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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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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.1

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/MMmethods to studying
enzyme reactions.2–25

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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modelled computationally to within chemical accuracy (ca. 1 kcal/mol) – a feat
unimaginable only a few years previously.26 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.8,13,18

Computational drug discovery is a well-established discipline within the
field of computational chemistry.27–56 Computational chemistry can be applied
to the development of new drugs from both the perspective of the small
molecule34,47,57–59 (drug-like compound) and the biological target (recep-
tor).27,29,39,45,55 In 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).34,47,57–59 One of the oldest and most popular
3D-QSAR methods is a Comparative Molecular Field Analysis (CoMFA),
which uses an sp3-hybridized carbon with a charge of þ1 to evaluate steric and
electrostatic features of the compounds in the training set.60–64 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,65–74 or semi rigid receptor75–80 (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.).55

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.81,82 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,83,84

AMBER,85,86 GROMOS,87,88 etc. 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.8,13,90–100 The latest
semi-empirical methods (OMx,101–103 SCC-DFTB,104–106 PDDG/PM3,107

PM6-DH2,108 etc.) 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.8,13,98,99,102

The general strategy in QM/MM scoring refinement is to run a QM/MM
minimization of the binding site (ligand þ 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 QMmethod and the receptor using an MMmethod
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.

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 1976,1 is employed
in the majority of QM/MM programs presently in use and generally contains
three terms:

EQM=MM Totð Þ ¼ EQMðLigÞ þ EMM Recð Þ þ EQM�MM Lig;Recð Þ ð1:1Þ

where EQM/MM(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, EMM(Rec) is the energy of the receptor calculated at the
MM level of theory and EQM–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
1996,109 and have recently been reviewed in the literature; as such, an account
will not be provided here.21 The QM/MM approach discussed herein refers to
the electrostatic embedding approach,109 unless otherwise stated. For details of
other methods the reader is referred to the literature.2,4,5,9,10,14,19–21,110–112

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;Recð Þ ¼ EvdW
QM�MM þ Eelec

QM�MM ð1:2Þ

where EvdW
QM�MM refers to the van der Waals (vdW) interactions between the

ligand atoms and the atoms in the receptor; and Eelec
QM�MM 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.10,20,25

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.16,113 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.114

Due to its long-range nature, the predominant coupling term between the
ligand and the receptor regions is the electrostatic term (Eelec

QM�MM). 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
(Ĥelec

QM�MM), defined in Equation (1.3).

Ĥelec
QM�MM ¼ �

XN

i

XL

j

qj

ri � Rj

�� ��þ
XM

k

XL

j

qjQk

Rk � Rj

�� �� ð1:3Þ

The electron positions are given by ri, the point charges, as defined in the
force field, for the receptor are denoted qj and are located at Rj and Qk are the
charges on the nuclei in the ligand located at Rk. The indices i, j and k corre-
spond to theN electrons, the L point charges in the receptor andM 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.7,115,116 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/MMmethods 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 10–15 Å) 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.117–119 This approach has also been extended and implemented in a
number of packages for QM/MM simulations as well.96,120,121 However, the
majority of QM/MM simulations are performed on finite (non-periodic) sys-
tems where the Ewald summation is no longer valid.116,122–124 Therefore the use
of solvent boundary potentials125–129 has become increasing prevalent.
The generalized solvent boundary potential126 (GSBP) is of particular interest

and has already been implemented by a number of QM/MM developers.130–134

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.130,134 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.130–134

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.135 The IMOMM method was subsequently extended by the
authors to allow for the combination of two QM methods in the IMOMO136

and finally to the popular ONIOM (our n-layered integrated molecular orbital
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and molecular mechanics) method.137,138 However, the later ONIOM and
IMOMOmethods 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 MMmethod (a two-level ONIOM method, where
the lower level is an MMmethod, corresponds to the IMOMM approach, which
is most commonly used in SBDD studies).139–141 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 andMM levels of theory (the
EQM–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 Totð Þ ¼ EQMðLigÞ þ EMM Totð Þ � EMM Ligð Þ ð1:4Þ

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,139–141 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.109 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.142–145

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

9Quantum Mechanical/Molecular Mechanical Approaches in Drug Design

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 et al.98,102 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.98 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.102

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 Fü rstner et al.98,146 

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



revealed that the synthetic analog (L32) was as effective an inhibitor as LA
(LAZL324LB).98

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).147 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

148 and REDUCE,149,150 which was also used to determine the orientation
of the ambiguous residues (His, Asn, Gln). The crystal waters, three Ca21 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.151 The ten lowest energy conformers
of each molecule were selected and subsequently optimized within MNDO99152

using the MNDO/H Hamiltonian,153,154 which provides reasonable geometries
and relative energies for hydrogen bonded systems.153,155 The reliability of the
semi-empirical structures was checked via re-optimization of the conformers at
the BLYP156,157 level of theory with the def2-SVP basis set158 available in
TURBOMOLE.159–163

Docking. For each compound, the ten conformers (optimized with BLYP)
were then docked into the actin-binding site using AUTODOCK 3.0 (AD3).70

The AD3 grid was constructed such that it encompassed and was centred on

Scheme 1.1 Naturally occurring compounds Latrunculin A (LA), Latrunculin B
(LB), and the synthetic analogue L32.
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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 Ca21, 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.84,164,165 The stan-
dard CHARMM force field166–168 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
field169 in the Accelrys suite of programs. The ligands were kept rigid and
the remainder of the system was then relaxed during a 10 000-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
CHEMSHELL.170,171 The QM energy and gradients were provided by
MNDO99,152 with MNDO/H153,154 as the QM level of theory. Chemshell’s
internal force field driver, using the CHARMM parameter and topology
data,166–168 supplied the MM energy and gradients. No electrostatic cut-offs
were employed in the QM/MM calculations. Electrostatic embedding109 was
used to couple the QM and MM regions. The QM/MM geometry optimiza-
tions were performed with the HDLCOpt algorithm,172 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.147

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 Asp107 and the carbonyl forms a strong H-bond to
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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 Tyr19.98

Analysis of the H-bonding between analogues (LB and L32) 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. LAZL324LB) 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.98

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 surface173,174 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.

(a) (b)

(c)

Figure 1.2 H-bond network of (a) LA (b) LB and (c) L32 in the actin binding site
after the QM/MM optimization.
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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 GluH50 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 (DSASA) in the bound and unbound states. The relationship
proposed by Spolar and Record:175

DGhyd ¼ �22ð� 5ÞDSASA ð1:5Þ

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 (DDEbind) may be reasonable.
The lowest energy structures of the complexes and the ligands optimized in

the gas phase (QM¼MNDO/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.98

The cycle depicted in Scheme 1.2 demonstrates that the relative binding
energy (DDEbind) of the ligands is the difference of their relative stability in the
enzyme (DEisoR) and in the gas phase (DEisoL). Using the values obtained from
the isodesmic reactions, the relative binding energies decrease in the order
LA4 L324 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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ligand size decreases, the distortion of the receptor structure from the unbound
state decreases.98

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 L32 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 QM/MM Methods

Dispersion interactions, such as p-stacking, play an important role in bio-
chemical structure and stability. As such there are often a number of p-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 r�6 scaling.176,177 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.95,102,176–180

Within a QM/MM context, mechanistic studies of enzyme-catalysed reac-
tions181 have revealed that including an empirical dispersion term with DFT-
based methods for modelling the QM region improves the accuracy of the

(a) (b)

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.
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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 et 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).102 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.8,13,99,182 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.182

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.182 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.182 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 (MM9).99 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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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.99 It should be noted that this excellent
correlation was only possible after the use of a DSASA (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 DSASA term
included, to the energy of the time-averaged structures (i.e. after step 4).99 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

Figure 1.5 QM region included employed in the QM/MM study of 28 hydroxamate
inhibitors binding to matrix metalloproteinase-9.99 Zinc atom (grey)
displayed using the VDW radius, while all other residues are displayed in
licorice style.
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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,99 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

ROBERT J. DEETH

Department of Chemistry, University of Warwick, Coventry CV4 7AL, UK

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 sophisticatedmechanisms 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 99mTc 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 99Mo.
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.1
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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

(a)

(d)

(f) (g) (h)

(e)

(b) (c)

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 (e) shows an antiarthritic; and parts (g) and
(h) show diagnostic imaging agents.
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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-[PtCl2(NH3)2] (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 d8 species like PtII and AuIII

are square planar while low-spin d6 complexes of PtIV and RuII 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.2 The strength of a given M-L bond varies as a function
of the ligand opposite and, in PtII 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 d9 CuII complexes but also manifest in the high-spin d4 MnIII

centres implicated in the oxygen evolving centre of photosystem II. Six-
coordinate CuII 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.3

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, r, and the total energy of the
ground state, E0:

E0 ¼ E½r� ð2:1Þ

This deceptively simple equation implies that if r is known, then all the
complicated quantum mechanical exchange and correlation contributions to E0

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 r, 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 ELDA

X , for
example, depends simply on the 4/3 root of r:

ELDA
X ¼ �3

2

3

4p

� �1=3Z
r rð Þ4=3dr ð2:2Þ

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 r 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 r 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.4

The Becke exchange energy EB
X is given by:

EB
X ¼ ELDA

X � b
X

s

Z
r4=3s

x2s

1þ 6bxs sinh
�1 xs

� � d3r ð2:3Þ

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

xs ¼
rrsj j
r4=3s

ð2:4Þ

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 earlier gradient cor-
rected exchange, EB

X , and HF exchange plus adding LDA and gradient
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corrected correlation, a generally superior functional could be developed.5–7

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.,8 implemented the B3LYP hybrid functional with the fol-
lowing form:

EB3LYP
XC ¼ 1� að ÞELDA

X þ aEHF
X þ bDEB

X þ 1� cð ÞELDA
C þ cELYP

C ð2:5Þ

where a, b and c 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 C6R

�6 which is both
strongly damped and scaled.9 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.10 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.11 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 et al.12 report that ‘standard’ B3LYP performs
the best out of a set of GGA and hybrid functionals for Fe2, Fe2

– and FeO1.
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A recent study by Ye and Neese13 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.14

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.15

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.16

A simple force field equation is given in Equation 2.6:

Etot ¼
X

i;j

kij rij�r0;ij
� �2þ

X

i;j;k

kijk yijk � y0;ijk
� �2þ

X

i;j;k;l

kijkl 1þ cos nijklt� fijkl

� �� �

þ
X

io j

rirj
�dij
þ
X

io j

Aij

d12
ij

� Bij

d6
ij

 !" #

ð2:6Þ

where the k are appropriate force constants, r are bond lengths, y are bond
angles, t are torsion angles, n is the torsional periodicity parameter, f is the
torsion offset, r are partial atomic charge, e is the dielectric constant, A and B
are Lennard-Jones vdW parameters and the summations run over bonded atom
pairs (ij), angle triples (ijk) and torsional quadruples (ijkl). The non-bonded
terms are summed over the distances, dij, 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 y 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
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carbon chemistry but cannot work in TM chemistry where, for example, an
octahedral complex requires two ‘reference’ A–M–A bond angles, 901 and 1801.
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 minima16 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.17

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, d3, low-spin d6 and high-spin d8 are associated with
large LFSEs while the planar geometry associated with low-spin d8 config-
urations can be rationalised in terms of the LFSE.18

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.

Figure 2.2 Valence angles at central atom for various regular geometries.
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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 Zn21.

3. Certain combinations of d configuration and spin state do not yield
regular geometries. Perhaps the most important example is d9 Cu21

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 (DHhyd) for the first transition series ions Ca21 through Zn21 which
illustrates the typical ‘double hump’ variation. The difference between the
observed DHhyd and the estimated values based on simply interpolating between
the points corresponding to d0, d5 andd10 configurations correlates verywellwith
the LFSE which can, in turn, be computed from the d-orbital splitting diagram
(see Figure 2.4) using values of Doct derived from spectroscopy.

Table 2.1 Combinations of d configuration and spin state that are strongly
associated with particular coordination geometries.

Spin state and d configuration Geometry Mn1 examples

HS d3 Octahedral Cr31, V21

LS d6 Octahedron Co31, Ru21, Pt41

HS d8 Octahedron Ni21a

LS d8 Planar Ni21, Pd21, Pt21, Au31

d1, d2, HS d5, d10 No strong preferenceb Fe31(d5), Mn21(d5), Zn21(d10)

awith relatively weak field ligands;
bstructure generally the Platonic structure corresponding to the coordination number.
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Hence, superimposed on the general trend of progressively more negative
values of DHhyd 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
d0, high-spin d5 and d10 configurations.
The LFSE also influences the structure. In some cases – e.g. d3 – 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 d9 CuII complexes.
As illustrated in Figure 2.5, the asymmetric occupation of the eg orbitals dz2

and dx2–y2 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 ML6 system, is a minimum for octahedral
symmetry. The final tetragonally distorted geometry obtains when these two
competing forces are in equilibrium.

