarians such as bio-mathematicians and experts in chemical-
computing luckily do exist. These individuals act as the multi-linguists of the
scientific community and are often a product of a global educational envir-
onment that has facilitated their development. This book has been written in
the hope of demonstrating the latest skills of these modern day polymaths
and as a showcase for cutting-edge science as applied to drug design
problems.

The book starts with excellent accounts of how drug design problems have
required the mustering of nearly all the aspects mentioned above. Firstly, the
problem of exactly how the naturally occurring compounds known as latrun-
culins bind to globular actin to exert their biological action and how an
apparently simple synthetic substitution can lead to a complex outcome in
terms of bioactivity and, secondly, the rationalization of binding of hydro-
xamate inhibitors to a zinc-based metalloprotein target. Tell Tuttle has had to
forge new approaches that merge quantum and molecular mechanical
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vi Preface

simulations to describe molecular level interactions more fully that are not
treated adequately if a more expedient simplified approach is taken. Rob Deeth
follows up this chapter by throwing further light on how transition-metal
systems can be modelled successfully by appropriate deployment of molecular
mechanical techniques supported by density-functional theory (DFT)
approaches. Of particular interest here is the unusual application toward
QSPR/QSAR of platinum and copper-based bioactive compounds.

David Ritchie takes us into the biophysical world of protein-protein inter-
actions in recognition of the fact that this aspect of the drug design processes is
becoming increasingly important. Here is a prime example of the extreme
application of multi-processor computer architecture and programming to
make rapid calculation of protein-to-protein orientation and docking for
database mining for protein partners readily accessible.

Tim Clark and Alex Voityuk address the modelling, via quantum mechanical
approaches, of predominantly, but not solely, small molecules. Accurate QSPR
and QSAR of ligands often requires the consideration of novel chemistries,
subtle dispersion forces and weak hydrogen-bonding situations that the more
expedient molecular mechanical methods, which more often than not include
simplified treatment of partial charge, fail to model well. Paul Popelier carefully
guides us through the state of art for DFT and lets us glimpse at what might be
possible due to advances in computational power.

Once information has been derived for small molecule datasets, there is need
for accurate, appropriate handling of their structural characteristics, stereo-
chemistry and associated physicochemical and biological properties that can
facilitate rapid retrieval of any required information. Chemoinformatics,
comprehensively reviewed by Thomas Engel, demonstrates the current ‘state of
play’. David Whitley then considers the role of topology in characterising the
properties of molecules in 3D and their comparison across molecular sets of
interest.

A neglected area is that of extended molecular systems such as the giant
structures that the inorganic materials can present. Paul Cox addresses the
techniques required for effective modelling of alumino-silicates and their rela-
tives acting as novel drug delivery systems and demonstrates that there is wide
interest in their applications.

Tim Clark and Lee Banting
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CHAPTER 1

Quantum Mechanical| Molecular
Mechanical Approaches in

Drug Design

TELL TUTTLE

WestCHEM, Department of Pure and Applied Chemistry, University of
Strathclyde, 295 Cathedral Street, Glasgow G1 1XL, UK

1.1 Introduction

Quantum mechanical/molecular mechanical (QM/MM) hybrid methods have
their origins in the 1970s in the pioneering work of Warshell and Levitt."
However, until the last two decades, the uptake of this methodology and its
application to solving problems of biochemical interest was essentially non-
existent. In the beginning of the 1990s the situation changed dramatically and
since this time there has been an explosion in the number of publications that
use QM/MM methods to study systems of biochemical interest. Several recent
reviews in the literature have provided excellent coverage of the recent devel-
opments with a strong focus on the usefulness of QM/MM methods to studying
enzyme reactions.” 2>

The dramatic uptake of QM/MM methodology has been driven by sig-
nificant developments in the methodology accompanied by a rapid increase in
computer power and decrease in computer cost. Moreover, along with the
development in QM/MM methodology, the development of QM methods to
deal with larger systems with ever increasing accuracy has allowed these high-
level QM methods to be applied to biochemical systems. One can now find
examples in the literature where enzyme-catalysed reactions have been
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2 Chapter 1

modelled computationally to within chemical accuracy (ca. 1 kcal/mol) — a feat
unimaginable only a few years previously.’® Despite these impressive strides in
accuracy and efficiency, the application of QM/MM methods to the field of
drug design has received far less attention until recently.® '8

Computational drug discovery is a well-established discipline within the
field of computational chemistry.?’ > Computational chemistry can be applied
to the development of new drugs from both the perspective of the small
molecule®**”"% (drug-like compound) and the biological target (recep-
tor).?7-2%3%43:53 Iy cases where the drug target is unknown or a structure of the
target receptor is unavailable, a quantitative—structure activity relationship
(QSAR) can be developed by comparison of several ligands with varying
biological responses (activities).>**">7>? One of the oldest and most popular
3D-QSAR methods is a Comparative Molecular Field Analysis (CoMFA),
which uses an sp>-hybridized carbon with a charge of +1 to evaluate steric and
electrostatic features of the compounds in the training set.°* ** By comparing
the steric and electrostatic features of the compounds in the training set as a
function of their activity a relationship between regions that benefit from
having certain properties in relative molecular positions (e.g. decreased steric
bulk next to a negatively charged region of the molecule) can be identified.
While both ligand-based and receptor-based methods have seen significant
successes throughout their application, in the current review the focus will be
on receptor (structure) based methods.

Structure-based drug design (SBDD) stems from the lock-and-key principle
originally proposed by Emil Fischer over 100 years ago. In the lock-and-key
model the ligand and the receptor are both considered as rigid objects and the
activity of a ligand results from the complementary matching of the steric and
electrostatic features of the ligand (key) into the receptor’s binding pocket (lock).
This principle was subsequently revised in 1958 by Koshland with the proposal of
the induced-fit model whereby both the ligand and the receptor are considered to
behave dynamically and as such the ‘lock” and the ‘key’ are both able to adapt to
some extent to provide a better match where possible during the binding process.
However, modelling the dynamic flexibility of a complete macromolecule
(receptor) is still not computationally feasible when one wishes to screen a large
database of potential drug-like molecules. As such, within modern docking
methods a compromise between the lock-and-key method and the induced fit
model is generally applied. These methods treat the ligand as a flexible molecule
(or a series of different conformations of the ligand is used) and is docked into the
rigid receptor,®>7* or semi rigid receptor’> * (where flexibility of the side chains
in the binding pocket is allowed). Irrespective of the approach used, the key
requirement for SBDD is a reliable structure of the target macromolecule.

The SBDD approach usually involves multiple stages. These can be broadly
classified as follows.

1. Generation of poses/conformations of the ligand in the active site — this
process determines whether the ligand is able, and if so in which orien-
tation, to physically fit into the active site.
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2. Scoring and ranking the individual poses — in this process the static poses
generated in the first step are given a score, usually based on electrostatic
fit between the ligand and the residues that compose the binding site.

3. Refinement of the docked structures and their subsequent ranking — this
third step is the most complicated and various different approaches
exist to introduce ligand and binding site flexibility into the refinement
of the structure (e.g. molecular dynamics simulations, random search
methods, etc.).>

Quantum mechanical/molecular mechanical (QM/MM) scoring refinement
focuses on the third stage of the SBDD approach — the structural refinement
and determination of the final ranking. This refinement process has several
problems at a computational level. The methodology employed in the refine-
ment needs to be efficient in order to deal with the large numbers of ligands and
poses that need to be refined. Because of this the use of molecular mechanics
(i.e. empirical force field based approaches) has been the method of choice.
However, empirical methods are inherently limited in their accuracy to the
quality/specificity of the parameterization.®'*> As a result, in repeated regular
structures, such as proteins, which are combinations of only 20 amino acids,
force field methods are remarkably successful (e.g. the CHARMM,3®
AMBER,*#¢ GROMOS,*"*® ¢sc. force ﬁelds).89 However, in the case of
ligands, which contain an infinite variety of chemical motifs, the para-
metrization of effective force fields is much more difficult. As such, docking and
scoring programs generally rely on universal force fields for modelling both the
ligand and the protein, which are much less successful, but offer a common level
of accuracy between the protein and the ligand. In principle, the use of quan-
tum mechanical (QM) methods in the place of molecular mechanical methods
would solve these problems, offering a common and accurate description of
both the ligand and peptide. However, the main drawback for QM methods is
that their computational cost prohibits their application to such problems.

The middle ground between purely ab initio and purely empirical methods
are the set of methods known as semi-empirical methods. These methods offer
the chemical flexibility of the ab initio methods (though not necessarily the
accuracy) but are orders of magnitude more efficient. Throughout the literature
one is able to find several examples of the applications of semi-empirical
methods in the context of QM/MM biochemical modelling.®'?°° 1% The latest
semi-empirical methods (OMx,'"'"'% SCC-DFTB,'* % PDDG/PM3,'"’
PM6-DH2,'® erc.) offer an accurate and efficient description of the structure
and energetics of small molecules. Moreover, these methods have been suc-
cessfully combined with biochemical force fields to provide an accurate
description of the interactions in the binding site, between a ligand — treated at
the QM level of theory — and the protein — treated at the MM level of
theory,$:13:98.99:102

The general strategy in QM/MM scoring refinement is to run a QM/MM
minimization of the binding site (ligand + protein) to refine the structure and
binding energies of the various poses obtained from the first two stages of the
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virtual screening. This approach simultaneously provides a more accurate
modelling of both the ligand and binding site and, as such, should provide
enhanced differentiation between the various ligands, as well as a more detailed
understanding of the interactions that are present in the binding site. As such,
this method should provide considerable benefit in lead optimization activities.

In Section 1.2 an outline of the main QM/MM methodology employed in
QM/MM scoring refinement is provided. In Section 1.3 two illustrative
examples of the application of this methodology to challenging scoring pro-
blems are provided. In the final section (1.4) the main difficulties associated
with QM/MM scoring are addressed and the potential future directions of the
field are discussed.

1.2 QM/MM Methods

The basic concept of a QM/MM method is to describe the chemically inter-
esting region of the system (in this case the ligand and potentially the binding
pocket) using a QM method and the remainder of the system, the environment,
at the MM level of theory. In the most common case the ligand binds to
the receptor non-covalently (Figure 1.1) and as such only the ligand is treated at
the QM level of theory as the MM description of the protein (receptor) is
reliable when appropriate biochemical force fields are chosen. The description
of the ligand region using a QM method and the receptor using an MM method
is trivial. However, the goal of any QM /MM method is to describe the inter-
action between the two regions — in other words, how do we best describe the
coupling between QM and MM parts of the system? The coupling terms
between the ligand and the receptor are exactly the interactions that will dictate
the binding ability of the ligand and can be quite strong. Indeed, a balanced
treatment of the three components, QM, MM and the coupling terms are
equally important for any QM/MM scoring function to be successful.

puesry

Figure 1.1 Partitioning of the full system into the QM region (Ligand — dark grey)
and the MM region (Receptor — light grey).
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1.2.1 Additive QM/MM Methods

There exist two families of QM/MM approaches: those based on the additive
scheme and those based on the subtractive scheme (see Section 1.2.2). The
additive scheme, initially proposed by Warshel and Levitt in 1976," is employed
in the majority of QM/MM programs presently in use and generally contains
three terms:

Equmm (Tot) = Eqm(Lig) + Emm(Rec) + Eqm-mm(Lig.Rec)  (1.1)

where Eqmmm(Tot) is the total energy of the full system calculated at the QM/
MM level of theory, Eqm(Lig) is the energy of the ligand calculated at the
QM level of theory, Evm(Rec) is the energy of the receptor calculated at the
MM level of theory and Eqn-mm(Lig,Rec) is the explicit coupling term between
the ligand and the receptor. As we shall see in the subtractive scheme there is no
explicit coupling term present; however, the variation in how the coupling term
is defined allows one to further differentiate between various additive QM /MM
approaches. These approaches were described in detail by Bakowies and Thiel in
1996,'% and have recently been reviewed in the literature; as such, an account
will not be provided here.?! The QM/MM approach discussed herein refers to
the electrostatic embedding approach,'®® unless otherwise stated. For details of
other methods the reader is referred to the literature >*>:10:14.19-21.110-112

Where there are no bonds that cross the QM /MM boundary, as is the case
for non-covalently bound ligands, the coupling term, in the electrostatic
embedding approach, has two components:

Eqm-mm(Lig.Rec) = ESWY v + Egni—mm (1.2)

where E(V)‘%\)’[[MM refers to the van der Waals (vdW) interactions between the
ligand atoms and the atoms in the receptor; and ngvﬁfMM refers to the elec-
trostatic interactions between the ligand and receptor atoms. If a covalent bond
exists between the QM and MM regions a boundary scheme needs to be chosen
in order to properly describe the forces acting across the boundary and also to
ensure appropriate ‘capping’ of the QM region. The various schemes for
dealing with QM—-MM boundary regions have been recently reviewed and the
interested reader can find details of these from the reviews.'®2%-%

The vdW interactions are treated at the MM level of theory and as such the
atoms in the ligand require vdW parameters to be assigned to them. This
assignment is usually done by analogy with ‘similar’ atom types that exist in the
force field. However, alternative, and more rigorous, approaches for assigning
vdW parameters to the atoms treated at the QM level of theory have also been
presented.'®!"? The error introduced by the MM treatment of the vdW inter-
actions between the ligand and the receptor regions is expected to be minimal
due to the short-range nature of these interactions.'™*

Due to its long-range nature, the predominant coupling term between the
ligand and the receptor regions is the electrostatic term (ES?&FMM). Within the
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electronic embedding approach, the electrostatic coupling between the ligand
and receptor descriptions is achieved by performing the QM calculation in the
presence of the point charges (taken as the partial charges assigned within the
force field) of the receptor. This is achieved by including the partial charges as
one-electron terms in the QM Hamiltonian, resulting in the additional term
(H&SS _\iw)- defined in - Equation (1.3).

M L
=SS Sy 0

The electron positions are given by r;, the point charges, as defined in the
force field, for the receptor are denoted g; and are located at R; and Qy are the
charges on the nuclei in the ligand located at R,. The indices i, j and k corre-
spond to the N electrons, the L point charges in the receptor and M nuclei in the
ligand, respectively.

The inclusion of the point charges from the receptor in the Hamiltonian
results in the polarization of the electronic structure of the ligand. If the charges
in receptor change their positions during a geometry optimization or a mole-
cular dynamics simulation, then the electronic structure is able to respond to
these positional changes realistically as the electrostatic coupling is treated at
the QM level of theory.

1.2.1.1 Extended Solvation

The long-range nature of the electrostatic interactions imbues them with a
special significance in QM/MM calculations. The long-range nature implies
that a significantly large proportion of the environment needs to be included in
a calculation in order to correctly reproduce the electrostatic effects on the
chemically interesting region of the system.”!'>!'® However, increasing the size
of the environment (receptor and solvent) carries two important pitfalls; (1) the
larger the number of degrees of freedom in a system, the greater the chance of
falling into localized, disconnected, minima; and (2) the larger the system, the
more computationally intensive the calculation becomes. During the initial
development of QM/MM methods this second factor was considered essentially
irrelevant as the calculation of the QM component was expected to be the rate-
limiting step. However, as modern QM methods have increased in both speed
and accuracy this is no longer necessarily true, particularly when semi-empirical
methods are employed for the QM calculation.