Figure 2.3 Variation of experimental hydration enthalpies (solid diamonds, kJ mol�1)
from d0 Ca21 through to d10 Zn21. The open circles represent the values
once d electron stabilisation energy effects are removed (after Johnson and
Nelson19).

Figure 2.4 Octahedral d-orbital splitting diagram from which the one-electron con-
tribution to the LFSE can be computed.
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If we wish to provide a general computational scheme for modelling TM
systems, these d electron effects must be taken into account.20 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 Å) 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).21

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 1801.
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.22

The total ligand field potential, VLF, is assumed to be the sum of contributions

Figure 2.5 Schematic energy level diagram illustrating the Jahn–Teller stabilisation
energy accompanying a tetragonal elongation of an octahedral CuII

complex.
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from the M–L bonds each modelled by AOM parameters describing separate s
and p 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 es, epx, epy and eds although, in the interests of
simplicity, we seldom use more than a single ali value for a given parameter.

el ¼ al0 þ al1rþ al2r
�2 þ al3r

�3 þ al4r
�4 þ al5r

�5 þ al6r
�6 ð2:7Þ

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 CuII complexes,23,24 a good
treatment of the subtle trans influence in planar, low-spin d8 PtII complexes2

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 d6

FeII amine complexes.25 Moreover, since the LFSE calculation is parametric,
the computational overhead for LFMM is small which facilitates, for example,

Figure 2.6 Schematic representation of division into coordination and ligand regions
and force field terms which span the two.
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Figure 2.7 Definition of AOM e parameters in terms of local M-L bonding. The s
interaction is always destabilising (es40) while p bonding in the two
mutually perpendicular directions to the M-L vector (the local z axis) is
shown for a p donor (ep40).
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the relatively long (i.e. 16 ns) molecular dynamics simulation of the dicopper 
metalloprotein tyrosinase.26
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.27

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



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 wemust 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.28 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.29 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(II), was discovered accidentally over 40 years ago and received

Figure 2.8 Detail from X-ray structure of anthranilic acid sulfonamide (green carbon
atoms) bound to the methionine aminopeptidase active site (PDB code:
1YW7). The two Mn centres are shown as magenta spheres.
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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
coefficient, 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.30 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 (R2¼ 0.894) with a root mean squared error (RMSE)
of 0.354 using Equation (2.8):

log P ¼ �3:39þ 0:0099TSA� 0:0171PSAþ 0:0543PtSA ð2:8Þ

The second method employed DFT-optimised structures and their associated
properties in a linear regression which provides a better fit (R2¼ 0.952, RMSE¼
0.21) as per Equation (2.9):

log P ¼ 3:06þ 0:0121a� 0:135lm� 9:890IS;max þ 1:268SVS ð2:9Þ

Figure 2.9 Active site detail of MetAP (PDB code 2GTX) with bound norleucinepho-
sphonate (space filling). The singleMncentre is shown as themagenta sphere.
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where a is the polarisability, m the dipole moment, IS,max is the maximum value of
the surface local ionisation energy and SVS 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 ofmolecules used does not capture enoughmolecular diversity but, in the
context of this chapter, perhaps an evenmore 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’.30

2.3.2 Predicting log P for Cu
II
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.,31 one of the principal reasons ‘is the lack of specific metal
ligand parameters for most common force fields’.
Wolohan et al.31 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,

Figure 2.10 Schematic representations of the type of Pt complex used for developing
predictive models for log P.
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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) program32 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 Å as defining acceptable accuracy.
Both ZEBJIZ and JUMMUZ were in the training set and are at the 0.4 Å

Figure 2.11 Copper chelate radiopharmaceuticals. Top: Cu-azamacrocylces; Middle:
Cu-bis(thiosemicarbazones); Bottom: Cu-4N-azabicyclo[3.2.2]nonanethio-
semicarbazones.
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threshold while VALVUZ was in the test set and has an RMSD somewhat
larger than the threshold. Given the strong d electronic effects in d9 copper(II)
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.

Table 2.2 Results from QSAR model of the lipophilicity (log P) of the cop-
per(II) complexes.31

QSAR r2 q2 RMSE RMSEcv nmols ndescriptors

log P model (training set) 0.95 0.92 0.35 0.35 32 6
log P model (test set) 0.93 0.91 0.41 0.47 11 6

r2 refers to non-validated correlation, q2 to the cross-validated correlation, RMSE to the root mean
square error and RMSEcv to the cross-validated root mean square error.

Figure 2.12 Structural diagrams for copper complexes with their CSD refcodes and
RMS deviations (Å) between experimental X-ray and computed MM3*
structures.
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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.33,34 A putative
mechanism is shown in Figure 2.14 and comprises the following steps:

1. Cu(phen)2
21 is reduced in solution to Cu(phen)2

1;
2. Cu(phen)2

1 binds DNA non-coordinatively;
3. Cu(phen)2

1 is oxidised to Cu(phen)2
21 by H2O2 generating Cu-‘oxo’

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

1 2

3 4

Figure 2.13 Schematic representations of some possible drug–active site interactions
involving TM centres.
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shown (see Figure 2.15) might interact with DNA. This involves preliminary
docking calculations followed by MD simulations.
The closed shell d10 configuration of CuI 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 N1–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

Figure 2.14 Schematic representation of the interaction between [Cu(phen)2]
21 and

DNA. (After Scheme 1 from Ref. 33.)

Figure 2.15 Copper complexes considered for DNA docking studies.
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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)2]

1 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(II), 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 PtII complexes arise
from the low-spin d8 configuration. However, inasmuch as planarity may be
enforced by, for example, an out-of-plane potential energy term, the basic
structures of PtII complexes can be handled via conventional MM.35 However,
PtII complexes also display subtle structural variations due to the trans
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 trans influence. DFT will capture it
more or less automatically and we have shown that LFMM can also handle PtII

systems very well.2 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 Platts36 looked at binding the [Pt(en)]21

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 B90% 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.37 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
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(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 IC50 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 r2¼
0.61 (q2¼ 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

Figure 2.17 Structure of model for compound I radical cation.

Figure 2.18 Comparison of experimental log (IC50) and calculated ChemScore values
(data from Table 1 of Ref. 37).
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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.38

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 d10 ZnII configuration. In contrast, d9

CuII 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.

Figure 2.19 Structure of the antiemetic drug metoclopramide.
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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 C¼C bond leading to epoxidation. The active iron species in
P450s is the ferryl-porphyrin-cysteine complex compound I, which contains an
Fe¼O bond which may formally be formulated as FeV¼O but is usually con-
sidered as FeIV¼O 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.39 This more comprehensive QM/MM study

Table 2.3 Extended FlexX binding geometries for metal–ligand interactions.

Geometry Protein sites Ligand sites

A
B

C

D

M

A, B, C D
A, B, C, D None

M C
B

A

D A, B, C D
A, B, C, D None

MA

B
C

D

E 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

MA
B

CD

F

E

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
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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, Warshel40

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 method41 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. TheQ2MMmethod developed byNorrby42 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 et al.43 first constructed a Q2MM TS FF using DFT-optimised

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)(SCH3)(porphyrin)]

z. 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 B0.02 Å and average bond angle deviations of 2–41,
and captures the roughly 0.2 Å 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 d9

CuII, 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-lès-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-
dies1–4 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 75 000 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 370 000 PPIs, of which only around 10% are known to date.5,6

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.7 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.8–13 Today,
around 12 000 distinct 3D protein structures have been deposited in the Protein
Data Bank (PDB).14 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.15 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.16,17 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.18,19

3.2 Predicting Protein Interaction Surfaces

Although the properties of protein–protein interfaces have been studied
extensively,20–26 it remains a significant challenge to predict reliably the loca-
tions of protein–protein interaction surfaces using computational techniques
alone.21,25 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 Thorn22 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).22 By analyzing the nature
of existing protein complexes, Janin and colleagues23,24 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.25,27–35 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,25,33 whereas electrostatic complementarity has
been found to have little if any predictive capability, and residue conservation
has less predictive power than might be expected.25 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.36 A recent analysis of current
binding site prediction tools by de Vries and Bonvin37 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,38 Lensink and Wodak39 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,40

3DID,41 PIBASE,42 iPfam,43 InterDom,44 Interpare,45 3D Complex,46

SCOPPI47 and PROTCOM.48 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.40 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
SCOP49 and/or Pfam50 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,51 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.52,53

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.36

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 Janin54 modeled the docking of bovine pancreatic trypsin inhibitor
(BPTI) 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.55 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 algorithms56–65 and the state of the art is regularly assessed and
reviewed in the CAPRI blind docking experiment66–71 and its partner con-
ference, Modeling of Protein Interactions in Genomes.72 Although it appears
that current docking algorithms still cannot reliably predict binding affinity,73
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protein docking techniques are helping to provide a better physical picture of
PPIs,36 and they are beginning to be used as an in silico technique to help
predict PPI networks.74,75

Recent docking and molecular dynamics (MD) simulation studies support a
picture of protein complexes being formed in at least a two-step process.76–80 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.77,79 This is followed by a latching phase in which peripheral interface
residues may adjust their rotameric conformations into complementary
arrangements.77 Arguably, there is a final induced fit step78 in which interface
side chains adjust their torsion angles to adopt off-rotamer conformations81

and interfacial waters become frozen into their crystallographically observable
positions.82 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.22–24 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.83–86

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.87–89 Nonetheless, it can still take several
hours or even days to complete a docking calculation using high performance
workstations.36 Hence several docking algorithms have been implemented
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using batch queuing systems on computational clusters.90–94 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.95 This is described in further detail below.

3.6 Docking By Geometric Hashing

The geometric hashing algorithm of Fischer et al.96 is a docking method
adapted from a computer vision object recognition technique.97 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.98 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.99 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 et al.100 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:

A x½ � ¼
s if A x½ � is a surface voxel
t if A x½ � is a surface voxel
0 otherwise

8
<

: ð3:1Þ

and

B x½ � ¼
s if B x½ � is a surface voxel
d if B x½ � is a surface voxel
0 otherwise;

8
<

: ð3:2Þ

where x¼ (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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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 t¼ –15 and s¼ d¼ þ 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 (Dx) which
maximizes the complementarity score, C:

C Dx½ � ¼
XN�1

x¼0

XN�1

y¼0

XN�1

z¼0
A x½ �B x� Dx½ �: ð3:3Þ

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.100

For simple shape-matching calculations, 3D grid correlations may also be
calculated efficiently using integer bit-wise operations.101 However, it is stan-
dard practice nowadays to use FFT techniques to calculate the correlations
because the O(N3ln3N) algorithmic complexity of the 3D FFT is much more
favorable for large N than the O(N6) 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, f(x), in the presence of an electrostatic
potential, r(x), is given by102

E ¼ 1

2

Z
f xð Þr xð Þdx: ð3:4Þ

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.

62 Chapter 3



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 Dxð Þ¼ 1

2

Z
fA xð ÞfB x�Dxð Þþ rA xð ÞfB x� Dxð Þð Þdx: ð3:5Þ

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

fA xð Þ¼ 1

N
3
2

XN�1

s¼0

XN�1

t¼0

XN�1

u¼0
A

f
stue
�2pi sxþtyþuzð Þ

N ; ð3:6Þ

where the A
f
stu 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.

Z
f�A xð ÞrB x� Dxð Þdx ¼ 1

N3

XN�1

s¼0

XN�1

t¼0

XN�1

u¼0
A

f�
stuA

r
stue
�2pi sDxþtDyþuDzð Þ

N ; ð3:7Þ

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,103 DOT,104 MolFit105 and ZDOCK106) 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 et al.107 to estimate desolvation
effects,106 and the MolFit program of Berchanski et al.108 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 FFTmodel.
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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.109 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, tA(r), to order N using

tA rð Þ ¼
XN

n¼1

Xn�1

l¼0

Xm¼l

m¼�l
atnlmRnl rð Þylm y; fð Þ; ð3:8Þ

A DB C

Figure 3.2 (A) The relationship between spherical polar (r, y, f) 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 (bA, gA,
aB, bA, gA). (C) A sketch of the interior (t) and surface skin (s) 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 r¼ (r, y, f) are 3D spherical polar coordinates, atnlm are the expansion
coefficients, ylm(y, f) are normalized real spherical harmonic (SH) functions110

and Rnl(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 L¼N – 1.109,111 Thanks to the orthogonality of the
basis functions, each expansion coefficient may be isolated by multiplying each
side of Equation 3.8 by Rkj(r)yjs(y, f) and integrating to obtain:

atkjs ¼
Z

tA rð ÞRkj rð Þyjs y; fð Þdr: ð3:9Þ

Hence it is straightforward to calculate the expansion coefficients by
numerical integration over the voxels in a Cartesian grid.109 By defining and
calculating the volumes of a surface skin region for each protein, sA(r) and
sB(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 ¼
Z

sA rð ÞtB rð Þ þ sB rð ÞtA rð Þ �QtA rð ÞtB rð Þð Þdr; ð3:10Þ

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
|m | r lonrN. As it is necessary to use expansions to at least N¼ 25 (or
L¼ 24) to encode sufficient detail for docking, and because the summation in
Equation (3.8) to order N involves N Nþ1ð Þ 2Nþ1ð Þ

6
coefficients, the shape of each

protein is therefore encodedby 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:111,112

Rnl rð Þ ¼
2 n� l � 1ð Þ!
l
3
2 G nþ 1

2

� �

" #1
2

e�
r2

2 rlL
lþ1

2ð Þ
n�l�1 r2

� �
; ð3:11Þ

where La
k xð Þ are generalized Laguerre polynomials,112 r is a scaled

distance, r ¼ r

l
1
2

, and l is a radial scale factor. These functions are orthonormal

in the sense that

ZN

0

Rnl rð ÞRn0l rð Þr2dr ¼ dnn0 : ð3:12Þ

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

65Modeling Protein–Protein Interactions by Rigid-body Docking



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 l¼ 20 causes most of the zeros of the basis
functions to appear within about 30 Å 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, Ylm(y, f), are given by:

Ylm y; fð Þ ¼ 2l þ 1ð Þ
4p

l �mð Þ!
l þmð Þ!

� �1
2

Plm cos yð Þeimf ð3:13Þ

where Plm(cos y) are the Legendre polynomials. These functions are ortho-
normal in the sense that:

Z2p

0

Zp

0

Ylm y; fð ÞYl0m0 y; fð Þ sin ydydf¼ dll0dmm0 : ð3:14Þ

The real SHs, ylm(y, f), 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

ylm y; fð Þ ¼
X

m0
U

lð Þ
mm0Ylm0 y; fð Þ; ð3:15Þ

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 Å for clarity.
The bottom right pair shows atomicGaussian representations of the van der
Waals surfaces from which the SPF expansions are derived. This figure is
reproduced fromRitchie et al.144 by permission of Oxford University Press.
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where U(l) is a unitary (2 lþ 1) � (2 lþ 1) matrix. For a given value of the
latitudinal index, l, this equation may be written as an explicit matrix equation
of the form

yll
ylm
yl0
yl �m

yl�l

0
BBBB@

1
CCCCA
¼

1=
ffiffiffi
2
p

0 0 0 ð�1Þl=
ffiffiffi
2
p

0 1=
ffiffiffi
2
p

0 ð�1Þm=
ffiffiffi
2
p

0
0 0 1 0 0
0 ið�1Þm=

ffiffiffi
2
p

0 �i=
ffiffiffi
2
p

0

ið�1Þl=
ffiffiffi
2
p

0 0 0 �i=
ffiffiffi
2
p

0
BBBB@

1
CCCCA

Yll

Ylm

Yl0

Yl �m

Yl�l

0
BBBB@

1
CCCCA
:

ð3:16Þ

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

sA rð Þ ¼
X

nlm

As
nlmRnl rð ÞYlm y; fð Þ; ð3:17Þ

where the complex coefficients, As
nlm, are related to the real expansion coeffi-

cients by

As
nlm ¼

X

m0
U

lð Þ
m0ma

s
nlm0 : ð3:18Þ

3.9 Spherical Polar Fourier Correlations

By substituting s0B(r)¼sB(r) – QtB(r) into Equation (3.10), the shape com-
plementarity expression may be written as a two-term overlap integral:

C ¼
Z

sA rð ÞtB rð Þ þ s0B rð ÞtA rð Þ
� �

dr: ð3:19Þ

We normally put Q¼ 11. Furthermore, by taking complex linear combina-
tions of expansion coefficients,

Anlm ¼
X

m0
atnlm0 þ iasnlm0
� �

U
lð Þ
m0m ð3:20Þ

and

Bnlm ¼
X

m0
bs
0

nlm0 þ ibtnlm0
� �

U
lð Þ
m0m; ð3:21Þ

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

C ¼ Re
X

nlm

A�nlmBnlm

 !
: ð3:22Þ

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
coefficients transform amongst themselves under rotation according to:

Anlm a; b; gð Þ ¼
X

m0
D

lð Þ
mm0 a; b; gð ÞAnlm0 ; ð3:23Þ

where the D
lð Þ
mm0 a; b; gð Þ are matrix elements of the Wigner rotation matrices.110

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

D
lð Þ
mm0 a; b; gð Þ ¼ e�imadl

mm0 bð Þe�im
0g; ð3:24Þ

where the real dl
mm0 bð Þ are often expressed in terms of Jacobi polynomials.110 In

order to calculate rotational FFTs, it is convenient to expand the dl
mm0 bð Þ as a

product of complex exponentials113 to obtain

D
lð Þ
mm0 a; b; gð Þ ¼

X

t

im�m
0
Dl
tmD

l
tm0e

�imae�itbe�im
0g; ð3:25Þ

where

Dl
tm ¼ dl

tm

p
2

� �
: ð3:26Þ

However, because the b rotation angle ranges from 0 to 2p, an additional
scaling factor must be applied to map this angle onto the natural range of the
FFT, as described previously.114

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 coefficients
according to:

Anlm Rð Þ ¼
X

kj

T
mj jð Þ

nl;kj Rð ÞAkjm; ð3:27Þ

where the T
mj jð Þ

nl; kj Rð Þ 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.111

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.145 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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coefficients, our strategy for calculating docking correlations is to calculate lists
of rotated and translated coefficient 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,114 and by letting
Anlm(R, bA, gA) and Bnlm(aB, bB, gB) represent rotated and translated complex
coefficients, the shape complementarity score as a function of the remaining
twist angle degree of freedom, aB, may be calculated as

C aBð Þ ¼
X

m

Sm R; bA; gA; bB; gBð Þe�imaB ; ð3:28Þ

where the intermediate Sm coefficients are given by

Sm R; bA; gA; bB ; gBð Þ ¼
X

nl

A�nlm R; bA ; gAð ÞBnlm aB; bB ; gBð Þ: ð3:29Þ

As Equation (3.28) has the form of a one-dimensional (1D) Fourier series,
the calculation over multiple rotational samples for aB may be performed
efficiently using a FFT. Using a FFT grid dimension of 64 gives angular
increments of 360�

64
¼ 5:625�. This gives a good compromise between computa-

tional speed and angular resolution. For the remaining rotation angles, near-
regular patterns of (b, g) angles are generated from icosahedral tessellations of
the sphere.109 For example, an icosahedral tessellation of 812 vertices gives
angular samples with an average separation of about 7.51. In order to complete
a docking search, Equation (3.28) is evaluated over multiple pairs (812� 812)
of (b, g) molecular rotations, and the entire calculation is repeated over a range
of intermolecular separations, R. In Hex, the default is to use 50 translational
steps of 0.8 Å. This generates in the order of two billion (2� 109) trial docking
orientations. The overall approach is summarized in Figure 3.4.

A

B

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 et al.144 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.114 For example, a 3D rotational FFT can be calculated using

C aB; bB; gBð Þ ¼
X

muv

e�i maBþ2ubBþvgBð ÞSmuv R; bA; gAð Þ; ð3:30Þ

where the Sm coefficients are now given by

Smuv R; bA ; gAð Þ ¼
X

nl

A�nlm R; bA; gAð ÞBnlvLum
lv ; ð3:31Þ

and where Lum
lv is a rotational scaling factor.114 Equation (3.30) is normally

evaluated using a 3D FFT grid of 48� 24� 48 elements, which gives rotational
steps of 7.51 for each of the three ligand rotation angles (aB, bB, gB). 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 (aB, bB, gB) rotation angles with respect to each fixed receptor orien-
tation, whereas the 5D FFT calculation corresponds to spinning both mole-
cules simultaneously around all five (bA, gA, aB, bB, gB) rotation angles.
Although it might be expected that 5D 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 anSPF calculationmay be expressed as a series ofmatrixmultiplications and

FFTs, it is straightforward to use standard thread programming techniques to
spread the calculation over asmanyprocessors 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.115 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 Brook116 and the CUDA
(Common Unified Device Architecture) toolkit,146 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,120,121 and up to a factor of 130 for quantum chemistry
calculations.122 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.123 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, 1Gb of global memory and a clock speed of 1.48GHz. 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 when all threads in a half-warp access consecutive
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memory elements simultaneously, for example. When this occurs, the MPs can
coalesce multiple memory accesses into a single transaction, and they can hide
the latency of global memory by running several warps concurrently.
In order to exploit the above hardware characteristics, SPF docking calcu-

lations have been implemented using a small number of CUDA ‘kernel’
functions. These functions are written using a similar syntax to the C pro-
gramming language, but they are executed in parallel by the MPs. Each kernel
performs a basic operation such as matrix–matrix multiplication, for example.
To exploit the limited amount of shared memory and to optimize access to
global memory, each matrix is divided into tiles of 16 � 16 data elements, and
pairs of tiles are multiplied using blocks of 256 threads. Together with the use
of coalesced memory transactions, this basic technique provides sufficient
arithmetic intensity to hide the latency of global memory. Since a 6D docking
search mainly entails rotating, translating and cross-multiplying multiple
receptor and ligand coefficient vectors, it is natural to express the calculation on
the GPU as a sequence of simple matrix operations. The main strategy to
achieve this in the SPF approach presented above is to map all pairs of nl
subscripts to single index, p, and to round up the total number of elements, P,
to a multiple of 16. This scatters the elements of the of a compact coefficient
vector into a sparse 2D array of dimension P� (2Lþ 1) elements, as illustrated
(see the upper part of Figure 3.5). Re-indexing M rotated coefficient vectors in
this way gives a 3D block of P�M� (2Lþ 1) coefficients in sparse format.
Similarly, the SPF translation matrix elements are re-indexed to give a sparse
3D block of P�P� (Lþ 1) elements. This allows allM coefficient vectors to be
translated together by performing 2Lþ 1 tiled matrix–matrix multiplications,
as illustrated (see the lower part of Figure 3.5).
In order to complete the 1D FFT docking scheme, two further GPU kernels

were implemented. The first of these cross-multiplies and zero-pads pairs of
receptor and ligand coefficient vectors according to Equation (3.29). This gives
a list ofN�M 64-element twist angle coefficient vectors which can be evaluated
as a batch of 1D FFTs using Nvidia’s cuFFT library. The output from the FFT
is an array of docking scores, or pseudo-energies, as a function of the inter-
molecular twist angle aB. This array is scanned by the second kernel to identify
the lowest energy for each twist angle, and the resulting list of poses and
energies is copied back to main CPU memory. These steps are illustrated (see
Figure 3.6). The above sequence of operations is repeated for each translational
step of the 6D search.
The 3D FFT scheme generally follows the same execution path as the 1D

FFT scheme, but only a single un-rotated ligand coefficient vector has to be
copied to the GPU to calculate the array of 3D FFT coefficients (Equation
3.31). This array is then passed to the 3D cuFFT function, and the best poses
and energies are copied back to CPU main memory, as before.
Figure 3.7 shows the overall docking correlation rates at different polynomial

expansion orders for both the 1D and 3D FFT calculation schemes described
above. This shows that a GPU can calculate the 1D FFT docking scheme
significantly faster than the same calculation on the CPU, and indeed also
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significantly faster than the 3D FFT on both the GPU and CPU. For example,
the 1D FFT scheme can evaluate 236 million poses per second using N¼ 18 on
the GPU, and 104 million poses per second using N¼ 25. Compared to using a
single CPU core, these rates correspond to speed-up factors of 100 and 130,
respectively. As might be expected, 3D FFT calculation rates are less sensitive
to the polynomial order than the 1D FFTs because they require less explicit
matrix arithmetic and they can benefit more from the O N lnNð Þ nature of the
FFT. On the other hand, Figure 3.7 also shows that compared to the CPU, a
GPU does not give any significant speed-up for 3D FFT calculations. This is
because 3D FFT algorithms require multiple passes through the data volume,
and on the GPU this exposes the latency of repeatedly accessing global memory
without the benefit of fast cache memory. On the other hand, because multiple
1D FFTs can be processed in a single pass over global GPU memory, it follows
that the SPF 1D FFT scheme is especially well suited to exploit current GPU
architectures. As Hex performs an initial scan of the search space using N¼ 18,
and because only a small fraction of the remaining poses are re-scored using
N¼ 25, the overall benefit of using a GPU to calculate the 1D FFT docking
scheme is dramatic. Using this two-stage approach, a global rigid body-docking
search over all six degrees of freedom can be completed in around 15 seconds
on a modern GPU. This is, at least, two orders of magnitude faster than
conventional Cartesian grid-based FFT docking approaches.95

It should be noted that not all stages of the SPF docking calculation have
been implemented on the GPU. For example, the translation matrix elements
must be calculated using the GMP math library, and this library is not available
for GPUs. On the other hand, because the overall calculations have
been structured to use coarse-grained CPU threads, it is straightforward to
use similar threading techniques to control multiple GPUs simultaneously.