The concern of localized, disconnected minima is particularly troublesome in
SBDD where the goal is to determine the relative binding energy of different
ligands in the binding site and often the variation can be as little as several kcal/
mol across a series of competitive ligands. Given this small window of energy
differences, spurious variations in ranking that can occur from changes in the
environment (e.g. alterations in the H-bonding network of the solvent) or in
distant parts of the receptor (e.g. rotation of an amino acid on the protein
surface causing a stronger or weaker salt-bridge to be formed) are
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unacceptable. One approach that has been commonly employed to deal with
this problem has been to freeze atoms in the solvent and receptor that are
farther than a pre-determined distance (typically 10715/&) away from the
ligand atoms. This procedure reduces the number of degrees of freedom in the
QM/MM simulation and treats the ‘frozen’ part of the system as a fixed
external potential that interacts with the mobile inner ‘core’ of the system.
Despite the fixed nature of the outer region, this approach still requires the
computation of all interactions between the frozen atoms in the system in
addition to the interaction between every atom in the frozen region with every
atom within the inner core region. Thus, freezing the more distant components
of a system does not alleviate the second pitfall — i.e. the computational cost
associated with extended, solvated systems.

This problem of increasing system size has, of course, also plagued those in
the MM community where there has been significant effort in developing
accurate methods to treat long-range electrostatics. For large systems, where
periodic boundary conditions are employed, the use of the Ewald summation is
well established and has been employed in the MM community for some
time.!!”" " This approach has also been extended and implemented in a
number of packages for QM/MM simulations as well.”*'**!2! However, the
majority of QM/MM simulations are performed on finite (non-periodic) sys-
tems where the Ewald summation is no longer valid."'®!>2712* Therefore the use
of solvent boundary potentials'**'?° has become increasing prevalent.

The generalized solvent boundary potential'>® (GSBP) is of particular interest
and has already been implemented by a number of QM /MM developers.'3* 134
Within this approach the total system (Tot) is divided into three components —
the receptor, which has the same definition as stated previously and is treated at
the QM level of theory, an outer region, which includes parts of the receptor
and solvent that is within a defined distance from the receptor and is again
treated atomistically at the MM level of theory, and finally an extended outer
region for all atoms that are outwith the defined boundary. Within the GSBP
approach this extended outer region can include irregularly shaped parts of
the macromolecule as well as bulk solvent."**'3* The solvent molecules are
described by a continuous polarizable dielectric, whilst the irregular charge
distribution is described by a fixed set of point charges. This approach has been
implemented and tested for a number of biomolecular simulations and it is a
promising approach for the treatment of long-range electrostatic interactions in
QM/MM simulations, which can easily be extended to a range of QM/MM
applications, including the scoring refinement step in SBDD. '3!3

1.2.2 Subtractive QM/MM Methods

The IMOMM (integrated molecular orbital/molecular mechanics) method by
Morokuma and co-workers is the prototypical example of a subtractive
QM/MM method."*® The IMOMM method was subsequently extended by the
authors to allow for the combination of two QM methods in the IMOMO'3¢
and finally to the popular ONIOM (our n-layered integrated molecular orbital
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and molecular mechanics) method.'*”!*® However, the later ONIOM and
IMOMO methods are not, strictly speaking, QM /MM approaches given that the
lower level of theory is often a semi-empirical or ‘cheaper’ QM method such as
Hartree-Fock, rather than an MM method (a two-level ONIOM method, where
the lower level is an MM method, corresponds to the IMOMM approach, which
is most commonly used in SBDD studies).'** '*! The strength of the subtractive
QM/MM method is primarily in its ease of implementation. There is no explicit
coupling between the regions calculated at the QM and MM Ilevels of theory (the
Eom-mm(Lig,Rec) term in Equation 1.1). Rather, the coupling between the
ligand and its environment is handled at the lower (MM) level of theory.

EQM/MM (TOt) = EQM (ng) + EvMm (TO'[) — EvMm (ng) (14)

The subtractive scheme requires three separate calculations in order to
construct the total energy of the system. The first calculation is at the MM level
of theory on the entire system. The ligand is then calculated at the QM level of
theory and finally, independently, at the MM level of theory. By subtracting the
MM energy of the ligand the subtractive scheme removes all ‘internal’ MM
contributions of the ligand from the MM energy and thus results in an
MM energy that contains only the energy of the receptor and solvent and the
MM energy of the interaction between the ligand and its environment. Thus,
within the subtractive method the coupling of the ligand to the receptor is
simply contained within the initial MM calculation of the full system.

The simplicity of the subtractive method, unfortunately, does come at a cost.
As the coupling interaction between the ligand and its environment is handled
completely at the MM level of theory, each ligand needs to be well para-
meterized within the force field representation that is being used. While this is
possible for small databases of ligands that are being screened,'** '*! one of the
driving concepts behind QM/MM SBDD is the ability to accurately represent
the vast chemical space that ligand compounds occupy using QM methods.
Finding or developing adequate parameters for a full library of compounds can
be quite challenging and will generally be non-transferrable between different
systems or different force fields. The accuracy of the subtractive method is
therefore limited by the accuracy of the MM representation of the ligand.

This type of coupling, at the molecular mechanical level of theory, is often
referred to as mechanical embedding.'® The QM calculation of the ligand is
generally not performed in the presence of the point charges of the environment
and as such the QM density is not polarized by the environment. Alternative
subtractive schemes have recently been introduced that now allow electrostatic
embedding. 4> 143

1.3 Applications of QM /MM Methods
to Structure-based Drug Design

The overwhelming application of QM/MM methods within structure-based
drug design can be divided into two main groups. Firstly, there are several
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applications of QM/MM methods to gain a detailed understanding of the
binding site interactions that play a role in discriminating between closely related
ligands. In this type of application there is often only a small number of closely
related ligands, which nonetheless demonstrate a large degree of diversity in their
binding ability. From an empirical perspective the variation in activity of closely
related ligands is often difficult to explain and, as such, detailed investigations
into the binding modes of such ligands can shed further light onto the
mechanism by which the ligands are stabilized in the binding site and conse-
quently can aid in the further development of new lead compounds. The second
main application of QM/MM methods is in the scoring refinement of a set of
compounds based on an initial screen. The scoring refinement typically will make
use of semi-empirical methods and focus less on the details of the binding
mechanism, but rather uses the QM/MM method to gain an accurate repre-
sentation of the various ligands, relative to the initial force field based screening
protocol. In the following we consider two case studies that highlight the
important role of QM/MM methods in both of these application areas.

1.3.1 QM/MM Methods to Aid the Understanding
of Ligand—Receptor Interactions

The use of QM/MM methods to understand the various factors that help to
differentiate the binding ability of closely related ligands is exemplified by two
recent publications by Tuttle ez al.”*!°> The first of these demonstrates how
both the non-covalent interactions between the binding site and the effects of
strain energy on ligands, imposed by the binding site, affect the binding ability
of Latrunculin A and two of its analogues to G-actin.”® In the second study, the
role of dispersion in helping to stabilize ligands in the binding site was explored
through dispersion augmented (-D) QM-D/MM methods.'%?

1.3.1.1 Latrunculin Analogues Binding to Globular Actin

Latrunculins form 1:1 complexes with globular actin (G-actin), which interferes
with the ability of the protein to polymerize and form actin filaments. The use
of these compounds in chemical biology as probe molecules is widespread and
as such a ‘diverted synthesis’ campaign was carried out by Fiirstner et al.”%!#
in order to develop a library of closely related analogues that could shed light
onto the mechanism by which the compounds achieved their remarkable bio-
logical activity. As a result of this study, one compound (L32, Scheme 1.1) was
identified as having biological activity that was as good as, or even better, than
the naturally occurring latrunculins. The aim of the computational study was
therefore to elucidate the binding mode of Latrunculin A (LA, Scheme 1.1) and
two of its analogues — the naturally occurring compound Latrunculin B (LB,
Scheme 1.1) and the synthetic analogue L32 — to G-actin. Experimentally, the
binding strength was measured by the ability of the compound to inhibit the
biological response of actin towards fibroblasts. The experimental study
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Scheme 1.1 Naturally occurring compounds Latrunculin A (LA), Latrunculin B
(LB), and the synthetic analogue L32.

revealed that the synthetic analog (L32) was as effective an inhibitor as LA
(LA > L32>LB).*®

Methodological Approach. The ‘standard’ approach for preparing biological
systems for modern QM/MM studies was applied. Following the preparation
of the receptor and environment, the ligands were constructed and a con-
formational search was carried out in order to determine low-energy con-
formers of the relatively flexible ligands. The resulting low-energy conformers
were then docked into the receptor, the resulting complexes were then mini-
mized and finally optimized at the QM/MM level of theory.

Structure Preparation. The structure of actin with LA bound is available
from the protein data bank (PDB ID: 1ESV).'"*” There are several unresolved
residues in the protein structure, although as these residues are remote from
the binding site, the backbone was capped with neutral residues at these posi-
tions. The protonation state of the ionizable residues was checked with
proPKA!*® and repuck,'*!1% which was also used to determine the orientation
of the ambiguous residues (His, Asn, Gln). The crystal waters, three Ca®* ions
and ATP were retained; however, no additional hydration was performed.

A conformational search was performed for LA, LB and L32 using the PM3
Hamiltonian as implemented in Spartan.’>! The ten lowest energy conformers
of each molecule were selected and subsequently optimized within MNDO99'5?
using the MNDO/H Hamiltonian,'3*'>* which provides reasonable geometries
and relative energies for hydrogen bonded systems.'>*!'*> The reliability of the
semi-empirical structures was checked via re-optimization of the conformers at
the BLYP'®!57 level of theory with the def2-SVP basis set'>® available in
TurBoMoLE. ' 163

Docking. For each compound, the ten conformers (optimized with BLYP)
were then docked into the actin-binding site using AutoDock 3.0 (AD3).”°
The AD3 grid was constructed such that it encompassed and was centred on
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the binding site of LA (available from the original PDB). AD3 is not para-
meterized for substrates, such as ATP or Ca®", and as such these residues
are ignored during the docking procedure. As ten different conformational
variants of each ligand were tested, the ligand was kept rigid during the
docking process. The orientation resulting in the best binding energy for each
conformer was selected from each docking run for optimization.

Force Field Minimization. The complex with the best binding energy from
each docking simulation was pre-minimized in CHARMM.**!1¢+195 The stan-
dard CHARMM force field'® '*® used in this work does not contain para-
meters for the LA, LB or L32. However, given the preparative nature of the
force field minimization (i.e. optimization of the full complex would be per-
formed at the QM/MM level of theory), the parameters and topology of the
ligands were automatically generated using the commercial CHARMm force
field'® in the Accelrys suite of programs. The ligands were kept rigid and
the remainder of the system was then relaxed during a 10000-step ABNR
minimization.

QM/MM Optimization. The structures resulting from the force field mini-
mization were optimized at the hybrid quantum mechanical/molecular
mechanical (QM/MM) level of theory with the modular program package
CueMSHELL.'"*'""" The QM energy and gradients were provided by
MNDO099,">? with MNDO/H">*!** as the QM level of theory. Chemshell’s
internal force field driver, using the CHARMM parameter and topology
data,'®® 1% supplied the MM energy and gradients. No electrostatic cut-offs
were employed in the QM/MM calculations. Electrostatic embedding'® was
used to couple the QM and MM regions. The QM/MM geometry optimiza-
tions were performed with the HDLCOpt algorithm,'”? as implemented in
CHEMSHELL. Only the most stable orientation of the ligand in the binding
site, as judged by the complex with the lowest QM/MM energy after optimi-
zation was used in the analysis of the ligands’ binding ablities.

Hydrogen Bond Networks. The binding sites of the three ligands form the
QM/MM optimized structures (see Figure 1.2). The binding site of the LA
complex (see Figure 1.2a) revealed a H-bond network similar to that
observed in the PDB crystal structure that the complex was derived from.'’
This similarity both in the orientation and the H-bonding network between
the docked and optimized structure (see Figure 1.2a) and the crystal structure
indicates that the methods applied were able to accurately reproduce the cor-
rect binding mode. The complex exhibits strong H-bonds between the head
group and the surrounding residues, while the macrocycle has no obvious H-
bond pairing with the protein. In the head group the NH functionality forms
a strong H-bond to Aspl07 and the carbonyl forms a strong H-bond to
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Figure 1.2 H-bond network of (a) LA (b) LB and (c) L32 in the actin binding site
after the QM/MM optimization.

Thr136, while there exists only a weak interaction with Lys163. The O atom
of the 6-membered ring (O1) forms a strong H-bond with Tyr19.%®

Analysis of the H-bonding between analogues (LB and L.32) and the receptor
revealed some changes in the H-bonding network. In the case of LB, these
changes led to a slightly weaker H-bond network with the two strong and one
average H-bond in the LA complex being exchanged for one strong and two
average H-bonds in the LB complex (see Figure 1.2b). However, for the L32
ligand, although there is a shift in the binding pattern, the qualitative strength of
the H-bonds (two strong and one average) remains similar to the LA complex.
These minor changes in the hydrogen bonding network did offer some insight
into the relative binding ability and, consequently, the biological activity of the
three compounds (i.e. LA > L32>LB) although it was unlikely that such minor
changes in the binding enthalpy, associated with the redistribution in H-bonding,
could fully explain the observed effect on the overall binding ability.”®

Hydrophobic Contributions. The changes in the H-bond network of the
binding site offer a qualitative explanation for the observed differences in the
biological activity of the three ligands. However, the contribution from
the hydrophobic effect will aid in stabilizing the ligands in the binding site.
In Figure 1.3, the hydrophobicity of the binding pocket in the LA complex is
mapped onto a Connolly surface'’*!”* of the receptor. The hydrophobicity is
determined by the partial charges on the amino acid residues (assigned in the
CHARMM force field). The majority of the macrocycle prefers a hydrophobic
(non-polar) environment (green regions in Figure 1.4). This is achieved by a
small part of the macrocycle (lower left region in Figure 1.4), although the
majority of the system is solvent exposed (no surface) or surrounded by polar
(red) residues.
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Figure 1.3 Hydrophobicity mapped onto a Connolly surface of the receptor in the
LA complex.

Figure 1.4 The dispersive interactions (black dashed lines) stabilizing the hapten in
the binding site are described with the same accuracy as the ionic H-bonds
between GluHS50 and the hapten (pink dashed lines).
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The hydrophobic contribution to the stability of the complex could be esti-
mated using an empirical function based on the change in the solvent accessible
surface area (ASASA) in the bound and unbound states. The relationship
proposed by Spolar and Record:'"

AGhyq = —22(+ 5)ASASA (1.5)

results in a stabilizing free energy contribution of —20 +4.5 kcal/mol when the
LA complex is formed. For the smaller ligands LB and L32 the stabilizing effect
is slightly smaller (—19 £4.3 kcal/mol and —17+4.3 kcal/mol) as a greater
percentage of the ligand remains solvent exposed in the optimized structures.
The calculated values clearly indicate that the binding of the ligand is
favourable from a hydrophobic perspective; however, given that the error bars
for this empirical approach the criteria offers no clear distinction between the
three ligands.

Relative Binding Energies. The individual binding energy of the substrates
can in principle be calculated directly. However, binding potential energies
generally over-estimate the binding free energy of a ligand to the receptor,
which is measured experimentally, due to the neglect of the dynamic factors
that influence the binding ability of ligands. Nonetheless, given the structural
similarity of the three compounds it was reasonable to assume that entropic
and desolvation effects are approximately equivalent for the three ligands.
Therefore, the relative binding potential energies (AAEy;,q) may be reasonable.

The lowest energy structures of the complexes and the ligands optimized in
the gas phase (QM = MNDO/H) can be used to calculate binding energies. For
LA the binding potential energy is —72.1 kcal/mol. The relative stabilities of
the ligands and the complexes can be determined from the isodesmic reactions
defined in Scheme 1.1. The partners in the isodesmic reactions (pent-2-ene,
hept-2,4-ene, nona-2,6-dienoic acid and 3,8-dimethyl-2,6-dienoic acid) were
optimized in the gas phase at the MNDO/H level of theory. The isodesmic
reactions indicate that the LB complex is destabilized by 12.5 kcal/mol and the
L32 complex by 7.5 kcal/mol, relative to the LA complex. Applying the same
isodesmic reactions to the isolated ligands, we find that LB and L32 are
destabilized by 2.3 and 1.1 kcal/mol relative to LA in the gas phase.”®

The cycle depicted in Scheme 1.2 demonstrates that the relative binding
energy (AAEy;,q) of the ligands is the difference of their relative stability in the
enzyme (AE;,r) and in the gas phase (AE;,,; ). Using the values obtained from
the isodesmic reactions, the relative binding energies decrease in the order
LA > L32> LB (0 versus 6.4 versus 10.2 kcal/mol). In all cases the binding of
the ligand to the receptor causes a destabilization of the ligand due to the steric
constraints imposed by the binding site. The LA and L32 ligands are destabi-
lized by similar amounts (15.2 kcal/mol and 16.8 kcal/mol, respectively), but
much less so than the LB ligand (21.5 kcal/mol). A similar distortion results for
the receptor upon binding which is consistent with the ligand size, i.e. as the
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Scheme 1.2 (a) Thermodynamic cycle for calculating relative binding energies. (b) Iso-
desmic reactions for comparing the stability of LAR to LB and LB to L32.

ligand size decreases, the distortion of the receptor structure from the unbound
state decreases.”®

Through the QM/MM optimization of the ligand-receptor complexes this
study was able to determine that the distortion energies of the ligands, in
concert with the differences in the H-bond network, resulted in the large var-
iation in the biological activity for the ligands. The LA and L32 ligands both
have H-bond networks that are similar in strength, equally, the ligand distor-
tion of L32 and LA are similar. Thus, LA and L.32 have similar binding abilities
to the receptor. In contrast, the H-bond network is slightly weaker for LB and
the distortion of the ligand from its optimum geometry is larger in this case.

1.3.1.2 Dispersion Interactions in the Binding Site Described
by QMMM Methods

Dispersion interactions, such as m-stacking, play an important role in bio-
chemical structure and stability. As such there are often a number of n-stacking
partners in a binding site that a ligand is able to interact with in order to create
a stable complex. However, describing dispersion interactions using DFT or
semi-empirical methods is notoriously difficult and as such the quality of the
methods in describing such interactions within a QM/MM context has been
unclear. However, a recent study on the binding of a hapten to the 34E4
enzyme has illustrated the utility of dispersion-augmented QM methods in
obtaining an accurate description of the role of both dispersion and hydrogen
bonding interactions in receptor—ligand binding.

Dispersion-augmented QM methods (usually denoted by the suffix -D to the
QM method, e.g. OM3-D) contain an additional parameterized term, with the
familiar ¢ scaling.'”®'”” Despite the empirical nature of this term, several
studies at both the DFT and semi-empirical level have shown that with the
appropriate parameterization the inclusion of an empirical dispersion term
greatly increases the accuracy of these QM-based methods.”>10%:176-180

Within a QM/MM context, mechanistic studies of enzyme-catalysed reac-
tions'®! have revealed that including an empirical dispersion term with DFT-
based methods for modelling the QM region improves the accuracy of the
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calculated potential energy landscape. However, the use of dispersion-
augmented methods within a SBDD format is equally important if selected
residues of the biomolecule are also included in the QM region. If the receptor
is modelled completely at the MM level of theory, the dispersion interactions
between the ligand and receptor are handled at the MM level of theory, as
described in Section 1.2.1, and this is generally adequate. However, if selected
binding site residues are included into the QM region, or if the ligand will
potentially have competitive intramolecular dispersion interactions that affect
the orientation and conformation of the ligand in the binding site, then a dis-
persion-augmented QM method is required.

A recent study by Tuttle ez al. on the role of dispersion forces in the binding
site of the antibody 34E4 demonstrated the importance of dispersion forces in
stabilizing the binding site and binding the associated hapten (see Figure
1.4).'°% Using the OM3-D semi-empirical method in combination with the
CHARMM force field the authors equilibrated the hapten—-34E4 complex at
the QM/MM level of theory. The OM3-D dispersion terms were found to
contribute 26 kcal/mol to the binding of the hapten. The use of dispersion-
corrected QM methods is therefore necessary to obtain a consistent and
unbiased description of the non-covalent interactions that contribute to the
binding energy and consequently the ranking of relative ligands in their ability
to bind to a receptor.

1.3.2 QM/MM Methods in Scoring Refinement

QM/MM methods are currently being used in rescoring (scoring refinement)
protocols within the SBDD strategy. One of the most important and out-
standing applications of these methods is to the field of metalloprotein recep-
tors. 51399182 The necessity of using a QM/MM method in the scoring of
ligands that bind to metalloproteins systems is the requirement of obtaining a
realistic representation of the charge transfer that occurs when ligands bind to
the metal centre in the protein. Moreover, a recent study has also highlighted
the deficiency of standard force fields when metal ions are incorporated into the
binding site, which can lead to the necessity of including proximal residues from
the protein into the QM region as well.'?

Proteins that contain metal ions, and as such a large charge, in the binding
site can result in the polarization of proximal residues that alters significantly
their charge distribution away from the generic charge distribution that is
parameterized in the force field description of the amino acids. However, rather
than recalculating the charges for these specific amino acids and fixing them at
new potentials in the unbound state, the QM/MM methodology allows for an
‘on-the-fly” recalculation of the charge distribution simply through the inclu-
sion of these susceptible amino acids into the QM region as well. Clearly, the
difficulty with increasing the size of the QM region lies in the additional
computational cost associated with this expansion. However, with efficient and
accurate semi-empirical QM methods this computational cost is not necessarily
prohibitive on modern computing architectures.
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In the study by Cho and Rinaldo, they used an ‘extended QM /MM rescoring
method’ that uses single point QM/MM calculations on structures obtained
from the docking program Glide to recalculate the charge distribution in both
the ligand atoms, the metal ion and the atoms in surrounding protein amino
acids.'® The recalculated charges from the QM/MM calculation are then fed
back into the docking program, creating a modified force field, which is used to
re-dock the ligands into the receptor-binding site. This iterative process can
conceivably be continued until the fluctuations between charges, in successive
docking runs, have converged. In the study by Cho and Rinaldo, their method
was tested on a set of eight matrix metalloproteinases, which had associated
ligands with known binding orientations and energies.'® In seven of the eight
cases the correct binding mode was identified with excellent agreement between
the calculated and experimental binding orientation. Moreover, the predicted
binding energy was also significantly improved, relative to the binding energy
predicted with the standard Glide force field. Thus, although this approach
does not directly use the QM/MM potential energy in the scoring function, the
use of QM/MM methods to refine the docking force field in a self-consistent
manner is a further example of the utility of QM/MM methods in SBDD.

A more direct application to the use of QM/MM methods in refining the
scoring of ligand binding to a receptor is exemplified by the Balaz et al. where
28 hydroxamate inhibitors were bound to the zinc-dependent matrix metallo-
proteinase-9 (MM?9).” In this study the authors used a four-step process to
obtain a refined scoring for the ligands to the MM9 receptor, as follows.

1. This involved an initial docking of the ligand to the receptor using a
standard docking force field (FlexX) with the best poses from this study
chosen based on (i) a structural criterion such that the oxygen atoms in
the ligands were aligned with the catalytic zinc atom; and (ii) if (i) was
satisfied for multiple poses the best FlexX ranking was then employed.

2. After the docked poses for each of the ligands was obtained the structures
were then optimized at the QM/MM level of theory in order to obtain
an accurate description of the interaction of the ligand with the metal
atom. The QM region for each system involved the ligand, the
metal atom, three histidine residues that were covalently linked to the
zinc ion and a proximal glutamate that was expected to closely interact
with the ligand. The atoms involved in the QM region were used in this
study (see Figure 1.5).

3. After the initial QM optimization, the bonds and angles between the zinc
ion and the ligand were constrained and a MM MD simulation was
carried out on the complex in order to allow the binding site of the
complex to relax and to obtain an ensemble of structures that was con-
sistent with the bound state of the system.

4. Finally, structures at 100 fs intervals along the 5 ps MD simulation
trajectory were extracted and single point QM/MM calculations were
carried out on these structures in order to obtain QM/MM binding
energy for the time-averaged structures.
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Figure 1.5 QM region included employed in the QM/MM study of 28 hydroxamate
inhibitors binding to matrix metalloproteinase-9.”” Zinc atom (grey)
displayed using the VDW radius, while all other residues are displayed in
licorice style.

The inclusion of the MD simulation and QM/MM energy on the time-
averaged structures (steps 3 and 4) resulted in a significant improvement in the
correlation between the experimental and predicted binding energies. In com-
parison with the predicted binding from the FlexX simulation, the correlation
coefficient is increased from 0.044 (for FlexX) to 0.900 when the QM/MM
method described above was used.”” It should be noted that this excellent
correlation was only possible after the use of a ASASA (change in solvent
accessible surface area) term in order to include an estimation of desolvation
effects. Nonetheless, with this term taken into account, there is still a marked
improvement in the accuracy of the correlation when changing from the single
optimized QM/MM energy (i.e. obtained after step 2) with a ASASA term
included, to the energy of the time-averaged structures (i.e. after step 4).”” This
result clearly indicates the importance of including both the effect of sampling
and obtaining accurate energies for the ensemble of structures in order to
discriminate between the binding abilities of structurally similar ligands.

1.4 Summary

The use of QM/MM methods within a drug discovery context is still within its
infancy. To date the majority of applications focus on providing a more refined,
detailed understanding of specific interactions within the binding site. There
exist a few text cases in the literature which exemplify the use of QM/MM
methods as part of a screening protocol; however, the application of this
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approach to screening libraries of compounds is still a development area and
has not yet been taken up significantly by the drug-discovery community.

While QM/MM methods often provide an improved description of
ligand—receptor binding this description is often not sufficient to independently
provide the correct ranking of ligands in terms of their binding energies. As was
observed in the case of the matrix metalloproteinase study,” assessing the
hydrophobic (entropic) contribution to the binding ability of a ligand to a
receptor is often of equal or even greater importance than the stability gained
through individual intermolecular interactions between the ligand and the
binding site residues in determining the relative binding ability of ligands. Thus
while an improved understanding and description of the intermolecular inter-
actions in the binding site is important, the current inability of QM/MM
methods to accurately account for the hydrophobic effect still minimizes their
impact in the field.

The area where QM/MM methods have made the most significant impact
and appear likely to continue to do so, is in the biding of ligands to metallo-
proteins and other receptors with highly charged binding sites. The role of
quantum effects in these systems (particularly effects such as charge transfer
and polarization) for stabilizing the ligand binding are of such importance that
the standard empirical force field approaches, which are incapable of describing
these effects, are completely inadequate in. In these cases, QM /MM methods
offer a significant advantage and as these methods develop further to allow
more rapid and diverse screening protocols, their application to metalloprotein
receptors will remain a priority.
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CHAPTER 2

Transition Metal Systems
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2.1 Introduction

Transition metals (TMs) are ubiquitous in natural systems and mediate a
plethora of catalytic, redox and structural processes. The most common
‘naturally occurring’ elements are iron, copper, zinc, nickel, cobalt and
molybdenum — all of which are essential to life but present in only trace amounts.
Nevertheless, the concentrations of metal ions must be very carefully controlled
since excess, or deficiency, can lead to serious illness. Living organisms have thus
developed sophisticated mechanisms for sequestering, storing and utilising TMs.

Despite the importance of these ‘inorganic’ elements in biochemical
processes, TMs do not yet figure heavily as therapeutic agents. TM compounds
are generally considered to be, and often are, highly toxic. Nevertheless, a
variety of TMs find use in therapeutic or diagnostic compounds, a selection
of which is shown in Figure 2.1. For example, there are the platinum and
ruthenium anti-cancer drugs, gold compounds for treating rheumatoid arthri-
tis, and copper and *™Tc imaging agents. The platinum complexes such as
cisplatin, carboplatin and oxaliplatin are the most successful TM-based
anti-cancer therapeutics and, in their own right, are major tools in cancer
chemotherapy, while there are of the order 25 million nuclear medicine
procedures per annum worldwide based on technetium derived from *’Mo.
Thus, not only is there is a precedent for using compounds containing metal
centres in medicine but given the richness and diversity of TM chemistry, a
bright future is predicted.’
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Figure 2.1 Some illustrative examples of TM-based systems of actual or potential
therapeutic or clinical benefit. Parts (a)-(d) and (f) show potential or
actual anti-cancer drugs; part (¢) shows an antiarthritic; and parts (g) and
(h) show diagnostic imaging agents.

While drug molecules are critically important, so too are their targets and
here again, we find relatively few examples of pharmaceuticals aimed at binding
to a TM-containing active site in a protein. This seems curious given that about
one third of all proteins are believed to have an absolute requirement for metal
ions. Perhaps the best known systems with a TM-containing active site are the
zinc centres of matrix metalloproteinases (MMPs) and the iron-heme centres in
the many forms of cytochrome P450. P450 is a constituent of the immune
system and is often responsible for metabolising drug molecules before they can
exert their desired activity, so developing molecules that can temporarily sup-
press P450 activity is of some interest. As described below, there has also been
some work on binding drugs to the active site of methionine aminopeptidase
(MetAP), although there is a long history surrounding the identification of both
the identity and number of metal centres in the physiologically relevant form.

Another factor which, in the author’s opinion, also limits the role of TM
systems in pharmaceuticals is that medicinal chemistry is largely, and quite
rightly, mostly about synthetic organic chemistry. TM species often provide
excellent catalysts for building novel organic molecules for instance but, at the
end of the day, the metal must be purged due to toxicity issues. The situation is
even worse for the computational chemist working in drug discovery. The tools
available to deal theoretically with TM systems are either not available or too
computationally expensive to be practical. The advent of Density Functional
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Theory (DFT) has gone a long way towards alleviating some of the problems
but it will be some time yet before we can afford, for example, to use DFT to
carry out a virtual high throughput screen (VHTC) on the million or more
compounds found in a typical virtual library, irrespective of whether or not that
library holds of any molecules containing a TM centre.

However, the increasing interest in metallodrugs and the continuously
growing numbers of metalloenzymes, must inevitably increase the pressure to
develop computational methods capable of delivering results which can feed
into the discovery process. In this chapter, I will attempt to survey briefly the
kinds of metal-containing systems which have been or are currently of some
pharmaceutical significance, highlight the properties which challenge the
computational chemist and suggest some solutions.

2.2 Methods for Modelling Transition Metal Centres

A wide range of TM centres is encountered in biological and medicinal
chemistry. ‘Naturally occurring’ TMs include Fe, Cu, V, Ni, Mo, W, Co, Mn
and Zn, to which one can add artificial therapeutic and diagnostic agents
involving some of the centres already mentioned above plus Ti, Pt, Au, Ru, Os,
Rh, Re and Tc. This large set of metals also displays a diversity of structure and
bonding ranging from the relatively ionic classical Werner-type coordination
complexes such as cis-[PtCl,(NH3),] (cisplatin, see Figure 2.1a) through to the
relatively covalent organometallic species such as the ruthenium and osmium
arene complexes (see Figure 2.1f).

Transition metal species possess a number of key chemical differences
compared to carbon compounds, and these differences directly influence our
ability to model them theoretically. The main potential source of complexity is
the presence of an open d shell since the d electrons can exert strong structural
effects. For example, certain combinations of d configuration and spin state are
associated with specific geometries. Thus, low-spin d® species like Pt" and Au™
are square planar while low-spin d® complexes of Pt'Y and Ru"" are octahedral.
In these cases, the d electrons are ‘non-innocent’ and play an important
structural role. The ‘stereochemical activity’ of d electrons is widespread but
can also be a relatively subtle phenomenon. The trans influence in planar
species is a case in point.” The strength of a given M-L bond varies as a function
of the ligand opposite and, in Pt'" complexes for example, can lead to bond
length changes of several tenths of an Angstrom.