Figure 3.6 Calculating multiple 1D FFTs on the GPU for multiple pairs of trans-
formed receptor and ligand coefficient vectors. For each translation step
R, M translated and rotated receptor coefficient vectors and N rotated
ligand coefficient vectors are combined using Equation 3.29 to give M�N
vectors of twist angle coefficients (Equation 3.28), The Sm(R, bA, gA, bB,
gB) coefficients are then transformed into an array of docking scores using
a batch of 1D FFTs (Equation 3.28), and the result is scanned to find the
best score for each twist angle, aB. This figure is reproduced from Ritchie
and Venkatraman95 by permission of Oxford University Press.
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To date, the above calculations have been tested successfully using up to eight
Intel CPU cores and two Nvidia GPUs simultaneously.

3.12 The ‘Hex’ Docking Program

The program Hex was developed to explore the use of the SPF approach for
accelerating the first rigid body part of a protein docking calculation. Hex is an
interactive program that lets a user load a pair of proteins, view them in a
variety of 3D graphical modes, perform docking calculations, and visualize the
results in a single easy-to-use environment. Hex runs equally on Linux, Win-
dows and Mac OS X systems, and it can use as many CPUs and GPUs as are
available for its docking calculations. Hex may be downloaded at no cost for
academic use.147 As high performance GPUs are still relatively expensive, a
GPU-powered version of Hex has also been made available as a public web
service called ‘HexServer.’124 This has been implemented using a simple form-
based interface through which users may up-load a pair of protein structures to
be docked by Hex, and from which the user may download a set of predicted
binding modes.148

Figure 3.7 Docking correlation rates (millions of poses per second) using the 1D and
3D correlation schemes at various polynomial expansion orders. The
GPU rates include all data transfers between the GPU and CPU, the time
required to re-index and translate the coefficients, and the time spent in the
cuFFT library. All rates exclude the costs of calculating the initial forward
transform and reading the translation matrices from disc. This figure is
reproduced from Ritchie and Venkatraman95 by permission of Oxford
University Press.
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In order to evaluate Hex exhaustively, the SPF approach was tested on the
complexes of version 2 of the Protein Docking Benchmark.51 To provide a
consistent pseudo-random starting orientation, all proteins were initially fitted
onto the coordinates of the corresponding native complex, and a small off-grid
rotation was then applied to the ligand. The orientations calculated in each
docking run were clustered using a greedy algorithm with a 9 Å clustering
threshold,125 and the lowest energy member of each cluster was selected as the
‘solution’ for that cluster. All other members of each cluster were discarded.
Seven different docking runs were performed for each complex to assess the
shape-based and electrostatic components of the scoring function, and to
investigate the difference between blind docking and the use of prior knowledge
of one or both protein’s binding sites. The results obtained for the first 50
benchmark complexes are shown (see Table 3.1), which lists the target com-
plexes in approximate order of difficulty. The first set of figures in this table
gives the results for blind shape-only docking of bound subunits, presented as
the rank and deviation of the first solution found within 10 Å RMS of the
complex (here called a ‘hit’), along with the total number of such hits found
within the top 2000 solutions. This threshold broadly corresponds to the
definition of an ‘acceptable’ prediction under the CAPRI assessment criteria.66

Encouragingly, acceptable solutions are found within the top 10 in many cases,
of which several are in fact ranked first out of the billions of orientations
evaluated. This shows that the Hex shape-based scoring function can often
identify near-native crystallographic orientations.
The rest of Table 3.1 presents results for docking unbound structures. As

might be expected, the rank of the best shape-only solution is often con-
siderably worse than that obtained when docking bound components. On the
other hand, including the ETO electrostatic interaction term in the correlation
often improves the rank of the best solution, placing several complexes within
the top 20, for example. However, using electrostatic correlations can also
worsen the prediction in some cases, but it is not clear how to predict ab initio
which those cases might be.
In practice, it is becoming increasingly rare that completely blind docking is

necessary because biochemical or biophysical knowledge is often available to
indicate the identities of key interaction residues. In general,Hex allows a given
receptor and ligand residue to be rotated onto the z axis before each docking
run, and by setting small values for the bA and bB angular ranges, it is then
straightforward to focus a docking calculation around a given pair of residues
in a known or hypothesized interface. Hence, four further constrained docking
runs were performed for each complex to simulate such data-driven docking
scenarios. In these runs, the range of the FFT searches were constrained by
applying the restriction bA r 451 to simulate using knowledge of the receptor
binding site (tabulated as ‘One Constraint’), and additionally by setting bB r
451 to simulate using knowledge of both the receptor and ligand binding sites
(‘Two Constraints’). Each such constraint reduces the size of the search space
by a factor of about four, and speeds up the calculation by a corresponding
amount. As can be seen from the final columns of Table 3.1, providing two
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loose constraints is often sufficient to improve considerably the rank of near-
native solutions. With just one constraint, adding the electrostatic contribution
to the scoring function helps considerably to identify the general orientation of
the binding mode. With two search constraints, the shape-only scoring function
is often able to rank a near-native orientation within the first 10 predictions,
and adding electrostatics can give a further improvement. Overall, Table 3.1
shows that useful docking predictions can be made under the rigid body
assumption if the conformational change on binding is relatively small and if
some prior knowledge is available to constrain the search space.

3.13 Conclusions and Future Prospects

The Hex SPF rigid body docking algorithm is now sufficiently fast that cov-
ering the 6D rigid body search space is no longer a rate-limiting step in protein–
protein docking protocols. However, one weakness of the Hex algorithm is its
relatively simple shape plus electrostatic scoring function. Several groups have
developed more sophisticated knowledge-based docking potentials derived
from statistical analyses of known protein–protein interfaces. For example,
Zhang et al.107 developed an ‘atomic contact potential’ (ACP) using a small
number of atom types, and also the more recent DFIRE (distance-scale finite
ideal gas reference state)126 potential using 19 atom types. Kozakov et al.127

developed their ‘decoys as reference state’ (DARS) potential by counting the
frequency of pair-wise atom occurrences in actual complexes compared to the
corresponding frequencies found in a large number of realistic but incorrect
decoy complexes. The DARS potential has been very successful in the recent
rounds of the CAPRI blind docking experiment.128,129 Therefore, a natural
development would be to implement SPF correlations of the DFIRE or DARS
potentials, for example.
Recent CAPRI results also show that using prior experimental information

to focus the docking search or to re-score ab initio decoys can significantly
improve the quality of the predictions, and has therefore become an integral
component of many docking protocols.69 Hence, another useful enhancement
to Hex would be to promote the scores of putative docking orientations that
involve known or hypothesized interface residues. This approach is nicely
exemplified in the data-driven HADDOCK system130 that uses ambiguous
interaction restraints (AIRs)131 to define interaction constraints from a wide
range of experimental sources.
Of course, a fundamental weakness of any rigid body docking algorithm is

the assumption that the conformational changes that occur on binding will be
small. However, even if there are no major changes in backbone conformations,
induced fit effects can sometimes involve substantial changes of side chain
torsion angles, particularly for flexible residues such as Lys and Arg. However,
it is difficult to predict which specific side chains might change conformation in
a given complex. Kimura et al.76 argue that, from a dynamical point of view,
there is insufficient time available during a collision encounter for extensive
conformational rearrangements to take place. Using short time-scale MD
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simulations with explicit solvent, they showed that certain key interface resi-
dues generally adopt the same conformation in the unbound and bound
structures whereas peripheral interface residues are more likely to adopt a range
of rotameric states. In other words, specific residues seem to act as ready-made
recognition motifs or ‘anchors’ for docking.76 By using short MD simulations
of unbound structures, Camacho was able to identify successfully key anchor
residues for several CAPRI targets.132 However, even relatively short MD
simulations are still computationally expensive, and they require considerable
expertise to set up and to analyze the results.
Several groups have used principal component analysis (PCA) of MD tra-

jectories to generate protein conformations for docking.80,133–137 The result of a
PCA is a matrix of eigenvectors and a list of associated eigenvalues that
together describe the principal components and amplitudes, respectively, of the
internal motions within a protein. Often, most of the internal motions within a
protein can be adequately described by the first few eigenvectors.138,139 Thus a
PCA analysis may be considered as a form of dimensionality reduction. PCA-
based approaches have been shown to provide a promising way to generate
candidate conformations for docking.135,136,140 However, structures generated
from PCA eigenvectors can violate standard bond length and torsion angle
ranges, and hence need to be energy minimized.141

Instead of starting from an expensive MD calculation, a promising alter-
native approach is to construct a simple Gaussian network model (GNM) of
protein flexibility,142 and to derive the eigenvectors directly from the associated
Hessian matrix.143 However, GNM eigenvectors do not fully span the con-
formational space between the unbound and bound forms,144 and the struc-
tures generated in this way also need to be energy minimized. Hence, it is not
yet clear whether PCA-based approaches can offer an efficient alternative to
performing explicit MD simulations. Nonetheless, it seems inevitable that
incorporating more sophisticated models of protein flexibility into protein
docking simulations will require considerable computational resources. The
SPF correlation approach presented here suggests that if the calculations
required by these new models can be formulated as basic matrix operations,
they could be implemented very profitably on modern GPUs.
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CHAPTER 4

QM Based Modelling

TIMOTHY CLARK

Centre for Molecular Design, School of Pharmacy and Biomedical Sciences,
Institute of Biomedical and Biomolecular Sciences, University of
Portsmouth, Mercantile House, Hampshire Terrace, Portsmouth, PO1 2EG,
UK and Computer-Chemie-Centrum, Friedrich-Alexander-Universität
Erlangen-Nürnberg, Nägelsbachstrasse 25, 91052 Erlangen, Germany

4.1 Introduction

Biological and pharmaceutical modelling uses predominantly classical
mechanical techniques (force fields and related techniques, such as classical
scoring functions). This has the advantages of computational efficiency and
beneficial scaling with system size, but is also limited in accuracy by common
(but not strictly necessary) approximations used in the classical mechanical
models. Other chapters in this book deal with semiempirical MO-Theory,1

density-functional theory (DFT),2 quantum mechanical descriptions of
hydrogen bonding3 and the quantum-mechanics based atoms in molecules
(AIM) technique.4 This chapter will therefore serve as an introduction and
to describe some specific applications of quantum mechanical techniques in
biological and pharmaceutical modelling.
The ‘missing’ effects in most classical mechanical models are well known;

most force fields are not polarisable (i.e. the charge distributions do not react to
external electrostatic fields) and the common net atomic monopole (charge)
model cannot reproduce important features of the molecular electrostatic
potential around molecules. However, common classical mechanical models
also have their strengths. They can, for instance, generally describe weak
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interactions (dispersion) better than many quantum mechanical techniques.
This has led to a flurry of ‘dispersion-augmented’ QM techniques that will be
described below. High-quality force fields are also likely to be able to describe
the relative energies of competing conformations of a molecule more accurately
than all but the best quantum mechanical techniques. In particular the last
generation of DFT functionals suffered from inconsistencies such as an
inability to deal with branching properly5–9 that would not be expected from a
well-parameterised force field. Thus, quantum mechanical techniques are not
always automatically better than force fields, and indeed, ‘expensive’ quantum
mechanical methods are not always better than ‘cheap’ ones. The following
sections will give an outline of some of the considerations that make quantum
mechanical techniques realistic and viable options for certain types of mod-
elling. The selection is necessarily selective, but serves to illustrate some
important points.