A more pronounced stereochemical activity is the Jahn—Teller effect com-
monly seen for d° Cu" complexes but also manifest in the high-spin d* Mn'"
centres implicated in the oxygen evolving centre of photosystem II. Six-
coordinate Cu'' complexes are not octahedral. Instead, they generally display a
tetragonally elongated geometry although, occasionally, the design of a ligand
may favour a tetragonal compression. In either case, the difference between
equatorial and axial bond distances can be quite pronounced — of the order of
several tenths of an Angstrom.
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Metal-ligand bonds also display a phenomenal range of lability. The water
exchange rates for simple metal cations in aqueous solution span over 16 orders
of magnitude. The dominant chemistry is substitution. The fundamental nature
of the dative covalent M—L bond supports heterolytic dissociation since the
ligand itself is capable of existing independently. This contrasts strongly
with carbon chemistry where breaking a bond to a carbon centre generates
extremely reactive species.

The dynamic nature of TM chemistry also often leads to complex behaviour
with respect to the coordination number and the ability to support six or seven
bonds, even temporarily, exacerbates the problem.

Another important feature of TM chemistry is the ease with which the spin
state may change. In several heme systems, for example, the spin state does not
remain constant over the course of a multi-step reaction. The switch from one
spin state to another and back can have a profound effect on the products of the
reaction and has obvious connotations for theoretical modelling.

Given the preceding comments, computational chemists naturally turn to
quantum chemistry in order to model TM systems. It is certainly the case that
the advent of Density Functional Theory (DFT) has completely revolutionised
our ability to carry out good quality calculations on reasonably large molecular
systems containing one or more metal centres. Indeed, quantum chemistry has
made and continues to make many important contributions in bioinorganic
chemistry with the contribution of Siegbahn and co-workers being especially
noteworthy.?

2.2.1 Density Functional Theory

DFT is founded in the theorems of Hohenberg and Kohn, who demonstrated a
unique relationship between the electron density, p, and the total energy of the
ground state, Ey:

Eo = Elp) 2.1)

This deceptively simple equation implies that if p is known, then all the
complicated quantum mechanical exchange and correlation contributions to £
are known. The latter — i.e. correlation — is a particular problem for wave
function methods like Hartree—Fock (HF) theory which only provides an
averaged correlation energy. Of course, it is possible to recover the missing
correlation energy via post-HF methods but these methods do not scale well
and rapidly become prohibitively expensive. In contrast, DFT promises a much
cheaper but still accurate alternative.

However, the reality is not perfect. Most practical implementations of DFT
are based on the Kohn—Sham (KS) formulation that expresses the density in
terms of one-electron functions — orbitals. The ‘trick’ of KS-DFT is to compute
the exact kinetic energy of a set of hypothetical non-interacting electrons, which
has the same density as the true p, and fold away the difference between this
model kinetic energy and the true kinetic energy into the exchange-correlation
term, Exc. Unfortunately, while an inspired and elegant solution to the
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problem of a practical formulation of DFT, the exact form of Exc is unknown
in general so while DFT is exact in principle, in practice we need to formulate
approximate functionals to describe the exchange and correlation energies.

However, an exact solution of the KS-DFT equations exists for the special
case of the uniform electron gas. In this case, exchange and correlation can be
separated and the value of each at a given point in space depends only on the
local value of the density at that point. This construct is therefore referred to as
the local density approximation (LDA). The LDA exchange energy EXP4, for
example, depends simply on the 4/3 root of p:

373\
LDA _ 4/3
Eyt = 5 <47r> /p(r) dr (2.2)

The expression for the correlation energy is more complex and is replaced by
an interpolation scheme developed by Vosko, Wilk and Nusair (VWN) who
computed correlation energies numerically for a range of p values.

The LDA is simple, relatively efficient and remarkably accurate for mole-
cular systems where the density is far from uniform. However, the LDA typi-
cally overbinds. In response, corrections that depend on the gradient of p were
added to the base LDA that engendered a whole slew of new Generalised
Gradient Approximation (GGA) functionals. The problem here is that sys-
tematic mathematical improvement of functionals is extremely challenging.
Thus, many have resorted to a healthy dose of empiricism in an attempt to ‘fit’
functionals to experimental and/or numerical data. Becke, for example,
developed a gradient corrected exchange functional based on reproducing the
exact exchange energies of noble gas atoms.*

The Becke exchange energy E% is given by:

2

EB — pLDA _ / 4/3 Xo &r 23
ro ﬁzg: Pe (14 6px, sinh " x,) (23)

where o refers to the spin (either up or down), f is an empirically determined
constant (0.0042a.u.), and x, is a dimensionless ratio which depends on the
gradient of the spin density, Vp,, viz.:

_ Vol
V)
Po/

(2.4)

Becke’s continuing quest for yet better functionals soon led him to develop
what has become the most popular form of DFT — the so-called hybrid
functional. Becke reasoned that the shortcomings of LDA exchange could be
corrected by mixing local density exchange with ‘exact’” HF exchange. By
empirically adjusting the amount of LDA exchange, his carlier gradient cor-
rected exchange, EZ, and HF exchange plus adding LDA and gradient
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corrected correlation, a generally superior functional could be developed.””’
Although Becke used a different correlation functional, the general notion was
adopted by the developers of the Gaussian program system who, as described
by Stephens et al.,® implemented the B3LYP hybrid functional with the fol-
lowing form:

ESEYP = (1 — a)EXPY + aEHF + PAES + (1 — ¢)EEPY 4 cEEY? (2.5)

where a, b and ¢ are empirical constants.

The B3LYP functional has proven to be extremely versatile and is widely
employed to calculate a range of properties of TM systems. However, there are
some potential limitations. For example, B3LYP does not provide a correct
description of dispersion forces and can sometime give large errors for spin
state energy differences.

The lack of dispersion is a common theme in quantum chemistry since it is
absent from both HF theory and most DFT functionals but it has often been
seen as of secondary importance in TM chemistry where the focus is usually on
the making and breaking of metal-ligand bonds. However, if one wishes to
model the interaction of a TM compound with some biological target, for
example, dispersive interactions may be important.

On the one hand, we could use a more sophisticated wave function method
such as MP2 but at some cost in terms of additional computational resource.
Moreover, MP2 tends to over bind stacked aromatic systems. Alternatively, we
can simply add an empirical dispersion correction to an existing (gradient
corrected) DFT functional to generate, for example, BLYP-D. Dispersion
forces are treated by an inter-atomic potential of the form C¢R ¢ which is both
strongly damped and scaled.” The latter smooths out any dependence on the
choice of functional.

The issue of using DFT to compute relative spin state energies is more
problematic, which is particularly pronounced in TM chemistry where variable
spin states are common. Of course, if the reaction of interest takes place on a
single spin surface, the problem may go unnoticed. However, increasingly we
are finding TM-mediated reactions in which more than one spin state plays a
role. Reactions at the Fe centre in cytochrome P450 often involve a two-state
pathway employing two different spin surfaces.'® Calculations which assume a
single spin surface are unable to explain the experimental data satisfactorily.

In such cases it is clearly desirable that the chosen computational method not
only predicts the correct ground spin state but also the energy of the excited
spin state. Here, the performance of various functionals is patchier. ‘Standard’
B3LYP with 20% HF exchange does not perform well for first-row TM species.
However, Salomon et al.'' find a linear relationship between the amount
of exact (i.e. HF) exchange and the high-spin/low-spin energy difference for
a series of Fe-sulfur complexes prompting them to propose the B3LYP*
functional with only 15% HF exchange as a reasonable choice for first-row
complexes. Conversely, Sorkin ez al.'? report that ‘standard’ B3LYP performs
the best out of a set of GGA and hybrid functionals for Fe,, Fe, and FeO™.
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A recent study by Ye and Neese'® concludes that still more complex, so-called,
double-hybrid functionals are necessary just for qualitatively correct results
although, in the author’s opinion, this is something of an exaggeration in that
most functionals give the correct ranking of complexes as a function of spin
state and simply differ as to the position where the spin state changes.'*

In summary, modern DFT is an extremely useful tool for modelling TM
systems. However, any quantum chemical method, even DFT, is relatively
compute-intensive and thus the type of drug discovery problem that is amen-
able to a quantum treatment is limited. Comprehensive conformational
searching and VHTS, which may require many millions of individual calcula-
tions, are challenging for QC and faster methods are generally required.

Semi-empirical molecular orbital theory offers a possible alternative. It is
certainly significantly more efficient than, say, ‘full’ DFT but developing sui-
table parameters for TM centres is very challenging and the resulting accuracy
can be a little variable.'

2.2.2 Molecular Mechanics

From an efficiency perspective, the ‘method of choice’ is empirical molecular
mechanics (MM). MM offers the necessary speed to enable millions of com-
putations to be completed in a reasonable time frame. However, the simple
potential energy expressions employed in ‘conventional’ MM are not well
suited to TM chemistry. One of the easiest issues to appreciate, and thus solve,
is the unique labelling problem.'®

A simple force field equation is given in Equation 2.6:

Eio = Zk[/ rj—ro) 2+Z ki (O — 00,ij‘k)2+2 kit [1 + cos (nyrit — dyjny)]

i,k ikl

pr, Z<d12 d6>

i<j i<j y

(2.6)

where the k are appropriate force constants, r are bond lengths, 6 are bond
angles, T are torsion angles, n is the torsional periodicity parameter, ¢ is the
torsion offset, p are partial atomic charge, ¢ is the dielectric constant, 4 and B
are Lennard-Jones vdW parameters and the summations run over bonded atom
pairs (ij), angle triples (ijk) and torsional quadruples (ijk/). The non-bonded
terms are summed over the distances, d;;, between unique atom pairs excluding
bonded pairs and the atoms at either end of an angle triple. For the atoms at the
ends of a torsion quadruple, the non-bonded term may be omitted or scaled.
The 0 subscript of r or 0 refers to ‘reference’ values for each bond or angle.
Such an expression can only specify a single reference angle for a given
A-B-C angle triple. As shown (see Figure 2.2), this presents no difficulty in



34 Chapter 2

A
Ta | .. Dsp, Deoh
\ A PN
C K A c LY
AP . A—C—A
IO )

ZACA =109.5° ZACA=120° LACA=180°

A A

Al VA A

el A_“i'\r \A ’
A

Oh A D3h
ZAMA = 90° ZAMA = 90°
~Z/AMA = 180° ZAMA = 120°
ZAMA = 180°

Figure 2.2 Valence angles at central atom for various regular geometries.

carbon chemistry but cannot work in TM chemistry where, for example, an
octahedral complex requires two ‘reference’ A—-M—A bond angles, 90° and 180°.

Various solutions to this problem have been proposed ranging from repla-
cing the harmonic expressions for angle bending with a Fourier expansion
which has multiple minima'® at the desired reference values, to using a simple
ligand-ligand, points-on-a-sphere (POS) repulsion term such that the angular
geometry around the TM centre is determined without needing to specify
explicit A-M—A angle bending terms."”

Given a suitable angle bend potential, the most commonly encountered
coordination geometries — tetrahedron, square plane and octahedron — can be
handled by ‘conventional’ MM. Hence, those metal centres (and their attendant
oxidation states) that favour these geometries are amenable to a classical
treatment.

Table 2.1 lists some examples of metal ions which are often associated with
particular coordination geometries. The preference for a particular geometry is
generally a function of the d electron ligand field stabilisation energy (LFSE).
In octahedral symmetry, d°, low-spin d® and high-spin d® are associated with
large LFSEs while the planar geometry associated with low-spin d® config-
urations can be rationalised in terms of the LFSE.'®

In contrast, those configurations associated with small or zero LFSEs usually
give the regular ‘Platonic’ structure associated with their coordination number —a
tetrahedron for tetra-coordination, a trigonal bipyramid for penta-coordination
and an octahedron for hexa-coordination. Hence, quite a bit of TM coordination
chemistry of biological and pharmaceutical relevance can be treated, at least in
principle, by MM.

There are three major obstacles.

1. Just because a metal centre can be treated by MM does not mean suitable
force field parameters are actually available.
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Table 2.1 Combinations of d configuration and spin state that are strongly
associated with particular coordination geometries.

Spin state and d configuration ~Geometry M"" examples

HS d&’ Octahedral crt, v

LS d° Octahedron Co’t, Ru?t, Pttt

HS d® Octahedron Ni2*e

LS d® Planar Ni*", Pd**, Pt*", Au’"

d', d>, HS d°, d"° No strong preference” Fe**(d%), Mn?*(d%), Zn>*(d'%)

“with relatively weak field ligands;
bstructure generally the Platonic structure corresponding to the coordination number.

2. Due to the nature of M-L bonding, the coordination number may be
ambiguous so it is difficult to know precisely what to model. This applies
particularly to metal centres which have no strong electronic preference
for a particular geometry, notably Zn>".

3. Certain combinations of d configuration and spin state do not yield
regular geometries. Perhaps the most important example is d° Cu®”"
which is strongly influenced by Jahn—Teller distortions which can cause a
significant problem for conventional MM.

Obstacle 1 is probably a reflection of the perceived need. If more workers
needed to be able to deal with more metal centres, then presumably more
parameters would have been developed.

Obstacle 2 is simply a challenging problem. It is difficult enough to estimate
the binding affinity of a drug for an active site when only non-covalent inter-
actions need to be taken into account. If, in addition, the binding event leads to
the rupture of one or more M-L bonds, the level of complexity increases
considerably. Does the ligand displace a coordinated solvent water or a protein
side chain residue? If the ligand binds via a carboxylate group, for example, is
the latter mono- or bidentate; symmetric or asymmetric; bridging or bound to a
single metal centre? If the ligand has multiple potential donor sites, which
one(s) does it use?

Obstacle 3 is about the electronic effects arising from open-shell d config-
urations, a topic which has occupied my group for nearly two decades.

2.2.3 Ligand Field Effects in Molecular Mechanics

The energies of the d electrons can exert a significant effect on the structure and
energy of TM complexes. Figure 2.3 displays the experimental hydration
enthalpies (AHyyq) for the first transition series ions Ca** through Zn>* which
illustrates the typical ‘double hump’ variation. The difference between the
observed AH},q and the estimated values based on simply interpolating between
the points corresponding to d°, d* and d'° configurations correlates very well with
the LFSE which can, in turn, be computed from the d-orbital splitting diagram
(see Figure 2.4) using values of A, derived from spectroscopy.
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Figure 2.4 Octahedral d-orbital splitting diagram from which the one-electron con-
tribution to the LFSE can be computed.

Hence, superimposed on the general trend of progressively more negative
values of AH}, 4 on crossing the series from left to right are fluctuations due to d
electron effects. The interpolated values (see Figure 2.3, open circles) represent
zero LFSE — hence the intersection of experimental and interpolated points at
d®, high-spin d° and d'° configurations.

The LFSE also influences the structure. In some cases — e.g. d° — the
symmetry is unaffected and the LFSE simply shortens the M—L bond distance
over that which would arise if the LFSE were zero. In other cases, the LFSE
leads to a pronounced change in symmetry. The best-known example of this is
the Jahn-Teller tetragonal elongation of six-coordinate d” Cu'' complexes.

As illustrated in Figure 2.5, the asymmetric occupation of the e, orbitals d..
and d,. ,» leads to a net electronic stabilisation as the axial bonds are length-
ened while the equatorial bonds shorten. This motion is resisted by the vibra-
tional potential which, for an MLy system, is a minimum for octahedral
symmetry. The final tetragonally distorted geometry obtains when these two
competing forces are in equilibrium.
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Figure 2.5 Schematic energy level diagram illustrating the Jahn—Teller stabilisation
energy accompanying a tetragonal elongation of an octahedral Cu'
complex.

If we wish to provide a general computational scheme for modelling TM
systems, these d electron effects must be taken into account.’® Conventional
MM attempts to do this implicitly. This is not too much of a problem for ‘well-
behaved’ geometries alluded to above such as tetrahedral, square planar and
octahedral. In these cases, the d electron effects mainly influence the M—L
distance and can thus be subsumed within a conventional bond stretch term.
However, the difference between equatorial and axial bond lengths in a Jahn—
Teller distorted system can be large (commonly 0.3 to 0.5 A) plus, to first order,
any of the three octahedral axes can be the axis of elongation. The problem
with conventional MM is that separate bond stretch terms are required for
short and long bonds and hence the user must make a choice that may be
neither obvious nor desirable.

Alternatively, and the path we have followed, d electron effects can be
explicitly added to MM. Since the simplest way to calculate d orbital energies
is via ligand field theory (LFT), we have added LF energies and gradients to
conventional MM to generate ligand field molecular mechanics (LFMM).?!

The ligand field contribution is confined to the metal and its immediately
bonded neighbours (Figure 2.6). We take the original ‘organic’ force field which
handles the ligand region and add to it M—L bond stretch terms (we employ a
Morse function better to accommodate the large changes observed for Jahn—
Teller distortions), M—L—-A angle bend terms, M-L-A-B torsion terms, a
purely repulsive L-L term to help determine the angular geometry around the
metal, and an explicit LFSE term. L-M—L—A torsion potentials are disabled to
avoid problems when the L-M-L angle is 180°.

Since MM is intrinsically bond centred, the most convenient way to express
the LFSE is based on the angular overlap model of Schaeffer and Jorgensen.*
The total ligand field potential, V7, is assumed to be the sum of contributions
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Figure 2.6 Schematic representation of division into coordination and ligand regions
and force field terms which span the two.

from the M—L bonds each modelled by AOM parameters describing separate o
and w interactions as illustrated (Figure 2.7).

This construction provides a more physically realistic description of the
M-L bond.

However, if the LFSE is based solely on the d orbital energies, it will always
favour low-spin configurations. In reality, low-spin states have higher d—d inter
electron repulsion energies so the observed spin state is a balance. To model
this, we add a bond-length-dependent penalty energy to the low-spin LFSE of
the form shown in Equation (2.7). This is also the functional form used to
represent the AOM parameters e, e,y, €, and e, although, in the interests of
simplicity, we seldom use more than a single ¢/ value for a given parameter.

i
e; =ay +air+dr +dlr 3 ™t + b+ alr (2.7)

The advantage of LFMM is that it is sufficiently sophisticated to mimic far
more expensive quantum chemical methods. For example, we get an automatic,
unbiased description of Jahn-Teller effects in Cu'' complexes,>** a good
treatment of the subtle rrans influence in planar, low-spin d® Pt"' complexes®
and can even design a single set of LFMM FF parameters capable of repro-
ducing the structures and relative energies of both high-spin and low-spin d°
Fe'' amine complexes.>> Moreover, since the LFSE calculation is parametric,
the computational overhead for LFMM is small which facilitates, for example,
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Figure 2.7 Definition of AOM e parameters in terms of local M-L bonding. The &
interaction is always destabilising (e,>0) while © bonding in the two
mutually perpendicular directions to the M-L vector (the local z axis) is
shown for a © donor (e, >0).

the relatively long (i.e. 16 ns) molecular dynamics simulation of the dicopper
metalloprotein tyrosinase.

Another advantage of LFMM is that the fundamental nature of metal-
ligand bonding is the same in small molecule coordination complexes and for
metals bound to proteins. Thus, LFMM parameters designed for metal com-
plexes, where experimental crystallographic data are very accurate and high
level quantum calculations are feasible, work equally well for metalloproteins
such as the highly distorted centre in Type I copper proteins where crystal-
lographic uncertainties are relatively large and high level quantum calculations
are not feasible.?’

2.3 Scenarios

Having discussed some of the issues surrounding modelling TM species and
how these issues might be tackled theoretically, the remainder of this chapter
considers a selection of case studies aimed at illustrating the present state of
play. These can be divided into two groups. Group 1 comprises investigations
where the biological target is implicit. Typically, these are quantitative
structure—activity relationships (QSARs) where some known property (or
properties) of a set of individual molecules is processed in order to be able to
predict the corresponding data for new systems and correlate this with any
biological activity. Group 2 comprises investigations where the biological target
is explicit. These include docking studies of drug molecules to protein active
sites through to mechanistic studies of catalytic reaction pathways.

However, before we get to the modelling studies, it is worth highlighting the
critical role played by protein crystallography as well as noting some potential
problems. Most bioinorganic quantum chemical studies begin with the struc-
ture and new structures are often accompanied by a flurry of computational
studies. Docking calculations presuppose you know the structure of the active
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Figure 2.8 Detail from X-ray structure of anthranilic acid sulfonamide (green carbon
atoms) bound to the methionine aminopeptidase active site (PDB code:
1YW?7). The two Mn centres are shown as magenta spheres.

site. However, single-crystal X-ray diffraction studies of metal-containing
proteins are potentially fraught. Firstly, compared to ‘small molecule’ diffrac-
tion studies, the resolution of protein crystallography is relatively poor and care
must be exercised when interpreting, for example, the metal-ligand distances.
Proteins are essentially just giant ligands — exquisitely varied and beautiful — but
the basic nature of the coordinate bond remains the same. One should always
refer back to the Cambridge Structural Database if one wishes to establish
‘standard’” metal-ligand bond lengths. Photoreduction is also a common issue
that might not always be recognised so we must take care that the oxidation state
is what we think it is. And we need to be aware of the crystallisation conditions.
Consider, for example, methionine aminopeptidase (MetAP).

MetAP removes the N-terminal initiator methionine of nascent proteins
that makes MetAP a potential target for cancer therapy. Accordingly, Shep-
pard et al.*® set about optimising a series of anthranilic acid sulfonamides
guided by X-ray structural studies of substrates bound at the dimanganese
active site (see Figure 2.8). However, in the same year, Ye et al.*® claimed full
kinetic competence for a monometallated active site and obtained the structure,
with only the M1 site occupied, by limiting the amount of metal available
during crystal growth (see Figure 2.9). Care must therefore be exercised to
ensure that the structure derived from X-ray crystallography continues to refer
to a catalytically and/or chemically competent form.

2.3.1 Predicting log P for Pt Complexes

The platinum anti-cancer drugs are probably the most successful ‘inorganic’
drugs in clinical use today. The ‘parent” compound, cis-diamminodi-
chloroplatinum(ir), was discovered accidentally over 40 years ago and received
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Figure 2.9 Active site detail of MetAP (PDB code 2GTX) with bound norleucinepho-
sphonate (space filling). The single Mn centre is shown as the magenta sphere.

Federal Drug Administration approval about a decade later at the end of 1978.
In common with most pharmaceuticals, its discovery engendered a frenzied
search for new variations with improved activity and/or reduced side effects.
Thousands of platinum complexes were synthesised and tested but only a few
have survived the rigours of the approval process. Clearly, discovering and
developing new pharmaceuticals is an incredibly difficult and complex business.
The correct balance of absorption, distribution, metabolism, excretion and
toxicity (ADME/tox) must be achieved. Lipophilicity is an important factor in
ADME/toxicity since it relates to absorption, membrane transport, drug—
receptor interactions and toxicity, and since the n-octanol/water partition
coeflicient, P, is a well accepted physicochemical model of lipophilicity, log P is
widely used parameter in medicinal chemistry. However, for platinum com-
pounds, experimental methods for measuring log P are expensive, slow and
require substantial quantities of material. Hence, a computational method for
predicting log P values is desirable.

Two methods, each employing 24 platinum complexes of the type illustrated
(see Figure 2.10), correlated log P values with various molecular descriptors
computed using QC methods.>® The first method employed structures com-
puted by HF theory to obtain the total surface area (TSA), the polar surface
area (PSA) and the exposed surface area of platinum atoms (PtSA). A rea-
sonable fit was obtained (R =0.894) with a root mean squared error (RMSE)
of 0.354 using Equation (2.8):

log P = —3.39 + 0.0099TSA — 0.0171PSA + 0.0543PtSA (2.8)

The second method employed DFT-optimised structures and their associated
properties in a linear regression which provides a better fit (R =0.952, RMSE =
0.21) as per Equation (2.9):

log P = 3.06 + 0.0121a — 0.13511t — 9.890 g max + 1:2685 Vs (2.9)
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Figure 2.10 Schematic representations of the type of Pt complex used for developing
predictive models for log P.

where « is the polarisability, u the dipole moment, /g ..« is the maximum value of
the surface local ionisation energy and XV is the sum of local minima of
the surface molecular electrostatic potential V(r). Unfortunately, while the
methods developed using quantum-chemical calculations provide good results
for the training sets, a subsequent report shows that they fail to predict com-
pounds that were not used for model development. Evidently, the relatively small
number of molecules used does not capture enough molecular diversity but, in the
context of this chapter, perhaps an even more telling conclusion from this study is
that each log P calculation requires 30 min to 12 h so that QC methods ‘are
probably too slow for prediction of large datasets, e.g. for virtual screening of
molecules’.*

2.3.2 Predicting log P for Cu"' Complexes

The obvious advantage of using QC methods for computing structures and
other quantities that can be employed in a QSAR analysis is they are general
enough to handle virtually any molecular system; however, they are slow. The
alternative is to use MM, but relatively few QSAR studies have been reported
for metal-based pharmaceuticals. As alluded to earlier and supported by
Wolohan et al.,*' one of the principal reasons ‘is the lack of specific metal
ligand parameters for most common force fields’.

Wolohan et al®' used Allinger’s MM3* force field to develop new para-
meters for several classes of copper complexes (Figure 2.11) which, in their
radioactive forms, have been used as both therapeutic and imaging agents.

They took advantage of the extensive single-crystal X-ray diffraction struc-
tural information in the Cambridge Structural Database and selected twelve
azamacrocycle and six thiosemicarbazone complexes as training sets with,
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X _N—Cu—S

Figure 2.11 Copper chelate radiopharmaceuticals. Top: Cu-azamacrocylces; Middle:
Cu-bis(thiosemicarbazones); Bottom: Cu-"N-azabicyclo[3.2.2]Jnonanethio-
semicarbazones.

respectively, seven and two further examples for validation. Log P data for 43
compounds were extracted from the literature, with the new MM3* parameters
used to compute structures for which no X-ray geometry was available. The
data were then subjected to a QSAR analysis using the Molecular Operating
Environment (MOE) program®? initially employing 170 molecular descriptors
which were eventually ‘pruned’ to just six. Eleven compounds were selected at
random for the test set leaving 32 structures in the training set. The results of
the QSAR modelling are reproduced in Table 2.2.

The results in Table 2.2 suggest it is possible to obtain good QSAR
treatments for TM species if one is prepared to invest the effort in parameter
development. At the same time, these types of complex do not present a very
exacting test for MM since they are almost all square planar species, which is
one of the ‘regular’ geometries that conventional MM can deal with. Moreover,
the majority of the six-coordinate species have axial carboxylate donors
with equatorial amines. The carboxylates have independent parameters that
need only model long axial contacts while the amines are constrained in a
macrocyclic ring and so there is never any ambiguity about the direction of the
Jahn-Teller distortion.

The exceptions are five-coordinate species and complexes where a particular
ligand type is found in both axial and equatorial positions. Three examples are
shown (Figure 2.12), along with the RMSD fit that, for molecules in the
training set, was set a limiting value of 0.4 A as defining acceptable accuracy.
Both ZEBJIZ and JUMMUZ were in the training set and are at the 0.4 A
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Table 2.2 Results from QSAR model of the lipophilicity (log P) of the cop-
per(i) complexes.®!

QSAR "2 l]z RMSE RMSE(V Nmols Ndescriptors
log P model (training set)  0.95  0.92  0.35 0.35 32 6
log P model (test set) 093 091 041 0.47 11 6

2 refers to non-validated correlation, q2 to the cross-validated correlation, RMSE to the root mean
square error and RMSE,, to the cross-validated root mean square error.

Ci
N— | NH
N/ \N '\[l _ N/{\N/ |
OMO 0 - | S | N NS
N
(0] (0]
ZEBJIZ JUMMUZ VALVUZ
0.394 0.398 0.503

Figure 2.12  Structural diagrams for copper complexes with their CSD refcodes and
RMS deviations (A) between experimental X-ray and computed MM3*
structures.

threshold while VALVUZ was in the test set and has an RMSD somewhat
larger than the threshold. Given the strong d electronic effects in d° copper(ir)
species described above, these systems are exactly the ones which conventional
MM is expected to have difficulty with and it does.

2.3.3 Interactions Involving Explicit Receptors

When considering modelling TM-containing systems where the interaction
between the drug molecule and its target is considered explicitly, we can dis-
tinguish five major scenarios:

1. the drug molecule contains one or more TM centres and binds non-
covalently to a metal-free active site;

2. the drug molecule contains one or more TM centres and forms one or
more dative covalent bonds to the active site;

3. the metal-free drug molecule binds non-covalently to a TM-containing
active site;

4. the metal-free drug molecule forms one or more dative covalent bonds to
the TM-containing active site;

5. both the drug and the active site contain TM centres.
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Figure 2.13 Schematic representations of some possible drug—active site interactions
involving TM centres.

The author is not aware of any examples of scenario 5, which will thus not
be considered further, while scenarios 1 to 4 are sketched schematically in
Figure 2.13.

Within each scenario, various levels of sophistication can be applied to
modelling studies. These range from docking studies to classical MD simula-
tions through to QM/MM. Typically, docking is used to generate a number of
likely poses which form the basis for the subsequent, more sophisticated (and
more demanding) MD computations of the structural consequences of binding.
QM/MM is usually reserved for addressing those questions for which the
classical MD is either unsuited or would require significant re-parameterisa-
tion. To illustrate the kind of modelling which can be done and the particular
issues surrounding the presence of TM centres, some examples spanning the
four scenarios (see Figure 2.13) have been selected. This is in no way intended
to be a comprehensive review of the current literature but rather a subjective
selection that I hope will nevertheless cover the salient points.

2.3.4 Scenario 1: Metallodrug-DNA Intercalation

Copper—phenanthroline complexes are known to cleave DNA.*** A putative
mechanism is shown in Figure 2.14 and comprises the following steps:

1. Cu(phen),”" is reduced in solution to Cu(phen),”;

2. Cu(phen),” binds DNA non-coordinatively;

3. Cu(phen),” is oxidised to Cu(phen),>* by H,O, generating Cu-‘0xo’
and/or Cu-‘hydroxyl’ species, the exact nature of which is still unknown;

4. an oxidative attack mediated by these copper compounds leads to DNA
cleavage.

This study illustrates the typical interplay between DFT and classical
simulations. One of the principal goals is to explore how the copper complexes
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Figure 2.14 Schematic representation of the interaction between [Cu(phen),]** and
DNA. (After Scheme 1 from Ref. 33.)
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Figure 2.15 Copper complexes considered for DNA docking studies.

shown (see Figure 2.15) might interact with DNA. This involves preliminary
docking calculations followed by MD simulations.

The closed shell d'° configuration of Cu' makes these four-coordinate
complexes relatively well behaved and amenable to conventional MM in that
the geometry at the metal centre will, other things being equal, be essentially
tetrahedral. Initially, DFT is used to develop parameters for the Cu—N bond
stretch terms and for partial atomic charges. In addition, geometry optimisa-
tion shows that the NI-N2-N3-N4 dihedral angle between the two phenan-
throline planes varies greatly. Since this is likely to have important
consequences for any subsequent interaction with DNA, the authors use
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further DFT calculations to map out the energy profile as a function of this
dihedral and then capture this via a dihedral potential energy term. Having
tailored the force field for their particular TM systems, MD simulations can be
carried out to examine the binding preferences of the three complexes. The
rather flatter structure of [Cu(3-Clip-phen),]™ in comparison to the other two
complexes (i.e. it has a smaller N1-N2-N3-N4 dihedral) appears to better
facilitate binding in the minor groove of DNA which may contribute to its
enhanced cleavage activity.