4.2 Computational Demands

Many routine quantum mechanical calculations can now be carried out on low-
level hardware in a few seconds or less. This was not always the case and so
some resistance to using quantum mechanics for large-scale applications
remains. As recently as 1998, treating a complete database of just over 50 000
compounds with AM1 semi-empirical molecular orbital (MO) theory10 was a
task suitable for the current generation of supercomputer.11 Seven years later,
processing the entire NCI database of approximately 250 000 compounds
on distributed hardware was easily possible.12 Interestingly, the technical
reliability of the calculations (i.e. whether the calculations ran successfully) and
the handling of tens of thousands of structures presented more problems in
both studies than the CPU time required. Quantum mechanical calculations are
less tolerant than their force-field equivalents. Thus, protonation states and
charges must be correct (no unpaired electrons), counterions should be
removed and starting geometries should be as strain-free as possible to avoid
unwanted bond shifts caused by the spurious proximity of two unbound atoms.
Quantum mechanical geometry optimisations also require an extra check that
is not necessary for force-field optimisations. As the bonds are neither defined
nor necessarily constant within a quantum mechanical geometry optimisation,
an analysis of the starting and optimised structures must be used to detect
possible rearrangements during the optimisation. These are typically proton
shifts to give a different tautomer or to convert an input zwitterion into the
form with no charged groups. Relatively few zwitterionic structures represent
minima in the gas phase, so that the latter type of rearrangement is particularly
common. It can be avoided by performing the geometry optimisation with a
continuum solvation model, but quantum mechanical geometry optimisations
in cheminformatics applications are generally performed in the gas phase.
Quantum mechanical calculations for very large systems are now also

becoming routine. Linear scaling (a linear increase of the computational
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requirements with the number of atoms) quantum mechanical techniques are
becoming common, and in some cases standard. Linear scaling DFT has a long
history13 and resolution of the identity (RI) techniques14 have increased the size
of structures treatable by DFT significantly. Nonetheless, DFT geometry
optimisations of even a moderate sized protein remain a daunting task. The
faster, more approximate semi-empirical MO techniques15 and charge-
consistent tight-binding DFT techniques16 are more realistic for the complete
treatment of biopolymers by quantum mechanical methods, whereas more
expensive quantum mechanical techniques are usually combined with a force
field environment in hybrid QM/MM calculations.17,18

Semi-empirical MO techniques have been used most for treating complete
proteins because two separate linear scaling techniques have been implemented
for these methods; the localised molecular orbital technique introduced by
Stewart in MOZYME19 and the more conventional divide and conquer (D&C)
methodology.20,21 The former has been used to optimise the geometries of
proteins up to approximately 17 000 atoms,22 whereas the latter has been used
primarily for single-point calculations on experimental protein structures.23

More recently, a highly parallel implementation of a semi-empirical MO
program has been used to perform a single-point calculation on 76 000 atoms
using 1024 CPUs.24

4.3 The Molecular Electrostatic Potential

The molecular electrostatic potential, MEP, V(r),25 has long been used as a
local property in biological and pharmaceutical modelling and in other quan-
titative structure–property (QSPR) relationships. It is defined at any given
point in space as the energy of interaction of a positive unit point charge (in
atomic units) with the unpolarised molecule. The MEP is defined as

V rð Þ¼
X

A

ZA

RA � rj j �
Z

r r0ð Þ dr0
r0 � rj j ð4:1Þ

where ZA is the charge on nucleus A, located at RA, and r(r0) is the electron
density at point r0. The two contributions to the MEP at any point are a
repulsion arising from the interaction of the probe charge with the nuclei of the
molecule and a negative one that results from the interaction of the probe
charge with the molecular electrons. The positive term is the simple summation
over all atoms of the molecule, whereas the negative one involves integrating
the electron density over space and is therefore far more expensive to calculate.
However, this integration is not significant in comparison to the total compute
task of carrying out a DFT or ab initio MO calculation, but amounts to more
effort than a complete semi-empirical MO self-consistent field calculation.
Luckily, the two-electron integrals in MNDO-like semi-empirical MO techni-
ques are expressed in terms of atom-centred multipoles up to quadrupole,26 so
that the MEP can be expressed in terms of interactions of the probe monopole
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with the atom-centred monopole, dipole and quadrupole.27 This reduces the
calculation of the MEP to a sum over atoms and gives remarkably accurate
results compared with DFT or MP2 MEP values.28

One of the early uses of the MEP was paradoxically to derive atom-centred
point charges for use in force fields and other classical mechanical techni-
ques.29–32 The MEP-fitting errors indicate that atomic monopoles represent a
severe approximation as a technique for calculating the MEP. Figure 4.1 shows
a comparison of the MEP at the standard isodensity surface33 of the DNA base
guanine. The differences, principally the lack of resolution in the MEP calcu-
lated from the potential-derived charges, are manifest.
The situation for the molecule shown in Figure 4.1 is relatively favourable for

the atomic monopole description. In more extreme cases, one and the same
atom may have both positive and negative areas of the MEP on its surface. It is
clearly impossible to describe this situation with a single charge on the atom.
Politzer et al.34 have called this situation a ‘fallacy of atomic charges’. It is
particularly important for s-hole bonding,35 which is a special case of halogen
bonding,36 and plays an important role in many biological systems,37 including
many drugs that contain chlorophenyl groups. Figure 4.2 shows the calculated
MEP at the standard isodensity surface of chlorpromazine with a prominent
s-hole on the chlorine atom collinear with and opposite the C–Cl bond.
Nonetheless, 3D-QSAR techniques such as CoMFAt38 almost always use a

classical charge model to calculate the interaction with a charged probe, which
is nothing other than the MEP. However, recent work38,40 suggests that the
MEP may not be as dominant as has been believed in determining interactions
between ligands and their receptors and that other local electronic properties
may be equally or more important.

Figure 4.1 Comparison of the molecular electrostatic potentials at the standard iso-
density surface of guanine calculated with (a) MEP-derived (AM1*)
atomic monopoles and (b) AM1*.
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4.4 Local Properties and Intermolecular Interactions

The theory of intermolecular interactions has been known for a long time,41 but
recently more emphasis has been placed on defining local properties that are
directly related to the factors that contribute to intermolecular interactions.42

Basically, the major components are the direct Coulomb interaction, which
depends on the MEP, Pauli repulsion at short ranges, dispersion and electron
donor–acceptor (Lewis acid–base) interactions. The Coulomb interaction has
traditionally been modelled in biological and pharmaceutical applications
by a simple interaction between atom-centred multipoles, as outlined above.
Clearly, the molecular electrostatic potential is the local property directly
related to the simple Coulomb interaction, although the molecule’s electrostatic
field has the advantage that it depends less strongly on the molecular charge
than the MEP and that it provides more spatial definition. However, the field is
a vector property, so that it has not been used extensively in QSAR or QSPR
applications. A variation that may prove useful is the field normal to the
molecular surface. This field is a key property in polarised continuum models
(PCM) of solvation effects43 and has been suggested to be related to the elec-
trostatic solvation energy by a simple surface integral.44

Electron donor–acceptor interactions are usually neglected in classical
mechanical modelling techniques. The earliest local properties used to describe
the donor and acceptor properties of molecules were different variations of
the so-called Fukui function, which was proposed by Parr and Yang45 based
on considerations derived from Fukui’s frontier molecular orbital (FMO)
theory.46 The major weakness of FMO theory is that it may not consider donor
or acceptor orbitals that lie close in energy to the highest occupied MO

Figure 4.2 The molecular electrostatic potential at the standard isodensity surface of
chlorpromazine showing the prominent s-hole collinear with and opposite
to the C–Cl bond.
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(HOMO) or lowest unoccupied MO (LUMO), respectively. This is often the
case for molecules with p-systems, including many drugs and drug candidates.
The average local ionisation energy, I(r) proposed by Sjoberg et al.47 represents
a more complete description of the electron donator properties in the vicinity of
a molecule. It is defined as

I rð Þ ¼ �

PHOMO

i¼1
�iri rð Þ

PHOMO

i¼1
ri rð Þ

ð4:2Þ

Where ei is the eigenvalue of molecular orbital I, and ri(r) is the electron
density assignable to orbital i at point r. Thus the average local ionisation energy
is simply a Koopmans theorem ionisation potential weighted by the contribution
of the individual molecular orbitals to the total electron density at the point in
question. I(r) has been suggested to be related to the polarisability48–52 and its
properties and usefulness have been described in a recent review.53

The concept of the average local ionisation energy can be extended to the
electron-accepting properties of molecules by defining the analogous local
electron affinity,54 A(r), as

A rð Þ ¼ �

PNORBS

i¼HOMOþ1
�iri rð Þ

PNORBS

i¼HOMOþ1
ri rð Þ

ð4:3Þ

in which NORBS is the total number of molecular orbitals. Equation 4.3 is
exactly analogous to equation 4.2 except that the summation now occurs over
the virtual, rather than the occupied, orbitals. However, equation 4.3 is only
applicable to techniques such as the older semi-empirical MO methods that use
only a minimal s and p orbital basis set. It can be extended to techniques that
use polarisation functions by a simple intensity filter.55

Together, the average local ionisation energy and the local electron affinity
provide an extremely useful description of the donor–acceptor properties of
molecules. These appear prominently in a variety of QSPR models56–62 and for
predicting chemical reactivity in models for metabolism.63 The connection between
donor and acceptor properties and chemical reactivity is particularly important for
qualitative reactivity theories.54

Two further properties54 can be derived from the local ionisation energy and
electron affinity in analogy with the Mulliken electronegativity64 and Pearson’s
hardness.65 The local electronegativity, w(r), is given by

w rð Þ¼ I rð Þ þ A rð Þ
2

ð4:4Þ
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and the local hardness, Z(r), by

Z rð Þ¼ I rð Þ � A rð Þ
2

ð4:5Þ

Together, these properties define the element- and binding-specific features
that are not covered by the MEP. Traditionally, for instance, surface-based
models use not only the electrostatics at the surface, but also the identity of the
atom to which the surface element is assigned.66–69 Such additional qualifiers
are only necessary if the non-electrostatic electronic local properties of the
molecule at the point in question are neglected. Given the ‘extreme quantum
mechanical’ view that molecules are clouds of indistinguishable electrons
moving in the external field of static (within the Born–Oppenheimer approx-
imation) point-charge nuclei, neither atoms nor bonds exist within molecules,
so that we should not need descriptors or qualifiers derived from the concept
of atoms. This extreme view contrasts strongly with the atoms in molecules
(AIM) approach,44 which, however, relies on the powerful but approximate
concept of the transferability of the electron density assignable to specific types
(element and hybridisation) of atoms. In many ways, AIM provides a bridge
between the atomistic and the extreme quantum mechanical views of modelling
molecules.
The ‘missing’ local property not described above is the local polarisability,

a(r).54 This is based on a parameterised version70 of Rivail’s variational scheme
for calculating the molecular electronic polarisability71–73 partitioned in an
arbitrary fashion analogously to a population analysis into atomic or even
atomic orbital contributions to an additive polarisability model.74 The local
polarisability serves to describe dispersion interactions.
Figure 4.3 shows projections of the six local properties onto the surface of a

drug-like molecule.
As Figure 4.3 suggests, there is little correlation54 between the different local

properties except between I(r) and A(r) and the properties derived from them
(w(r) and Z(r)). The ‘additional’ local properties therefore add information to
the descriptions of molecules.62

4.5 Local Properties and Molecular Surfaces

4.5.1 Spherical Harmonic Expansions

Once the local properties have been defined, techniques must be found to use
the information contained in them to construct QSAR and QSPR models. One
way to do this is to define the surface itself analytically, so that properties
projected onto it can also be described by analytical functions. Perhaps the best
known technique for fitting molecular surfaces is to use spherical harmonic
expansions.75–77 Spherical harmonics are familiar to most chemists as functions
that define the angular dependence of atomic orbitals.78 Real spherical
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harmonic functions y(y, f) are defined as

yðy;fÞ ¼ NlmPlm cos yð Þ cos mj jjf g;m � 0

and

y y;fð Þ ¼ NlmPlm cos yð Þ sin mj jff g;mo 0

where y and f are the Euler angles that define the function, Nlm are normal-
isation factors and Plm(cos y) are associated Legendre functions.75,79,80 The
molecular surface can then be fitted to the following equation:

rðy;fÞ¼
XN

l¼0

Xl

m¼�l
almylm y;fð Þ ð4:7Þ

where r(y, f) is the distance from the molecular centre to the surface along the
vector defined by the angles y and f,N is the order of the expansion and alm are
fitting coefficients, which can be determined easily.81 A spherical harmonic
expansion of order N is defined by (N þ 1)2 coefficients alm, so that spherical
harmonic expansions of molecular surfaces represent extremely compact
descriptions of molecules. However, there are two potential difficulties. The
first is that the molecular surface must be single valued along any radial vector
extending from the centre. This is shown schematically in Figure 4.4.
In Figure 4.4a, vectors a and b are single valued (i.e. they cross the molecular

surface only once), whereas vectors c and d are not because they cross the
surface three time each. An appropriate surface for fitting to spherical

Figure 4.3 The six local properties projected onto the standard isodensity surface of a
drug-like molecule.
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harmonic expansions is therefore the so-called shrink-wrap surface,82–84 which
is constructed by ‘shrinking’ the surface of a sphere larger than the molecule
along radial vectors until it touches the molecule for the first time. This results
in some excluded areas as shown in yellow in Figure 4.4b.
The second technical difficulty in determining spherical harmonic surfaces is

to define the most suitable centre for the expansion. The first choice, the centre
of mass, is usually appropriate, but may actually lie outside the molecular
surface for U- or L-shaped molecules. In these more difficult cases, more
complex techniques can be used to determine an appropriate centre for the
spherical harmonic expansion.85 Using such techniques, almost all drug-like
molecules can be fitted except for O-shaped ones with holes in the centre.
Figure 4.5 shows spherical harmonic surfaces fitted to an original shrink-

wrapped isodensity surface for clozapine.
The surface for N¼ 0 is simply a sphere that is described by a single coeffi-

cient (the radius). Increasing the order to N¼ 1 corresponds to adding the
possibility of translating the centre for the expansion and so changes the surface
little in this example, for which the centre of mass used for the expansions is
close to the ideal position. Increasing the order of the spherical harmonic
expansion from zero to one is the exact equivalent of adding p functions to an s
basis set to provide polarisation. Increasing the order to N¼ 2 (equivalent to
adding d orbitals to a basis set) causes a far more visible change in the molecular
shape, making it ellipsoid. At values of N of five and larger, the overall shape of
the molecule is easily recognisable. N¼ 5, which is defined by 36 coefficients,
is sufficient for many high-throughput applications and by N¼ 15 (256 coeffi-
cients) the atomistic details of the surface become visible. Thus, spherical
harmonic expansions represent extremely compact and efficient representations
of molecular shapes that can also be manipulated analytically (see below).