2.3.5 Platinum—-DNA Binding

The target for anti-cancer drugs such as cisplatin, cis-diaminodi-
chloroplatinum(i), is believed to be DNA. Successive aquation steps replace
the chloride ligands with water molecules which, ultimately, are further sub-
stituted by donors on the DNA, notably the N7 atom of guanine bases, often
on the same DNA strand (see Figure 2.16).

The platinum lesion causes a sharp bend in the DNA that can interfere with
the DNA repair machinery to the point where apoptosis occurs.

Figure 2.16 X-Ray crystal structure of duplex DNA with a cisplatin (shown in ball-
and-stick mode) 1,2-GpG intrastrand crosslink (PDB code 3LPV).
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From a modelling perspective, the planar structures of Pt"" complexes arise
from the low-spin d® configuration. However, inasmuch as planarity may be
enforced by, for example, an out-of-plane potential energy term, the basic
structures of Pt'" complexes can be handled via conventional MM.* However,
Pt"" complexes also display subtle structural variations due to the rrans
influence. Here, the nature of a given Pt-L bond is affected by the ligand trans
to it. The effect on bond lengths, for example, can be large so, in general, it is
important to be able to account for the frans influence. DFT will capture it
more or less automatically and we have shown that LFMM can also handle Pt"
systems very well.> However, given the relatively few and fairly similar ligand
types encountered for Pt—-DNA interactions, trans influences probably do not
vary significantly enough from system to system. Nevertheless, some extra force
field development would be required but this can be avoided by taking
advantage of a relatively new methodology, QM/MM.

In QM/MM, the ‘active site’ is treated at a relatively high level (i.e. DFT)
while the remainder is treated with MM. A QM/MM treatment of the system
shown (see Figure 2.16), for example, might take as its active site the platinum
centre and its four ligands — i.e. two ammonia and two guanines — and model
these with DFT with the rest treated by MM. The advantages of QM/MM are
that no force field parameterisation is necessary, so one can begin calculations
immediately, plus the quantum chemical calculation can be further analysed
and probed. The disadvantages are that one has to exercise care joining the
quantum and classical regions together, and that despite most of the system
being in the classical region, QM/MM computations are still relatively
expensive.

A recent study by Gkionis and Platts*® looked at binding the [Pt(en)]**
fragment, and its methylated derivatives, to models of single and double-
stranded DNA comprising a pair of bases per strand. Three or four methyls on
the nitrogen donors lead to geometry changes and binding energy reductions
and a strong correlation between the measured cytotoxicity and the Pt—en
binding energy was found.

2.3.6 Drug Binding in the Cytochrome P450 Active Site Cavity

The cytochromes P450 are a class of enzyme responsible for oxidising a wide
range of xenobiotic compounds including drug molecules. In humans, there are
55 P450s although ~90% of therapeutic drug metabolism is carried out by just
five isoforms. Inhibition and/or induction of these isoforms during the course
of treatment has serious clinical implications for undesirable drug—drug inter-
actions especially in cancer patients who take a range of drugs both to combat
the disease and to relieve the ensuing symptoms and side effects.

Computer modelling has been used to provide structural insights into how
drug molecules orient themselves in the active site cavity prior to being oxi-
dised.?” In this scenario, the metal-containing species, compound I, comprising
a heme group with a central Fe bound to a cysteine and a terminal oxo ligand



Transition Metal Systems 49

Compound | Model

Figure 2.17 Structure of model for compound I radical cation.
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Figure 2.18 Comparison of experimental log (ICs() and calculated ChemScore values
(data from Table 1 of Ref. 37).

(see Figure 2.17), contributes to the general active site environment. So, once
the structure of the active site is determined, either via X-ray diffraction of the
particular isoform or from homology modelling studies, the heme group
becomes part of the ‘background’ for docking calculations.

The 1Cs, values for 20 drugs commonly co-administered to cancer patients
were compared with ChemScore values from the best of ten orientations
for each compound determined using the GOLD program. The data from
reference 37 are reproduced (see Figure 2.18). The regression coefficient is 1> =
0.61 (¢*=0.59).

The docking experiments highlighted a particular issue with the orientation
of the antiemetic drug metoclopramide (see Figure 2.19). The active oxygen is
coordinated to the Fe centre of the heme so that oxidation of the drug molecule
is expected at positions spatially close to the Fe.

Two orientations of metoclopramide were found with very similar Chem-
Scores, one consistent with the previously reported de-ethylation at the pro-
tonated nitrogen site and a second where now it is the basic amine which is in
close proximity to the iron centre in the heme and thus likely to be the site of
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Figure 2.19 Structure of the antiemetic drug metoclopramide.

oxidation. The observation from the modelling prompted the authors to look
experimentally for metabolites consistent with amine oxidation, which were
duly found.

2.3.7 Drug-Zinc Binding and Substrate Oxidation by P450

The preceding scenario successfully employed molecular docking but no
covalent link between the drug and the metal centre was considered plus the
geometry of the iron-heme moiety is well defined, quite rigid and thus relatively
easy to handle computationally. In contrast, the zinc centres in various zinc-
dependent enzymes are rather more flexible and variable in terms of both the
detailed geometry and coordination number, plus drug molecules bind directly
to the metal centre. Conventional docking technology treats the metal as a
spherical particle and the extra complexity of directional M-L interactions
requires enhancement. One such study reports the extension of the FlexX code
to deal with both the varied coordination environments found for zinc com-
plexes in general and with the multiple possible binding modes of carboxylates
which are themselves commonly associated with zinc binding.*®

The authors developed a set of matching rules based on ideal coordination
polyhedra, how many vertices are occupied by protein atoms and how many
are free for ligand interactions (Table 2.3).

Compared to the previous ‘standard’ (i.e. spherical) metal model, the new
version performs better, with 42% of those structures tested having an
improved RMSD comparison with experiment, especially for zinc species. This
is a good result considering all the important zinc-containing proteins, but was
fairly predictable given that the assumption of regular coordination polyhedra
applies reasonably well to the closed shell d'® Zn" configuration. In contrast, d°
Cu'! with its very strong d electronic effects is treated poorly.

The final scenario in this chapter concerns taking the modelling studies to the
next level. Since we are often concerned with matters of selectivity that have an
important kinetic component, a full characterisation of the system includes
locating the transition states (TSs) on the reaction path. At first sight, the bond
breaking/bond making processes occurring at the TS appear to demand some
form of QM method. So, using P450 as our example, let us explore the pos-
sibilities and the pitfalls.
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Table 2.3 Extended FlexX binding geometries for metal-ligand interactions.

Geometry Protein sites Ligand sites
D A, B, C D
‘ A,B,C, D None
A C
B
D A, B, C D
A=—_M 870 A, B, C,D None
A,B, D C,E
A,D, E B, C
A, B, C D, E
A, B, C,D E
A,B, D, E C
A,B,C,D, E None
A,B, E C E,F
A,E, F B,C,D
A,B,E, F C, D
A,B,C,D E, F
A,B,C,D E F
A, B, C,D,E, F None

The important step in alkene oxidation by P450 is the transfer of an oxygen
atom from an activated iron-heme complex. Depending on the enzyme and the
substrate, this could be an insertion into a C—H bond leading to hydroxylation
or an addition to a C=C bond leading to epoxidation. The active iron species in
P450s is the ferryl-porphyrin-cysteine complex compound I, which contains an
Fe=0 bond which may formally be formulated as Fe¥=0 but is usually con-
sidered as Fe'Y=0 with the porphyrin in a radical cation state (see Figure 2.17).
Even though Compound I has quite a complicated electronic structure, gas
phase DFT calculations on model complexes using the B3LYP functional have
been shown to give a good description. However, different P450 isoforms can
oxidise the same substrate in different places, so clearly DFT calculations on
model systems will not be adequate and the effect of the surrounding protein
must be included. QM/MM is the obvious choice and many groups have
applied QM/MM to study the mechanism of substrate oxidation. However,
while locating a TS using QM/MM is technically feasible, it is still a demanding
calculation. Unfortunately, the calculations depend fairly strongly on con-
formation and some initial mechanistic conclusions, which were at odds with
experiment but based on a single QM/MM path, were subsequently shown to
be incorrect by computing the average barriers to hydroxylation and epox-
idation for a series of pathways.>* This more comprehensive QM/MM study
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was consistent with experiment and highlights the importance of carrying out
the necessary conformational sampling. However, with QM /MM this remains a
very demanding computational task.

The alternative is to replace QM with a more efficient method like MM. MM
is usually considered appropriate only for modelling ground state properties
but if one is prepared to do the necessary parameter development, MM is not
restricted. Indeed, with his Empirical Valence Bond (EVB) method, Warshel*
has for decades shown how a properly constructed force field can be used to
model the complete free energy surface from reactants through true first-order
saddle points to products while Jensen’s SEAM method*' can be used to
optimise to the minimum energy crossing point between the reactant and
product potential energy surfaces which, as illustrated (see Figure 2.20) can be
quite a good approximation to the true TS.

While this type of calculation is very powerful, issues of selectivity may be
decided using a simpler approach. The Q2MM method developed by Norrby* is
designed to compute the energy difference between two very similar (often dia-
stereomeric) TSs rather than their absolute barriers to reaction. The starting
point is a QM-optimised TS of the reaction of interest using simple, model
substrates. The single negative Hessian eigenvalue, corresponding to the TS
vector, is replaced by an arbitrarily large positive number and the whole Hessian
matrix, plus the TS structure, are used as training data for a complete repar-
ametrisation of the FF. The new FF is essentially guaranteed to reproduce the
correct structure of the (model) TS and also captures the correct curvature of the
PE surface for all vibrational degrees of freedom except the TS vector. In
addition, locating the “TS’ has been converted to an energy minimisation so all
the conventional conformational search techniques can be employed.

In their study of aliphatic hydroxylation of substrates by P450,
Rydberg er al*® first constructed a Q2MM TS FF using DFT-optimised

MODEL TS (Q2MM)

APPROXIMATE TS (SEAM)\‘

TRUE TS (EVB)

Figure 2.20 Schematic of different ways of representing the potential energy surface.
EVB considers both reactant and product surfaces and their coupling to
generate a ‘true’ PE surface with a first order saddle point, while the
SEAM intersection and the Q2MM minimum are approximations.
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structures and Hessian matrices for 14 complexes of formula [Fe(O-H-
CR)(SCH;)(porphyrin)]*. This corresponds to the first (and rate-determining)
step wherein the ferryl oxygen abstracts a hydrogen atom to generate Fe—-OH
prior to the OH ‘rebounding’ to attack the aliphatic radical generated in
the first step. The new TS force field reproduces DFT very well, with average
bond length deviations of ~0.02A and average bond angle deviations of 2-4°,
and captures the roughly 0.2 A extensions of the Fe-O, O-H and H-C distances
of the TS.

The new FF can then be used for TS docking which enables a systematic
search of conformational space of potential P450 inhibitors at their TS geo-
metries. Excellent results are obtained for flunitrazepam and progesterone each
docked into the active sites of the 2C9 and 3A4 isoforms of human P450.
However, despite the enhanced sophistication over conventional docking
methods and a concomitant improvement in performance, the authors con-
clude ‘the method works reasonably, but not perfectly’. Of course P450s are
naturally ‘promiscuous’ and bind many different substrates that probably
explains why the method can predict which substrate sites will be attacked but
cannot rank them. They suggest that relaxing the Q2MM constraint of ‘lock-
ing’ the TS vector by using an alternative approach such as SEAM searching or
EVB may help to alleviate the problem.

2.4 Conclusions

Transition metals carry out diverse functions in biological systems and are
finding increasing use as therapeutic and diagnostic agents. Consequently, we
can anticipate a growing need for fast, accurate computational methods to aid
the discovery process. However, the additional complexity of electronic and
geometric structure makes theoretical treatment of TM centres challenging.

At the quantum mechanical level, DFT is the most popular choice and has
excellent accuracy even for TM systems. However, in common with all QM
techniques, DFT is too slow for high throughput screening or systematic
conformational searching where millions of individual calculations are
required. Here, empirical methods rule although TM centres present some
significant problems. Nevertheless, many metal centres are amenable to mole-
cular mechanics methods although one may have to invest some time and effort
in developing parameters. For those more complicated metal centres such as d°
Cu"!, extensions to ‘conventional’ MM such as the author’s ligand field mole-
cular mechanics method offer the accuracy and flexibility of quantum methods
like DFT but at the computational speed of MM.
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CHAPTER 3

Modeling Protein—Protein
Interactions by Rigid-body
Docking

DAVID W. RITCHIE

Orpailleur Team, INRIA Nancy — Grand Est, 615 Rue du Jardin Botanique,
54506 Vandoeuvre-lés-Nancy, France

3.1 Protein—Protein Interactions

Protein—protein interactions (PPIs) are central to many biological processes
such as metabolism, photosynthesis, transport, immune response and gene
expression, for example. At the molecular level the aforementioned processes
are often orchestrated by non-covalent associations between two or more
proteins to form protein complexes. These complexes may exist as short-lived
transitory associations, as in e.g. enzyme catalysis, or as long-lived multimeric
systems such as the ribosome, transcription factors, cell surface and ion channel
proteins, for example. Thus if DNA represents the biological blueprint for life,
then proteins make up the molecular machinery. In the current post-genomic
era, we now know the blueprints for many proteins, but we still know very little
about how they operate at the molecular level. Genome-wide proteomics stu-
dies'* are providing growing lists of putative protein—protein interactions
(PPIs), but many of these predicted interactions correspond to completely
unknown functions. For example, yeast is known to have around 6000 proteins,
giving rise to between about 38 000 and 75000 PPIs, and it has been estimated
that about 50% of these PPIs have been observed experimentally. On the other
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hand, the human genome encodes around 30 000 proteins, giving from 154 000
to 370000 PPIs, of which only around 10% are known to date.”®

The ‘gold standard’ techniques for determining the three-dimensional (3D)
structures of proteins and other macromolecules are undoubtedly X-ray crys-
tallography and nuclear magnetic resonance (NMR) spectroscopy. However,
cryo-electron microscopy (cryo-EM) is becoming increasingly useful for the
solution of very large protein structures, and the resolution that can be
achieved in cryo-EM is beginning to approach that of crystallography.’” Fur-
thermore, fitting high-resolution X-ray protein structures into low-resolution
cryo-EM density maps is becoming an increasingly powerful approach to
determine the atomic structures of very large protein complexes.® '* Today,
around 12 000 distinct 3D protein structures have been deposited in the Protein
Data Bank (PDB).'* However, only a very small proportion of these structures
correspond to protein—protein complexes. Furthermore, due to a number of
practical difficulties, it seems unlikely that it will become possible to solve the
structures of protein complexes using high-throughput structural genomics
techniques in the foreseeable future.!> On the other hand, techniques such as
yeast two-hybrid (Y2H) and tandem-affinity-purification mass spectrometry
(TAP-MS) can now identify many thousands of PPIs simultaneously in order
to build large-scale maps of PPI networks.'®!” However, these approaches
cannot determine the molecular structures of individual protein complexes, and
many of the detected interactions are in fact false-positives. Hence, there is
growing interest in using computational techniques to help understand PPIs at
the molecular level.'®"?

3.2 Predicting Protein Interaction Surfaces

Although the properties of protein—protein interfaces have been studied
extensively,?®° it remains a significant challenge to predict reliably the loca-
tions of protein—protein interaction surfaces using computational techniques
alone.?"? On the other hand, using a database of some 2300 alanine mutations
of heterodimeric protein complexes for which affinity measurements and
structural information was available, Bogan and Thorn®* showed that often
only a small set of core interface residues provides the majority of the binding
free energy of a complex. They proposed a ‘hot-spot/O-ring” model of protein
binding sites in which the core hot spot residues are surrounded by a ring of
energetically unimportant residues whose main role is to occlude bulk solvent
from the hot spot. This study found that occlusion of solvent from the protein—
protein interface is a necessary condition for binding, but there is no direct
correlation between the experimentally determined binding free energy and
buried surface area. Interestingly, this study also found that the bulky side
chains of Trp, Arg and Tyr appear in hot spots with high frequencies (21%,
13% and 12%, respectively), whereas Leu, Met, Ser, Thr and Val residues are
rarely observed in hot spots (3% frequency or less).*? By analyzing the nature
of existing protein complexes, Janin and colleagues®*>* independently pro-
posed a similar ‘core-rim’ model of protein binding sites, in which the core
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residues resemble the composition of protein interiors and the rim residues,
which remain to some extent solvent-accessible in the complex, resemble more
the general composition of surface residues.