(a) (b)

Figure 4.4 (a) 2D-schematic diagram of radial vectors cutting the molecular surface.
Vectors a and b are single-valued, whereas c and d cross the surface three
times (b) the ‘bay’ areas (yellow) not included in the molecular shrink-
wrap surface. Reproduced with permission of Cepos InSilico Ltd.
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Shape descriptions are clearly important, but a complete analytical
description of the local properties that govern intermolecular interactions is of
even more use. To this end, the six local properties projected onto the molecular
surface can also be represented as spherical harmonic expansions. Figure 4.6
shows the MEP of clozapine expressed as spherical harmonic expansions of
different order N projected onto the N¼ 15 fitted spherical harmonic surface.
As for the shape, N¼ 0 gives an average value for the MEP over the entire

surface. In the case of the MEP, however, N¼ 1 corresponds to adding the
molecular dipole and N¼ 3 to the MEP arising from molecular monopole,
dipole and quadrupole moments. Note that the spherical harmonic approach is
in this case mathematically equivalent to a monocentric multipole expansion.
The MEP is a highly resolved property that requires quite high orders in the
spherical harmonic expansion before all important features are reproduced.
Note in Figure 4.6, for instance, that the area of positive MEP collinear with
the C–Cl bond (the s-hole) first appears weakly for N¼ 10 and is only fully
developed at N¼ 15.
Since spherical harmonic expansions can be rotated analytically, they are

ideal objects for fast overlaying of molecules. Ritchie et al.86 extended their
work on proteins77 to small molecules to enable fast overlaying and similarity

Figure 4.5 Spherical-harmonic fits of different order N to the isodensity shrink-wrap
surface of clozapine. The numbers in brackets give the number of coeffi-
cients for each surface.
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calculations on large databases. Comparisons can be made using the molecular
shape or any one of the local properties. Surprisingly, the MEP generally does
not play a significant role in QSARs derived using this approach.39,40 An
alternative to overlaying molecules is to use the so-called canonical orientation,
which is derived from coefficients of the spherical harmonic expansion using
fixed rules.86 The canonical orientation allows very fast shape-based screening
or even screening based on the local properties.
A further very fast screening technique based on spherical harmonic

expansions are the so-called rotationally invariant fingerprints (RIFs).86 These
are simply a vector of ‘hybridisation coefficients’, Hl for each of the orders l of
the spherical harmonic expansion defined in equation 4.7 (or the equivalent
expression for any local property other than the shape). The hybridisation
coefficients are defined as

Hl ¼
Xl

m¼�l
a2lm ð4:8Þ

Figure 4.6 Spherical-harmonic fits of different orderN to the MEP projected onto the
isodensity shrink-wrap surface of clozapine of order 15. The numbers in
brackets give the number of coefficients for each surface.
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where m, l and alm have the same meanings as in equation (4.7). Because the
coefficients alm are normalised,

XN

l¼1
Hl ¼

XN

l¼1

Xl

M¼�l
a2lm ¼ 1 ð4:9Þ

RIFs are simply the hybridisation coefficients for up to defined orders N for
the molecular shape and local properties at the surface in a predefined order.
They provide a fixed length rotationally invariant description of the molecular
shape and intermolecular binding properties. They can be used for virtual
screening by calculating, for instance Euclidean distances between the RIFs of
the molecules to be compared. Properties can also be selected by using only the
elements of the RIFs that correspond to the hybridisation coefficients of the
required properties.

4.5.2 Surface Autocorrelations

Autocorrelations have long been used in pharmaceutical modelling. Gasteiger
et al.87 introduced the idea of surface-based autocorrelations based on classical
atomistic representations of molecules. However, surface autocorrelations
acquire extra predictive power when used together with the local properties
described above. A Gaussian-weighted autocorrelation function is a vector of
L values, R(d), is defined as:

R dð Þ ¼
XN

x¼1

XN

y4x

p xð Þ � p yð Þð Þe�a rxy �dð Þ2 ð4:10Þ

where L is the number of distances, d, calculated, p(x) and p(y) are the property
in question at points x and y, N is the total number of surface points, rxy is the
distance between points x and y and a is a smoothing function that determines
the width of the Gaussian distance weighting.
Figure 4.7 shows a series of autocorrelations for trimethoprim using some of

the local properties. Note that for the properties that can be both positive and
negative (i.e. MEP, A(r)), three different autocorrelation functions are required
to differentiate between þ /þ and –/– peaks (because the product is positive in
both cases).
Note that, in contrast to the techniques described above, calculating

autocorrelations is expensive because it formally involves LN2 evaluations of
the weighted product of the properties. As a finely triangulated surface for a
drug-like molecule typically consists of 5000 to 10 000 surface points, the cal-
culational task can become significant. Although promising because of its high
information content, the surface autocorrelation technique has not yet found
wide application.
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4.5.3 Surface Integral Models

Surface integral models are a particularly attractive way to use local properties
at a molecular surface for QSPR modelling. The idea was originally proposed
by Richards, Williams and Tute,88,89 but were first implemented as a usable
model by Brickman et al.66,67 The idea of surface integral models has some
justification because volume integrals can be represented as surface integrals.44

In our context, a simple surface integral model could be defined as

P ¼
Z

surface

f z rð Þ; y rð Þ;x rð Þ:::::ð Þ ’
Xntri

i¼1
f z rið Þ; y rið Þ;x rið Þ:::::ð Þ � Ai ð4:11Þ

where P is the target property, f z rð Þ; y rð Þ; x rð Þ:::::ð Þ is a function of the local
properties z rð Þ; y rð Þ; x rð Þ; etc: The triangulated molecular surface consists of ntri
tesserae with the area of tessera i being Ai. The points ri correspond, for
instance, to the midpoints of the tesserae i, although many definitions are
possible for the values of the local properties assigned to triangle i. Models of
this type can be constructed quite successfully using linear regression to
construct the target function from the integrals of polynomial functions of the
local properties,60 but models constructed this way tend to have quite large
constant terms, so that the function obtained does not represent a real local
property, but rather a correction term to a mean (and therefore constant) value

Figure 4.7 Surface autocorrelation functions for trimethoprim based on the AM1
standard isodensity surface.
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for the training dataset. Nonetheless, such models can reproduce demonstrably
non-local properties such as solvation free energies quite successfully.
A more successful way to construct practical surface integral models is to use

a binning technique.56 In this case, a range of bins are defined for the local
properties themselves and, in the published example, products of pairs of local
properties. Descriptors are then defined as:

D P rð Þ; ið Þ ¼
Xntri

j¼1
Aj � d P rj

� �
; i

� �
ð4:12Þ

where the descriptor D(P(r), i) for bin i of property P(r) is simply the sum of the
areas Aj of all the triangles for which the value of P(rj) falls within the range of
bin i, which is defined by the function d(P(rj), i). Surface integral models derived
using such descriptors tend to have small constant terms and are therefore
closer to representing real local properties. The disadvantage of such models is
that the range and partitioning for the bins must be defined before the model is
constructed, so that the values of the local properties for the entire dataset must
be calculated before the binned descriptors can be determined. In principle, this
could also mean that unknown compounds may lie outside the range described
by the binning scheme. This can be avoided by using first and last bins that are
open on their low and high sides, respectively, but this only masks the fact that
the compound probably lies outside the applicability domain of the model.

4.6 Local Properties on Grids

Some of the most successful 3D-techniques in computer-aided drug design rely
on calculating interaction energies between the target molecule and specific
probes at the points of a regular grid around the molecule. Perhaps the most
prominent of these are Goodford’s GRID program90–92 and comparative
molecular field analysis (ComFAt).93 In both cases, interaction energies
between the molecule (usually represented as an atomistic force field) and the
probe (simple models such as methane for hydrophobic interaction, etc.) are
calculated classically.
Calculating the local properties on a grid around the molecule is a useful and

fast alternative procedure. The electron density gives ample information about
steric repulsion and the MEP encodes the information usually obtained by
polar probe molecules, but does not suffer from the deficits of atomistic point
charge models. Hydrogen bonding properties are encoded by I(r) and A(r)
in addition to the MEP, but the two donor–acceptor properties provide
considerable extra information. Dispersion interactions are encoded in a(r).
Using the local properties in place of probe interaction energies for ComFA

usually yields more predictive models than the classical model if the same
molecular overlays and grids are used,94,95 so that local properties derived from
economical quantum mechanical techniques appear to be the methods of choice
for such applications.
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As intermolecular interactions are coded so effectively in the local properties
described above, we should be able to characterise the typical binding sites
around molecules and receptors simply on the basis of the local properties
calculated on a grid. Interaction energies can be calculated accurately in the gas
phase using high level ab initio theory. Figure 4.8 shows iso-energy diagrams
for the interaction of water, ammonia and the hydroxide anion with a water
molecule.

Figure 4.8 Isoenergy contours for the interaction energies (MP2/aug-cc-pVTZ) of
water with three different H-bond acceptors.

Figure 4.9 H-bond acceptor sites for clozapine as calculated using an artificial neural
net trained to reproduce the ab initio data using the local properties as
input.
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Figure 4.8 demonstrates the effect of hydrogen bond acceptors of different
strength on the intermolecular interaction energy, but also that the geometries
of the binding interaction do not vary very strongly when the acceptor is
changed. It is therefore possible to train, for instance, a simple feed-forward
artificial neural net to recognise binding sites around molecules from the values
of the local properties. Figure 4.9 shows the results of such an analysis
for hydrogen bond acceptor sites on clozapine. Note that the non-classical
equatorial hydrogen bond acceptor site around the chlorine atom is recognised
although no chlorine compounds were used to derive data to train the
neural net.
Using different probe molecules for the ab initio calculations allows separate

neural nets to be trained for different types of binding interaction, so that
complete pharmacophore maps can be calculated that take both known, clas-
sical binding sites and less expected ones that result from unusual electronic
effects into account.96

4.7 Summary and Conclusions

Classical atomistic modelling has been a trusty servant of computer-aided drug
design for more than two decades and will still render sterling service for years
to come. However, it does have its limits. Some of these, such as being able
to treat s-hole interactions correctly, simply require more sophisticated elec-
trostatic models, such as those based on an AIM analysis.4 Others, such as the
change in electronic character of the faces of aromatic rings on substitution,56

require quantum mechanical techniques that do not assume transferability of
atomic properties. It is also possible that our current emphasis on electrostatic
interactions may not be appropriate and that the hitherto relatively neglected
donor–acceptor properties of molecules may in the long run be more
important.
Most of the examples described in this chapter are based on semiempirical

molecular orbital theory, which does a good job for one-electron properties,
but less well for geometries and energies. However, the latter need not be
calculated quantum mechanically. Very high quality force fields could provide
excellent geometries and relative conformational energies, so that whatever
quantum mechanical technique is used can use the force field geometry and
relative energies. This opens the field to computationally more expensive
quantum mechanical techniques such as density functional theory; although
there is little indication at the moment that this would give better results.
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67. R. Jäger, S. Kast and J. Brickmann, J. Chem. Inf. Comp. Sci., 2003, 43, 237.
68. C. J. Cramer and D. G. Truhlar, Acc. Chem. Res., 2008, 41, 760.
69. D. Bashford and D. A. Case, Annu. Rev. Phys. Chem., 2000, 51, 129.
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CHAPTER 5

Semi-empirical Methods:
Current Status and Future
Directions

ALEXANDER A. VOITYUK

Institució Catalana de Recerca i Estudis Avançats (ICREA), Barcelona,
Spain and Universitat de Girona, Institute of Computational
Chemistry, Spain

5.1 Introduction

Quantum mechanical calculations of the electronic structure and properties of
biological systems remains a formidable challenge in computational chemistry.
High-level ab initio and density functional theory (DFT) methods provide
insight into the nature of relatively small molecules. The size and conforma-
tional flexibility of biomolecules call for much more efficient techniques capable
of treating systems up to several thousand atoms. Semi-empirical methods
(SMs) allow such systems to be addressed at the quantum mechanical level.1–5

The success of SMs lies in having some adjustable parameters. Tuning these
parameters one can implicitly include the effects of electron correlation and
extended basis sets and thereby achieve chemical accuracy at a fraction of the
computational cost of ab initio and DFT methods (SMs are typically 3 to 4
orders of magnitude faster than DFT calculations). The role and place of SMs
in quantum chemistry is considered by Clark.5 It is well known that properties
of biomolecules considerably depend on molecular motion, and, therefore, the
calculated characteristics should be averaged over many configurations.
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In particular, surrounding dynamics can essentially affect chemical transfor-
mation in the active site of enzymes.6 Ab initio and DFT methods are com-
putationally too demanding to allow for sufficient sampling of conformational
states even for medium-size models. The speed of SMs makes them amenable to
simulations over time scales of tens of nanoseconds.
The development of semi-empirical techniques has a long history;7 over the

past decades, SMs have been widely used in organic chemistry, biochemistry
and drug design.1–5,12 The accuracy of SMs has been continuously improved,
new algorithms for treatment of very large systems have been suggested. This
makes SMs suitable for modeling various systems, where specific electrostatic
interactions, hydrogen bonds, and solvent dynamics are of particular impor-
tance.13 In this review, we consider semi-empirical methods that are of interest
for application in biochemistry and related fields.

5.2 MNDO and MNDO/d Based Methods

In 1978, Dewar and Thiel published a seminal paper, in which they described a
new semi-empirical approach called MNDO (Modified Neglect of Differential
Overlap).14 This method employs an elegant and efficient scheme to calculate
two-center two-electron integrals using point charges.15 Although MNDO is
derived from Hartree–Fock theory, the balanced description of electrostatic
interactions as well as carefully defined semi-empirical parameters allowed one
to achieve a higher accuracy as compared with earlier SMs based on the CNDO
and INDO schemes. Within a short time, the MNDO scheme became very
popular and was widely employed for quantum mechanical studies of organic
molecules. With the passage of time, various limitations were found. In parti-
cular, the MNDO method fails to reproduce the structure and the energy of
hydrogen bonded systems. Several schemes based on the MNDO Hamiltonian
have been developed, e.g. AM116 and PM3,17 which in general provide more
accurate results than MNDO. AM1 and PM3 differ from MNDO by including
several Gaussian terms in the core–core repulsion function. For some molecules,
however, some artifacts in potential energy surfaces were found. Jorgensen and
his co-workers showed that further modification of the core–core repulsion in
MNDO and PM3 improves the accuracy of these schemes.18,19

A key step in the development of SMs is parameterization, a procedure to
search parameters that determine the semi-empirical Hamiltonian. The MNDO
and related methods were parameterized using the ground-state properties:
heats of formation, molecular geometries, dipole moments, and ionization
potentials, as reference data. Today, the reference data for many molecules can
be found in the WebBook20 and the Cambridge Structural Database.21 To
assess the advantages and limitations of a semi-empirical scheme, many tests
have to be performed for different properties and different classes of molecules.
The performance is established by comparison of estimated molecular prop-
erties with the corresponding experimental data or/and the results of more
sophisticated calculations (see Tables 5.1 and 5.2). Systematic assessment of the
SMs has been reported.1,2,4,14–23
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As is well known, DFT calculations with the commonly used exchange-
correlation potentials (e.g. B3LYP) provide rather accurate energetics for
small-size molecules; their performance for large systems is, however, less
satisfactory (see Table 5.2). Unlike DFT, the accuracy of SMs does not change
much by increasing the size of molecular systems.24 The MNDO, AM1, PM3
methods and their variants are available in many programs for quantum
mechanical calculations and maybe routinely used in computational modeling
of biomolecules.

5.2.1 MNDO/d

The MNDO and related schemes were formulated for the sp-AO basis and
cannot be applied to compounds of transition metals because of the omission of
d orbitals. An extension of the MNDO scheme to the spd basis, MNDO/d, has
been suggested by Thiel and Voityuk.25,26 This scheme was extensively tested
for main group elements; MNDO/d was found to describe hypervalent com-
pounds of P, S, and halogens much more accurately than the methods based on
the sp-AO framework. The major advantage of MNDO/d and related schemes
is that they can be applied to study biomolecules including transition metals
such as Fe, Cu, and Mo. The extension of the AM1 method to AM1/d and the
parameters for Mo was described in detail.27 The AM1/d parameterization of

Table 5.1 Mean absolute errors of SMs for organic compounds.a

Property Nb MNDO AM1 PM3 OM3 DFTB

DHf, kcal/mol 140 6.3 5.5 4.2 2.9 7.7
Bond lengths, Å 242 1.4 1.7 1.1 2.0 1.5
Bond angles, deg. 101 2.6 1.9 2.1 1.8 1.3
Ionization potential, eV 52 0.46 0.35 0.42 0.45 3.82
Dipole moment, D 63 0.35 0.26 0.27 0.27 0.37
Vibrational frequencies, cm�1 112 241 172 151 120 90

aThe data are taken from Ref. 23.
bNumber of comparisons.

Table 5.2 Mean absolute errors of SMs for organic compounds (all data are in
kcal/mol).a

Compounds Nb G3 B3LYP MNDO AM1 PM3 OM2 DFTB

DHf, small species 81 0.7 2.3 7.7 7.4 6.7 3.36 9.19
DHf, larger species 47 0.9 7.1 7.1 6.3 4.4 3.15 4.50
DHf, alkanes C1–C16 16 0.5c 15.4d 1.8 10.9 2.2 2.03 5.99
Ionization energies 32 1.1 5.1 12.5 12.2 11.9 7.13 9.70
Electron affinities 29 1.0 3.6 15.4 11.8 9.2 8.6 12.30

aThe data are taken from Ref. 23.
bNumber of comparisons.
cG3 data only up to C8H18.
dThe error increases with molecular size.
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Mo showed that there were systematic deviations for certain types of Mo–X
bonds. Inclusion of Gaussian-type functions commonly used in AM1 did not
improve the data.27 On modification of the AM1/d scheme, by introducing
Mo–X bond specific parameters in the core–core repulsion, the accuracy of the
results was significantly increased. The use of the diatomic parameters allows
the method to be extended to other elements without modifying the underlying
schema. The parameterization procedure for transition metals is not as
straightforward as for the main group elements. Unlike organic molecules,
experimental heats of formation and metal–ligand bond enthalpies are sparse
and prone to errors and, because of this, the reference data for many ele-
ments should be augmented with the results of ab initio and DFT calcula-
tions. High-level calculations of transition metal compounds are extremely
time consuming and cannot be considered as a convenient source of the
reference energies. In many cases, results from DFT calculations are found to
be not accurate enough. For molecular geometries, gas phase structures are
available for a number of metallorganics, but X-ray crystallographic data
must be used as reference geometries of inorganic compounds. The orbital
energies of the transition metal in complexes cannot be used to estimate the
corresponding vertical ionization energies (the Koopmans’ theorem does not
hold for transition metal compounds due to large electronic reorganization).
Furthermore, ‘smooth’ optimization of semi-empirical parameters is limited
by problems with SCF convergence for some reference systems.
It has proven difficult, however, to obtain a general set of semi-empirical

parameters to describe the diverse range of molecular properties of transition
metal compounds. For this reason, specific parameters for particular che-
mical problems have to be elaborated. This approach is typified by the fol-
lowing examples. Parameterization of AM1/d for a phosphoryl transfer
process was described by York et al.28 The AM1/d method was also para-
meterized for accurate estimation of bond energies and structural parameters
in complexes of Pt with large p conjugated systems.29 A set of PM3/d
parameters for Fe was developed to describe structure and redox properties
of the active sites of iron-containing proteins, including iron–sulfur clusters
and iron–heme complexes.30 To model hydrogen abstraction catalyzed by
iron species, the reaction-specific PM3/d parameters for Fe were suggested.31

Two semi-empirical schemes based on the MNDO/d framework have been
recently reported. In the AM1* method,32,33 the original AM1 parameters
are used for H, C, N, O, and F. For other elements (P, S, and Cl,32 Al, Si, Ti,
and Zr,33 Br and I,34 Cu and Zn,35 V and Cr,36 Co and Ni,37 Mn and Fe,38

and Au39), the semi-empirical parameters have been elaborated for the spd
basis. The strengths and weaknesses of AM1* have been discussed in
detail.32–39 Most of the approximations used in PM640 are identical to those
in AM1/d,27 while some modifications were made to the core–core repulsion
term. The method has been parameterized for some 70 elements. To obtain
the final parameter set, ca. 9000 species was employed. PM6 is found to give
good results for biomolecules. For a representative set of species, its average
absolute error in DHf is 4.4 kcal mol�1, whereas B3LYP, PM3, and AM1
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show errors of 5.2, 6.3, and 10.0 kcal mol�1, respectively. The method
provides reasonable geometries of transition metal complexes and may be
considered as a good starting point for further reaction-specific para-
meterization of 3d and 4d elements.

5.3 An Overview of Other Semi-empirical Approaches

Beside the MNDO andMNDO/d related methods, which play a significant role
in practical calculations, several other semi-empirical approaches are of interest
for application in biochemistry.

5.3.1 OMx Schemes
41,42

OM1, OM2, and OM3 schemes described organic molecules more accurately
than the MNDO based approaches (see Tables 5.1 and 5.2) due to inclusion of
explicit corrections that mimic the Pauli exchange repulsion. All of the OMx
schemes provide similar results. As these methods are still parameterized only
for 4 elements (H, C, N, and O), their extensive application for modeling
biological systems is somewhat restricted. OMx may be employed to treat
excited state properties of molecular systems (see below).

5.3.2 DFTB

The DFTB (density functional tight binding) method is an approximate
scheme, derived by a second-order expansion of the total DFT energy
expression,43 the formalism, parameterization and applications of this method
are considered in detail by Elstner.44 This approach appears to perform well
for biological systems. In particular, it reproduces accurately conformational
energies and geometries for polypeptides.23 The overall accuracy of DFTB is
similar to PM3 (see Tables 5.1 and 5.2). This method is readily recommended
for the study of biomolecules,44 but apparently is less suited to the study of
radicals and electronically excited states.23

5.3.3 MSINDO

MSINDO was developed by substantial modifications of the SINDO1 form-
alism.10,45 The MSINDO parameters are available now for elements H, Li to F,
Na to Cl, K to Zn, and Ga to Br. MSINDO employs the spd basis for Al to Cl
in order to account for hypervalent compounds.46 To date this method is
mostly applied to models in solid-state chemistry and there are only a few
studies related to biochemistry. In particular, MSINDO provides good results
for electronic properties and geometry of signaling biomolecules, and can be
used for the analysis of structure–activity relationships.47
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5.4 Hydrogen Bonds, Non-covalent Interaction

and Effects of Environment

Correct treatment of intra-molecular and inter-molecular hydrogen bonds
(HBs) in the QM treatment of biomolecules is vital. As noted previously, the
original MNDO scheme fails to properly describe the structure and the energy
of HBs, which makes it unsuitable for biological applications. While AM1 and
PM3 give better results, the accuracy of these schemes is still not satisfactory. A
modified MNDO scheme was suggested to treat the structure and energetics of
systems with both weak and strong hydrogen bonds.48 A variant of the PM3
method was recently introduced for modeling HB in nucleic acids.49 The per-
formance of semi-empirical methods for hydrogen bonded systems has been
considered in detail.50

In biomolecules dispersive interactions, e.g. p–p stacking, can be of equal
importance to hydrogen bonding interactions,13 and their accurate QM cal-
culation requires computationally expensive high-level ab initio methods in
combination with large basis sets. Standard DFT and semi-empirical methods
often fail to properly describe these interactions.13 An important step to
address this situation was made by Grimme, who suggested adding empirical
corrections to the total energy of the system.51 Augmenting the AM1, PM3 and
OMx schemes with a dispersion term improves significantly the description of
hydrogen bonding and van der Waals interactions in biomolecules.52,53 The
corresponding corrections were also developed for PM654 and DFTB.44

Extensive tests showed that a dispersion corrected method reproduced the
interaction energy between biomolecules within 1.5 kcal mol�1, which makes
them valuable for molecular docking and conformational analysis.
Since experimental studies usually involve molecules in solution, solvent

effects should be accounted for in computational models. Existing approaches
to treat the environment effects can be divided into two distinct groups: con-
tinuum and discrete schemes. In continuum models, the solute molecules form
a cavity within the dielectric continuum that represents the solvent. Accurate
PCM models developed by Cramer and Truhlar for semi-empirical methods
appear to provide a reliable treatment of chemical reactions in solution.55

Hybrid QM/MM (quantum mechanics/molecular mechanics) approaches are
often applied in the discrete solvent model: the solute molecule is treated by
QM and the solvent by a suitable force field.56 In these models, averaging over
the degrees of freedom of the solvent is necessary. This can be achieved by
sampling over a large number of snapshots from classical molecular dynamics
(MD).
QM/MM approaches have become the method of choice for modeling bio-

chemical reactions.57 QM schemes are required to describe chemical transfor-
mations, electronic excitations, charge and electronic energy transfer processes.
The size and conformational complexity of biopolymers require methods
capable of treating up to several 100 000 atoms and allowing for simulations
over time scales of tens of nanoseconds. However, even semi-empirical calcu-
lations are usually restricted to systems of up to a few hundred atoms. In the
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QM/MM model introduced by Warshel and Levitt,58 a QM method is
employed for the chemically active region (e.g. substrates and co-factors in an
enzymatic reaction) whereas the surroundings (e.g. protein and solvent) are
treated by an MM method. Many variants of QM/MM methods based on
semi-empirical treatment of QM region have been described.59,63 These and
other related schemes enable quite accurate modeling of biochemical reactions
at a reasonable computational effort. Many interesting examples of biomole-
cular QM/MM studies are provided in the literature, see e.g. Table 5.2 in the
review by Senn and Thiel.57 SMs are also used in the so-called ONIOM models
developed by Morokuma and co-workers.64,65 ONIOM is based on an addi-
tivity scheme wherein different QM methods are applied to different regions of
a molecular system.