Although the core-rim interface model seems compelling, it is difficult to
define simple rules with which unknown binding sites may be identified.
Therefore, a range of machine learning techniques have been developed to
predict protein—protein interface sites automatically.?>*” ¥ These systems are
typically trained using various combinations of e.g. buried surface areas, des-
olvation and electrostatic interaction energies, hydrophobicity scores and
residue conservation scores. Cleft desolvation is often found to be one of the
strongest predictive properties,>** whereas electrostatic complementarity has
been found to have little if any predictive capability, and residue conservation
has less predictive power than might be expected.> Broadly speaking, current
interface prediction algorithms can generally predict the locations of protein
interfaces with around 50% overlap between predicted and native interface
residues in up to around 70% of complexes.’® A recent analysis of current
binding site prediction tools by de Vries and Bonvin®’ confirms that several
machine learning based approaches are becoming useful predictive tools. On
the other hand, as part of their analysis of blind docking results for the com-
munity-wide CAPRI (Critical Assessment of PRedicted Interactions) blind
docking experiment,*® Lensink and Wodak?® recently showed that the quality
of the interfaces predicted by protein—protein docking algorithms is sig-
nificantly higher than that obtained by other interface prediction methods.

3.3 Protein—Protein Interaction Databases

Structural PPI databases are becoming important assets to analyze and predict
the structures of protein complexes. Some recent examples include PQS,*
3DID,*' PIBASE.* iPfam,* InterDom,** In‘[erpare,“5 3D Complex,46
SCOPPI*” and PROTCOM.*® Such databases are often derived from protein—
protein complexes found in the PDB, and they usually provide additional
information to annotate the nature of the interface. For example, many data-
bases distinguish permanent dimers, which often have interfaces composed of
mostly hydrophobic residues, from hetero-complexes which tend to have more
polar residues at the interface. The PQS system also distinguishes interfaces
between biologically active subunits from crystal packing contacts, and hence
provides a significantly richer source of protein—protein interface data than
the original experimentally determined structures.*” Many databases provide
the buried surface area of the interface and some (e.g. 3DID, PIBASE) list the
identities and secondary structure types of the residues at each interface. Sev-
eral databases (e.g. InterDom, iPFAM, Interpare, PIBASE, SCOPPI) describe
interfaces at the protein chain and protein domain levels, and link out to the
SCOP* and/or Pfam> protein domain classifications. The 3D Complex
database may be used to compute new classifications of protein complexes
using quaternary structure symmetry and topology criteria, for example. Other
protein structure resources, such as the Protein Docking Benchmark,! list the
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separate unbound partners of known protein complexes and provide large
numbers of decoy complexes for testing and developing new docking
algorithms.>>>?

Structural PPI databases are being used increasingly to help predict the
structures of unknown protein complexes. For example, if a given pair of
proteins are homologous to the components of a known complex, it is rea-
sonable to expect that they might interact in a similar way. Obviously, current
databases contain only a very small fraction of all possible protein—protein
complexes. Nonetheless, as structural genomics initiatives continue to populate
the space of protein 3D structures, it seems clear that using structural database
systems to predict PPIs by homology will become an increasingly powerful
approach.®®

3.4 The Protein Docking Problem

Protein docking is the task of calculating the 3D structure of a protein complex
starting from the individual structures of the constituent proteins. Since pro-
teins have dynamical structures that may change conformation on binding,
predicting how proteins bind and form complexes is rather like trying to
assemble the pieces of a complex 3D jigsaw puzzle in which the given parts do
not fit together perfectly.

In one of the earliest computer simulations of protein—protein interactions,
Wodak and Janin®* modeled the docking of bovine pancreatic trypsin inhibitor
(BPTTI) onto the active site of trypsin. For this calculation, BPTI was initially
placed near the trypsin binding site. It was then rotated in about 2300 angular
steps, and at each orientation it was translated towards trypsin until the cal-
culated energy function exceeded a given threshold, suggesting a close contact
had been achieved. For each such contact, the surface area buried in the
interface was estimated by counting the number of pairwise residue contacts,
and 47 orientations with the most contacts were selected for further refinement
by minimizing the energy over all six rigid body degrees of freedom. To speed
the energy calculations, the binding free energy was estimated using residue pair
potentials.”®> The whole calculation took 40 min on an IBM 370 mainframe
computer. Subsequent analysis of the results showed that a near-native orien-
tation for the complex appeared at rank 12 in the list of minimized poses. This
early calculation demonstrated that it was possible to predict the docking mode
of a pair of proteins by using reduced representations of each protein and by
minimizing a simple energy-based scoring function.

Following the first computational experiment of Wodak and Janin, protein
docking has since become a distinct computational field that combines
knowledge and techniques from several disciplines including physics, chem-
istry, biology, mathematics and computing. There have been several reviews of
protein docking algorithms® ®° and the state of the art is regularly assessed and
reviewed in the CAPRI blind docking experiment® "' and its partner con-
ference, Modeling of Protein Interactions in Genomes.”” Although it appears
that current docking algorithms still cannot reliably predict binding affinity,”
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protein docking techniques are helping to provide a better physical picture of
PPIs,*® and they are beginning to be used as an in silico technique to help
predict PPI networks.’*7?

Recent docking and molecular dynamics (MD) simulation studies support a
picture of protein complexes being formed in at least a two-step process.’® *° In
the initial collision encounter complex, recognition takes place through desol-
vation and burial of key hot spot anchor residues at the center of the nascent
interface, the conformations of which do not significantly change on bind-
ing.””7® This is followed by a latching phase in which peripheral interface
residues may adjust their rotameric conformations into complementary
arrangements.’’ Arguably, there is a final induced fit step’® in which interface
side chains adjust their torsion angles to adopt off-rotamer conformations®!
and interfacial waters become frozen into their crystallographically observable
positions.®* Although this is clearly an idealized picture of a complex dynamical
process, it is broadly compatible with the experimental and statistical studies of
known protein interfaces.”> ** Nonetheless, it is not necessary to simulate
precisely the physics of protein complex formation in order to make useful
predictions about PPIs. For example, even a relatively low quality protein
docking model can help to identify potentially druggable PPIs.®* 8¢

3.5 Rigid Body Docking

As most proteins consist of many thousands of atoms, it is generally not
practical to predict putative docking orientations using conventional molecular
mechanics based approaches because of the enormous computational cost of
calculating MD trajectories for multiple trial starting positions, and because of
the difficulty of distinguishing multiple local minima within those trajectories.
Hence, current docking algorithms employ a variety of efficient search and
energy-based scoring techniques, such as fast Fourier transform (FFT) corre-
lations, geometric hashing and Monte Carlo (MC) sampling, for example. In
order to make the calculation tractable, such algorithms typically begin by
assuming that the structures to be docked are rigid. This essentially reduces the
problem to a six-dimensional (6D) rotational-translational search space. Rigid
body docking approaches can often produce a relatively small list of up to a few
hundred orientations, amongst which a near-native binding mode is often
observed.

However, despite the use of improved scoring functions that typically include
models of desolvation, hydrophobicity and electrostatics, current algorithms
still have difficulty in identifying the best solution from the list of false positives,
or decoys. Therefore, most current docking algorithms use a two-step searching
and scoring procedure, in which ab initio techniques are used to generate an
initial list of putative complexes which are then re-scored using available bio-
physical information and knowledge-based potentials derived from analyses of
existing protein—protein interfaces.®” > Nonetheless, it can still take several
hours or even days to complete a docking calculation using high performance
workstations.*® Hence several docking algorithms have been implemented
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using batch queuing systems on computational clusters.”®** However, thanks
to some striking recent improvements in the computational performance of
graphics processor units (GPUs), the ‘Hex’ docking algorithm can now
perform the rigid-body part of a docking calculation in a matter of seconds on a
modern desktop GPU.?® This is described in further detail below.

3.6 Docking By Geometric Hashing

The geometric hashing algorithm of Fischer et al.’® is a docking method

adapted from a computer vision object recognition technique.”’ In this
approach, the molecular surfaces of the proteins to be docked, often called a
‘ligand” and a ‘receptor’, are first processed to identify local critical points, or
‘caps’ and ‘pits’, and triplets of such points are stored in a hash table.”® The
search for docking orientations then consists of matching cliques of ligand caps
to receptor pits in order to define candidate ligand poses with respect to a fixed
receptor. The poses generated in this way are then evaluated by projecting the
volumes of the two proteins onto a 3D grid and by evaluating a com-
plementarity score based on the number of overlapping grid cells.”” Although
the geometric hashing technique is combinatorial in the number of critical
points used, and the grid-scoring stage is relatively expensive, the overall
approach is very fast if a small number of well-chosen critical points can be
identified. On the other hand, if the proteins exhibit relatively large con-
formational changes on binding, there is a risk that near-native poses might not
be generated from the initial surface analysis of the unbound starting struc-
tures. Hence, most current rigid body docking algorithms use FFT techniques
in order to cover the rigid body search space exhaustively.

3.7 Cartesian Grid-based FFT Docking

The first FFT-based approach to the protein docking problem was described by
Katchalski-Katzir ez al.'® In this technique, the two proteins to be docked, A
and B, are placed in a 3D Cartesian grid and each volume element, or ‘voxel’, of
the grid is assigned a value according to:

o if A[x]isasurface voxel
Alx] = ¢ © if A[x]isasurface voxel (3.1)
0 otherwise
and
o if B[x]isa surface voxel
B[x] =< ¢ if B[x]isasurface voxel (3.2)
0 otherwise,

where x = (X,y,z). This is illustrated schematically in Figure 3.1. The goal is then
to find the translation that maximizes the degree of overlap, or correlation,
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[T

[ ]
[0 Surface: +1 B Interior: —15 B Interior: +1

Figure 3.1 A two-dimensional illustration of Cartesian grid-based docking. The
interior volume occupied by each protein is represented as a set of discrete
voxels (dark shades) surrounded by a layer of surface voxels (light shade).
The goal of a docking search is to find the orientation which maximises the
overall overlap between the surface and interior regions of each protein.

between the interior and surface voxels of the two proteins whilst avoiding
significant overlap between their interior voxels. In their original algorithm,
Katchalski-Katzir et al. put t=—-15 and 6 = = + 1. The correlation is calcu-
lated for all possible translations of the ligand voxels with respect to a fixed
receptor. In other words, the goal is to find the translation (Ax) which
maximizes the complementarity score, C:

=

-1 -1
C[Ax] = A[x]B[x — Ax]. (3.3)
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In practice, the correlation may be calculated very efficiently using 3D FFTs,
although multiple FFTs must be calculated over a range of rotated orientations
of one of the proteins in order to cover the 6D search space.'®

For simple shape-matching calculations, 3D grid correlations may also be
calculated efficiently using integer bit-wise operations.'®! However, it is stan-
dard practice nowadays to use FFT techniques to calculate the correlations
because the O(N°In’ N) algorithmic complexity of the 3D FFT is much more
favorable for large N than the O(N®) cost of a direct calculation. Furthermore,
floating point FFTs allow general scalar quantities to be correlated. For
example, from Poisson’s equation, the classical in vacuo electrostatic energy, E,
of a charge density distribution, ¢(x), in the presence of an electrostatic
potential, p(x), is given by'®?

E :%/qﬁ(x)p(x)dx. (3.4)
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Hence the in vacuo electrostatic interaction energy between a pair of proteins,
A and B, may be calculated as a function of translations of protein B using:

E@x) = [ (@408,(x— 80 +p,(x)dy(x — A0)dx. (3

It is worth noting at this stage that conventional Cartesian FFT docking
approaches essentially represent each property to be correlated as a Fourier
expansion of the form

2
2

N—-1
1 _ 2mi(sx+tytuz)
=3 A rue v > (36)
N2 s=0 t

Il
o
Il
S

u

where the Af’,l, represent the expansion coefficients of the electrostatic potential,
and the complex exponential terms provide the basis functions for the expan-
sion. In other words, performing a forward FFT on a 3D grid of electrostatic
potential values implicitly calculates all of the expansion coefficients simulta-
neously. Then, thanks to the orthogonality of the basis functions, the corre-
lation between a pair of scalar properties may be calculated using e.g.

1 NoIN-1IN-] dx (p _ 2mi(sAx+rAy+ulz)
/ ¢A pB AX)d m Z AmtAvtu N 5 (37)
s=0 =0 u=0

where the asterisk denotes complex conjugation. In other words, the desired
overlap integral as a function of the translational shifts may be calculated as the
inverse Fourier transform of the product of two forward transforms. Equation
(3.7) is essentially a statement of the well-known convolution theorem.
Several Cartesian grid-based FFT docking approaches (for example,
FTDOCK.,'”® DOT,'" MolFit'® and ZDOCK'%®) use 3D FFT libraries to
calculate shape and electrostatic correlations in this way. They differ mainly
according to the way they estimate the potential and charge density from partial
atom charges and how these properties are discretized onto FFT grid points.
They also differ in the manner in which they estimate the non-uniform dielectric
nature of the medium. Nonetheless, by following the above pattern, other types
of potentials may be incorporated in FFT correlation calculations. For example,
ZDOCK 2.3 uses the ‘ACE’ potential of Zhang er al.'’ to estimate desolvation
effects,'’ and the MolFit program of Berchanski er al.'® implements a simple
model of hydrophobicity by using the complex part of each grid cell to assign
additional weight to contacts between hydrophobic residues. It is often found
that including such additional scoring terms helps to improve the rank of near-
native docking poses, although it remains a considerable challenge to be able to
predict good poses in the absence of prior knowledge about the location of the
binding site(s). However, a major practical disadvantage of the Cartesian grid-
based FFT approaches is that the translational FFT correlations must be
repeated for many thousands of rotational samples of one of the molecules, and
this computational overhead seems unavoidable in the translational FFT model.
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Thus, despite the rigid-body assumption, Cartesian grid-based FFT docking
algorithms are inherently computationally expensive.

3.8 Spherical Polar Fourier Basis Functions

The spherical polar Fourier (SPF) correlation approach was developed in order
to address the main limitations of the Cartesian FFT-based methods.'" Instead
of encoding protein shapes and properties in a Cartesian grid using complex
exponential basis functions, in the SPF approach each protein is represented as
an expansion of orthonormal SPF basis functions using a spherical polar
coordinate system located at its center of mass. The relationship between
Cartesian and spherical polar coordinate systems is illustrated in Figure 3.2A.
Using a pair of spherical polar coordinate systems, the 6D search space may be
defined in terms of one intermolecular distance and five Euler rotation angles
(see Figure 3.2B). This allows docking correlations to be calculated primarily
using rotational FFT correlations. In the context of a 6D search space, this is
much more efficient than using translational FFTs because only one forward
Fourier transform is required for each property.

The SPF approach begins with a similar voxel-based representation of pro-
tein shape to that of Katchalski-Katzir et al., but instead of calculating Car-
tesian FFTs the voxel samples are used only to encode the protein shapes as
expansions of SPF basis functions. For example, the volume of the receptor
molecule which is interior to the van der Waals surface is encoded as a ‘shape
density’ function, 1 4(r), to order N using

T4(r) = Z Ay Rt (1) yim (0, ), (3.8)

=

\_______,—N'\GA

Figure 3.2 (A) The relationship between spherical polar (r, 0, ¢) and Cartesian (x, y,
z) coordinates. (B) An illustration of the 6D docking search space in terms
of one intermolecular distance, R, and five Euler rotation angles (f 4, y4,
op,s Pa, 74)- (C) A sketch of the interior (t) and surface skin (o) density
functions of a pair of proteins to be docked. (D) The final predicted
docking orientation in which the degree of overlap between opposite pairs
of density functions is maximized (shaded region).
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where r=(r, 0, ¢) are 3D spherical polar coordinates, a,, are the expansion
coefficients, ,,(0, ¢) are normalized real spherical harmonic (SH) functions''”
and R,/(r) are orthonormal radial basis functions. Since the radial index, n,
counts from unity, the highest harmonic order and highest polynomial power in
each coordinate is therefore L= N — 1.'%*!"! Thanks to the orthogonality of the
basis functions, each expansion coefficient may be isolated by multiplying each

side of Equation 3.8 by Ry(r)y;(0, ¢) and integrating to obtain:
i = [ a0 R0, P (39)

Hence it is straightforward to calculate the expansion coefficients by
numerical integration over the voxels in a Cartesian grid.'® By defining and
calculating the volumes of a surface skin region for each protein, g 4(r) and
op(r), in a similar way, and by considering the overlap volumes shown in
Figures 3.2C and 3.2D, protein shape complementarity may be written as a sum
of overlap integrals between opposing pairs of surface and interior shape
density functions:

C= / (O’A(I‘)TB(I') + GB(I‘)‘L'A(I‘) — Q‘L’A(I‘)TB(I'))dl', (310)

where Q is a penalty factor which penalizes interior—interior overlaps.

It should be noted that the subscript ranges given explicitly in the above
expressions ensure that only linearly independent polynomial powers are
enumerated. However, for notational clarity, such ranges will be suppressed
in subsequent expressions on the understanding that all terms will vanish unless
Iml </<n < N. As it is necessary to use expansions to at least N=25 (or
L =24) to encode sufficient detail for docking, and because the summation in
Equation (3.8) to order N involves w coefficients, the shape of each
protein is therefore encoded by a pair of coefficient vectors of at least 5525 elements.

The radial basis functions used here for protein shape representations are
orthonormal Gauss—Laguerre (GL) functions, defined as:'''"!12

)

2 I+1
e ZpILISf,i)I (pz), (3.11)

where Lj(x) are generalized Laguerre polynomials,"'? p is a scaled
distance, p = 4, and 4 is a radial scale factor. These functions are orthonormal
2

in the sense that
o0
/R;1[(V)Rn11(}’)l’2dr = 5)1n’~ (312)
0

As these functions have a Gaussian pre-factor products of the GL and SH
basis functions are often called Gaussian-type orbitals (GTOs) in the quantum
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chemistry literature. The Gaussian factor ensures that these functions rapidly
tend to zero at large radial distances. For typical protein domains consisting of
around 100 to 150 residues, setting /4 =20 causes most of the zeros of the basis
functions to appear within about 30A from the origin. It is also possible to
construct orthonormal radial functions which decay only exponentially at large
distances. These more diffuse exponential-type (ETO) functions are more sui-
table for representing long-range functions such as the electrostatic potential,
for example. Figure 3.3 shows some real SPF shape density representations of
the HyHel-5 antibody and hen egg lysozyme proteins (PDB code 3HFL) using
GTO basis functions at various polynomial expansion orders.
The complex SHs, Y;,(0, ¢), are given by:

Yin(0, ¢) = [(214'; 1)%} 7le(cos H)eimd’ (3.13)

where P,(cos0) are the Legendre polynomials. These functions are ortho-
normal in the sense that:

2n

// Y1 (0, @) Yinr (0, ¢) sin 0d0dd = 610 - (3.14)
0 0

The real SHs, y,,,,(6, ¢), can be formed by taking linear combinations of pairs of
complex functions having the same absolute value of the azimuthal index, m.
This can be written as

yim(0, ¢) = Z U Y (0, §), (3.15)

&o o S
So o do

Figure 3.3 SPF shape density isosurfaces at various GTO expansion orders for the
complex between the HyHel-5 antibody Fv domain (left) and hen egg
lysozyme (right). Here, the two proteins are separated by 15 A for clarity.
The bottom right pair shows atomic Gaussian representations of the van der
Waals surfaces from which the SPF expansions are derived. This figure is
reproduced from Ritchie e al.'** by permission of Oxford University Press.
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where U is a unitary (2/+1) x (2/+1) matrix. For a given value of the
latitudinal index, /, this equation may be written as an explicit matrix equation
of the form

Vi 1/V2 0 0 0 (1) /V2\ [ Yu

Vim 0 1/\/§ 0 (—l)m/\/ﬁ 0 Yim

Yio = 0 0 1 0 0 Y/()

Vi 0 i(=0"/V2 0 —i/V2 0 Yy

Vi i1 /2 0 0 0 —i/V2 Y;
(3.16)

The unitary matrices are useful here because they allow real scalar quantities
to be expressed as complex polynomial expansions. For example, Equation
(3.8) may be written in complex form as

oa(r) = A3 Ru(r) Yim(0, ), (3.17)

nlm

where the complex coefficients, 47, ., are related to the real expansion coeffi-
cients by

AZZm = Z Ur(ri’)maglm" (318)

3.9 Spherical Polar Fourier Correlations
By substituting ¢’ 5(r) = o5(r) — Ot(r) into Equation (3.10), the shape com-
plementarity expression may be written as a two-term overlap integral:

C - / (c.4()T8(F) + o/y()7.a())dr. (3.19)

We normally put Q =11. Furthermore, by taking complex linear combina-
tions of expansion coefficients,

Apim = Z (a};[m/ + iaZlm’) U,(':/)m (320)
and "

Bun =3 (B + 051 ) Ul (3.21)

m

and thanks to the orthogonality of the basis functions, Equation (3.19) may be
calculated very easily as a scalar product:

C = Re (Z A;;,,an,,n) : (3.22)
nlm

Although it is relatively expensive to calculate the shape complementarity or
the interaction energy of a single orientation in this way, the main benefit of the
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SPF approach is that it allows multiple rotational orientations to be evaluated
very rapidly using FFT techniques. For example, it can be shown that the SPF
coeflicients transform amongst themselves under rotation according to:

Anlm Z Dmml "/ Anlm’a (323)

where the Dfnm (2, B, 7) are matrix elements of the Wigner rotation matrices.'
In other words, the effect of rotating a protein may be simulated by trans-
forming only its expansion coefficients according to Equation (3.23). The

Wigner rotation matrices may be defined as

D1(1211’( ﬁ V) 71)717 mm’ (ﬂ) 71177/“/’ (324)

where the real d’, ,(B) are often expressed in terms of Jacobi polynomials.''* In
order to calculate rotational FFTs, it is convenient to expand the d (B) as a
product of complex exponentials''® to obtain

p¥

mm’

Z jm A/ A/m/efinmefit/}efim'y, (325)

where .
/
= dyy (2) (3.26)
However, because the B rotation angle ranges from 0 to 2w, an additional
scaling factor must be applied to map this angle onto the natural range of the
FFT, as described previously.''
It can also be shown that the effect of translating a protein by a distance R
along the z axis may be simulated by transforming its expansion coeflicients
according to:

Al

tm

Aum(R) = 3" T (R) A, (3.27)
]\j

where the T ”}";J;(R) are the matrix elements for translations of the GTO basis
functions. The translation matrix elements for both the GTO and ETO radial
bases may be calculated analytically using Fourier—Bessel transform theory.'!!
However, due to the many high order factorials that appear in the analytic
expressions it is necessary to calculate high order translation matrix elements
using the ‘GMP’ multi-precision math library.'* Nonetheless, because the
translation matrices are completely independent of the proteins to be docked,
they can be calculated just once for a range of translations, and stored on disc
for future use. Using pre-calculated translation matrix elements greatly speeds
up subsequent docking calculations.

Given that the operations of rotating and translating SPF expansions may be
implemented by applying the corresponding matrix operations to the expansion
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coeflicients, our strategy for calculating docking correlations is to calculate lists
of rotated and translated coeflicient vectors for the receptor and ligand pro-
teins, and to evaluate Equation (3.22) for all possible pairs of such vectors. For
example, by casting the coefficient vectors in complex form,''* and by letting
A R, B4, v4) and B,,(ap, fp, 7p) represent rotated and translated complex
coefficients, the shape complementarity score as a function of the remaining
twist angle degree of freedom, o, may be calculated as

C(OCB) - Z S’”(R’ BAa yAa ﬁBa VB)eiimagﬂ (328)
m

where the intermediate S, coefficients are given by

Su(R, Ba> V45 Pss7p) = Z A (R, Bas7.4) Bum (25, B 73)- (3.29)
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As Equation (3.28) has the form of a one-dimensional (1D) Fourier series,
the calculation over multiple rotational samples for oz may be performed
efficiently using a FFT. Using a FFT grid dimension of 64 gives angular
increments of % = 5.625°. This gives a good compromise between computa-
tional speed and angular resolution. For the remaining rotation angles, near-
regular patterns of (f, y) angles are generated from icosahedral tessellations of
the sphere.'” For example, an icosahedral tessellation of 812 vertices gives
angular samples with an average separation of about 7.5°. In order to complete
a docking search, Equation (3.28) is evaluated over multiple pairs (812 x 812)
of (f8, y) molecular rotations, and the entire calculation is repeated over a range
of intermolegular separations, R. In Hex, the default is to use 50 translational
steps of 0.8 A. This generates in the order of two billion (2 x 10%) trial docking
orientations. The overall approach is summarized in Figure 3.4.

A Sampling protein properties

Sample protein Convert Cartesian Calculate real Convert real
properties onto 3D | — |(x,y,z) coordinate — | SPF property — | anm coefficients
Cartesian grid samples to SPF (1.6,0) coefficients, anim to complex Anim

B Docking pairs of proteins

| | no
Rotate/translate Rotate complex Calculate product Save yes |Rank and
complex receptor| — |ligand — |of transformed | — [real |— — |save docking
coefficients, Anm coefficients, Bam coefficients: A.B score predictions

Figure 3.4 Conceptual flowcharts of the main processing steps in the SPF protein
docking algorithm. In practice, rotated lists of coefficients for the receptor
and ligand calculated just once and saved for subsequent use in a series of
1D FFTs, or the ligand rotations are are calculated en masse using 3D
rotational FFTs. This figure is reproduced from Ritchie e al.'** by per-
mission of Oxford University Press.
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3.10 Multi-dimensional Spherical Polar FFTs

By using Equation (3.25) to expose different Euler rotational angles as complex
exponentials, it is possible to express the overall calculation as a list of 3D or
even 5D FFTs.'"* For example, a 3D rotational FFT can be calculated using

C(aB’ ﬁB’ ‘VB) = Zeii(lnchJrzuﬁBJrvyB)SI‘HHV(R: ﬁA’ '))A)’ (330)

muy

where the S, coefficients are now given by

Smuv R ﬂA:))A ZAnlm R ﬂA’ n))A)BanA]uvma (331)
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and where 45" is a rotational scaling factor.''* Equation (3.30) is normally
evaluated using a 3D FFT grid of 48 x 24 x 48 elements, which gives rotational
steps of 7.5° for each of the three ligand rotation angles (a5, i3, 7). In each
case, outer iterations over the remaining degrees of freedom must be performed
to cover the 6D search space. 5D rotational FFTs may be calculated in a similar
way. Each 3D FFT correlation corresponds to ‘spinning’ the ligand through an
array of (ap, fp, y5) rotation angles with respect to each fixed receptor orien-
tation, whereas the SD FFT calculation corresponds to spinning both mole-
cules simultancously around all five (4, y4, o5, Pz, yp) rotation angles.
Although it might be expected that SD FFTs should be faster to calculate than
3D and 1D FFTs, this is often not the case in practice due to the very large
memory requirements of the 5D FFT grid.

As an SPF calculation may be expressed as a series of matrix multiplications and
FFTs, it is straightforward to use standard thread programming techniques to
spread the calculation over as many processors as are available on a compute node.
Hence, on machines with one or two quad-core central processor units (CPUs),
for example, the calculation may be spread over four or eight cores, respectively.
On Linux systems, the POSIX ‘pthreads’ library was used to implement a simple
‘producer/consumer’ thread model in which multiple producer threads perform
the calculation, and a single consumer thread collects the results. Synchronization
between threads is achieved using mutexes. On Windows machines, synchroni-
zation is achieved in a similar way using semaphores. On a quad-core machine,
this gives almost a four-fold speed-up compared to using a single core. However,
only about a six-fold speed-up is achieved on dual quad-core systems. Hence,
spreading a docking calculation over more CPUs in a multi-node compute cluster
would be expected to give only a relatively small additional speed-up.

3.11 Exploiting Graphics Processor Units

In recent years, many scientific calculations have benefited from the very high
arithmetic capabilities of modern GPUs.'" Initially, it required considerable
skill and knowledge of graphics programming techniques to transform a
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scientific calculation into a form that could be executed by dedicated pixel
processing hardware on a GPU. However, with the advent of programmable
GPUs and software development tools such as Brook''® and the CUDA
(Common Unified Device Architecture) toolkit,'*® it is now much easier to
deploy scientific software on GPUs. For example, using GPUs to calculate
protein and DNA sequence alignments can give speed-ups from at least a factor
of 10 (ref. 117 and 118) to over 100 (ref. 119) compared to the same calculation
on conventional CPUs. Similarly, GPUs can give speed-ups from around 10 to
100 for MD simulations,'?*!?! and up to a factor of 130 for quantum chemistry
calculations.'”? GPUs have also been used to accelerate the calculation of
protein accessible surface areas, for example, giving speed-up factors from
around 100 to over 300, depending on the size of the protein.'?® Encouraged by
these earlier successes, we recently implemented SPF docking correlations on
Nvidia GPUs using the CUDA development libraries.

Nvidia GPUs contain a number of programmable multi-processors (MPs)
each of which comprises multiple scalar processors (SPs), or ‘cores’, and a
modest amount of very fast on-chip memory (‘shared memory’) that may be
accessed simultaneously by the SPs. Each GPU also has a large amount of
relatively slow off-chip ‘global’ memory (from a few hundred megabytes to
several gigabytes) which is accessible by each SP. For example, a contemporary
GeForce GTX 285 device has 30 MPs, 240 SPs, 16 Kb of shared memory per
MP, 1 Gb of global memory and a clock speed of 1.48 GHz. Given that each SP
can calculate at least one single precision floating point arithmetic operation (or
“flop’) per clock cycle, this device is capable of at least 355 Gflops. However, in
contrast to conventional CPUs that often have several megabytes of fast cache
memory, a considerable draw-back of current GPUs is that they do not have any
cache memory at all. This is significant because access to global memory is about
80 times slower than accessing shared memory. Hence it is important to ensure
that data traffic between the MPs and global memory is kept to a minimum, and
that as much work as possible is done on data in fast shared memory.

The Nvidia device architecture promotes a very fine-grained ‘SIMT’ (Simul-
taneous Instructions Multiple Threads) programming model in which individual
threads of execution are responsible for manipulating a small number of closely
related data elements. This model is well suited for performing simple opera-
tions with high arithmetic intensity, such as those found in matrix multi-
plications and FFTs. For such calculations, it is natural to let one SIMT thread
be responsible for calculating one element of an array, for example. In the
CUDA SIMT model, threads are given numerical index identifiers and are
grouped into ‘blocks’ with consecutive indices. Blocks of threads may further be
grouped into ‘grids’ of thread blocks. Thus, threads may be indexed using 1D,
2D or 3D indexing schemes, respectively. CUDA devices schedule and execute
blocks of threads by dividing them into ‘warps’ of 32 threads. Each warp exe-
cutes one instruction at a time, so maximum efficiency is achieved when all of the
threads of a warp execute the same sequence of instructions. Similarly, access to
global memory is most efficient when the data is aligned in memory on even
word boundaries, and