5.5 Excited States

Theoretical modeling of excited states is of potential interest because of pho-
tosynthesis and several other biochemical processes related to electronic exci-
tations. The interpretation of experimental data on excited state properties of
biomolecules remains challenging and QM methods are often invoked to
analyze the excited state properties. Most accurate theoretical approaches, MS-
CASPT2,66 and coupled cluster methods67 are well established and may be
successfully applied to relatively small molecules with up to 30 heavy atoms.
Reliable models of many biological systems lie, however, beyond these high-
level approaches. Recently a MS-CASPT2 benchmark set has been introduced
for electronically excited states of small organic molecules with a total of 223
excitations,68 which provides a good basis to assess the performance of less
sophisticated but more efficient computational approaches. Time-dependent
density functional theory (TD-DFT) gives reasonable results for medium-sized
molecules,69 but has limited use for treating charge transfer transitions.70 It
should be noted that the bottleneck, due to molecular size, is more restrictive
here than for ground state calculations. The CIS method is an affordable
technique to compute electronic excitations in larger molecules. This approach,
however, is currently not accurate enough and a typical error in the calculated
excitation energies is larger than 1 eV.
SMs are computationally much less demanding than high-level ab initio

methods, and they continue to be very useful in modeling excited state prop-
erties of biomolecules. The INDO/S method, developed by Ridley and Zerner
40 years ago,71 is the most popular semi-empirical approach for calculating
electronic excitations in extended organic systems. New parameters for oxygen
were suggested to improve the results for carbonyl compounds.72 The method
was extended for several main-group elements and transition metals,73,74

INDO/S appears the most accurate in predicting low-lying p–p* and n–p* bands
of molecules containing first- and second-row elements.75 As the standard
method predicts triplet excited states too low in energy, the modified scheme76

should be used. Since the INDO/S method is not suitable for geometry opti-
mization, the molecular structure should be taken from experiment or

113Semi-empirical Methods: Current Status and Future Directions



calculated by other computational approaches. In addition to transition ener-
gies, INDO/S may be employed to explore charge distribution in both the
ground and excited states. Two methods, NDDO/G75 and CNDO/L,77 were
recently elaborated to calculate excited state properties of organic and
biological molecules.
CIS calculations using MNDO, AM1, or PM3 Hamiltonians are shown to

underestimate excitation energies of organic chromophores.78 The results
become more accurate by including pair-doubly excited configurations in CI.79

Despite the fact that the OMx methods were parameterized for ground state
properties, they show good performance for electronically excited states (the
reference data for transition energies, oscillator strengths, and excited-state
dipole moments are well reproduced) within the CISDTQ scheme (single,
double, triple, and quadruple excitations are accounted for in CI).78 This
approach, however, appears to be computationally demanding for large
chromophores.

5.6 Electron and Excitation Energy Transfer

Electron transfer (ET) and excitation energy transfer (EET) reactions within
proteins play a key role in bioenergetic pathways and have been extensively
studied using computational methods.80,81 In the past decade, long-distance ET
mediated by DNA has also received considerable theoretical attention.82,83 The
ET and EET free energy (DG) and the electronic coupling (V) are key para-
meters that determine the efficiency of these processes. Electronic couplings are
difficult to derive from experimental data and QM approaches are widely
employed to estimate these matrix elements. The ab initio CIS and TD DFT
methods seem to be of limited use.70 CASSCF and MS-CASPT2 calculations
provide more reliable estimates of DG and V, but they are tractable only for
small systems. As thermal fluctuations of the protein and DNA structure affect
the electronic couplings considerably the parameters should be estimated by
their averaging over many configurations.84,85 To take into account the influ-
ence of structural dynamics on the efficiency of ET and EET, very efficient
quantum chemical methods should be applied. SMs are widely employed to
study intra- and inter-molecular ET.86,87 AM1 was successfully used to explore
fast ET through a polyglycine a-helix.88 Recently, the performance of several
semi-empirical methods in modeling ET in p-stacks of nucleobases was asses-
sed.89 INDO/S is shown to provide good estimates for V and DG; the MNDO,
AM1, and PM3 methods give reasonable DG values, but fail to predict the
couplings in the p stacks. The DFTB scheme performs well when calculating
ET parameters.90

5.7 Linear Scaling

While SMs are much more efficient than ab initio and DFT approaches, one
runs into a serious computational problem on application to systems consisting
of thousands of atoms. The most time-consuming step is the diagonalization of
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the Fock matrix, which scales as N3 for N basis functions. This problem may
be addressed using linear-scaling methods.1,91 The basic concept of these
approaches is to divide a molecular system into a set of small sub-systems and
to solve the eigenvalue problem for these molecular fragments instead of
diagonalization of the global Fock matrix. Then, an approximate total electron
density matrix is built up from the contributions of the subsystems. The linear
scaling methods allow semi-empirical methods to be applied to real-size bio-
logical systems consisting of many thousands of atoms.91 Recently, the
LocalSCF method was proposed and implemented for SMs as a computa-
tionally inexpensive tool to treat large systems.1 It was tested for various
polypeptides, up to 264 residues. For the largest system, LocalSCF was found
to be 160 times faster than the conventional SCF procedure. The calculations
also showed that the time dependency is still nearer N1.5 than N. The LocalSCF
method was compared with the MOZYME scheme92 with respect to compu-
tational performance and the ability to reproduce matrix diagonalization
results.95 MOZYME is found to be more accurate in the prediction of total
energy, whereas LocalSCF is more reliable in calculating conformational
energies, dipole moments, and atomic charges. For a model system, containing
more than 20 000 atoms, LocalSCF is three times faster than MOZYME. Both
techniques reproduce satisfactorily the target data for the MNDO, AM1, and
PM3. Overall, the linear scaling methods allow the calculations of molecular
systems up to 10 000 atoms. They can be employed to calculate Mulliken
charges, dipole moments, and some other molecular properties, but they are
currently impracticable for geometry optimization.

5.8 Concluding Remarks and Perspectives

The major advantage of semi-empirical MO techniques is their speed and
versatility, which make them very useful for modeling biomolecules. In cases
where one needs to reveal the main features, to screen electronic properties or
to analyze the trends, rather than to accurately describe an individual system,
semi-empirical schemes are the method of choice. The combination of semi-
empirical methods with molecular dynamics allows one to study the effects of
structural motion on the properties and functions of proteins and nucleic acids.
Computed ET and EET parameters are especially sensitive to conformational
fluctuations in biomolecules, and therefore, reliable models of these systems
should account for the structural dynamics in nanosecond and longer time
scales. Currently, such simulations are affordable only with semi-empirical
approaches.
Modern SMs provide quite accurate data for the ground-state energetics and

structure of organic molecules. Dispersion corrections of the total energy have
considerably improved the performance of the methods for hydrogen bonds
and van der Waals interactions. The calculations of transition metal complexes
are still not so accurate and further effort here is required. More reliable results
may be obtained using specific parameters for specific chemical problems.
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The performance of SMs in prediction of activation barriers and transition
state structures seems to be inferior to that of more sophisticated calculations.
Since SMs suffer from occasional outliers, more effort is required for their
comprehensive assessment and corresponding corrections.
Design of new semi-empirical approaches as well as further extension of the

existing methods to other elements is needed to obtain more reliable tools for
computational modeling of biomolecules. Electron transfer and excitation
energy transfer processes play an important role in bioenergetic pathways,
hence special schemes elaborated for accurate treatment of these reactions are
of great interest. To this end, both ground-state and excited-state properties
should be used as reference data for parameterization of the semi-empirical
methods. Photochemistry is another important area, where carefully chosen
semi-empirical tools should be very helpful.
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32. P. Winget, A. H. C. Horn, C. Selçuki, B. Martin and T. Clark, J. Mol.

Model., 2003, 9, 408.
33. P. Winget and T. Clark, J. Mol. Model., 2005, 11, 439.
34. H. Kayi and T. Clark, J. Mol. Model., 2009, 15, 295.
35. H. Kayi and T. Clark, J. Mol. Model., 2007, 13, 965.
36. H. Kayi and T. Clark, J. Mol. Model., 2009, 15, 1253.
37. H. Kayi and T. Clark, J. Mol. Model., 2010, 16, 29.
38. H. Kayi and T. Clark, J. Mol. Model., 2010, 16, 1109.
39. H. Kayi, J. Mol. Model., 2010, 16, 1029.
40. J. J. P. Stewart, J. Mol. Model., 2007, 13, 1173.
41. M. Kolb and W. Thiel, J. Comput. Chem., 1993, 14, 775.
42. W. Weber and W. Thiel, Theor. Chem. Acc., 2000, 103, 495.
43. M. Elstner, D. Porezag, G. Jungnickel, J. Elsner, M. Haugk, T. Frauen-

heim, S. Suhai and G. Seifert, Phys. Rev. B, 1998, 58, 7260.
44. M. Elstner, Theor. Chem. Acc., 2006, 116, 316.
45. D. N. Nanda and K. Jug, Theor. Chim. Acta, 1980, 57, 95.
46. B. Ahlswede and K. Jug, J. Comput. Chem., 1999, 20, 563.
47. N. Ferro and T. Bredow, J. Comput. Chem., 2010, 31, 1063.
48. A. A. Voityuk and A. A. Bliznyuk, Theor. Chim. Acta, 1987, 72, 223.
49. T. J. Giese, E. C. Sherer, C. J. Cramer and D. M. York, J. Chem. Theory

Comput., 2005, 1, 1275.
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77. L. A. Montero-Cabrera, U. Röhrig, J. A. Padron-Garcı́a, R. Crespo-Otero,

A. L. Montero-Alejo, J. M. Garcı́a de la Vega, M. Chergui and
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CHAPTER 6

Quantum Chemical Topology:
on Descriptors, Potentials and
Fragments

PAUL L. A. POPELIER

Manchester Interdisciplinary Biocentre (MIB), 131 Princess Street,
Manchester M1 7DN, UK and School of Chemistry, University of
Manchester, Oxford Road, Manchester M13 9PL, UK

6.1 Introduction

Nowadays ab initio quantum chemistry features more in drug design than back
in the 1990s, the approximate time of its significant uptake. Applied initially by
only a handful of enthused and patient visionaries of medicinal chemistry,
ab initio chemistry is now part of the armoury of standard tools in the phar-
maceutical industry. In fact, for the last five years, computational chemists
employed in that industry routinely obtain wave functions using a highly
affordable PC tucked away under their work desk.
Carryingout accurateab initio calculations remains anambitiousagenda indrug

design. The rather sudden appearance of Density Functional Theory (DFT) in
quantum chemistry made it possible to include electron correlation in calculations
on molecules with up to 50 second-row atoms already in the late 1990s. Such
calculations used not to be feasible when only ‘classical’ post Hartree–Fock
methods, such as MP2, were available. As drug molecules typically have a molar
mass of less than 500 g mol�1, they could immediately benefit from this increased
accuracy. Admittedly, very useful benchmark results are appearing1 at levels of
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theory that are probably ‘as good as they will ever be’ for the non-relativistic
electronic molecular Schrödinger equation. For example, the single-point inter-
molecular interaction energy for the parallel-displaced benzene dimer is –11.6 kJ
mol�1, obtained usingCCSD(T) at the estimated complete basis set limit, but only
at theMP2/aug-cc-pVTZoptimised inter-monomerdistance. Suchaccurate values
for interaction energies are unlikely to changewith the advent of the next available
hardware or software and, hence, are here to stay. The significance of such ‘per-
petual benchmarks’ cannot be underestimated. However, the CCSD(T) method,
which is, sometimes, called the gold standard of quantum chemistry, scales very
poorly with basis set size, that is, by a power of seven. By the second half of the
2000s, efficient implementations allowed calculations at the CCSD(T) level of
theory with a thousand basis functions and more.2 Although impressive, this
number of basis functions is not enough to embed the aforementioned benzene
dimer into a more realistic environment than the vacuum. Nevertheless, it is those
larger systems that one needs to be able to calculate properties for, in order to
capture the attention of a wider community of scientists and industrialists. Of
course, the challenge is much greater because, even if one could obtain future-
proof energies and geometries, the dynamic nature of interactions remains
elusive. Molecular simulation can deliver such nature but at the cost of invoking
only approximate energy evaluation, typically by means of a force field.
The challenges that still exist today may portray the optimism of the 1990s as

misplaced. There was much optimism as to what computational chemistry could
deliver for drug design. Ironically, now that computational chemistry is closer to
this goal, both the molecular modelling industry and the large-scale pharma-
ceutical industry appear to be shrinking. The best one can strive for is enhancing
the realism of the methods and data that computational chemistry can deliver to
the research field of drug design. Over the years, we have attempted to do this on
three fronts, all inspired by a common method called quantum chemical topol-
ogy (QCT),3–6 which will be introduced briefly below. These three fronts are
force field design, bio-isosterism and QCT’s electronic descriptors in quantitative
structure activity/property relationships (QSAR/QSPR). This chapter presents a
summary of much of the work on these three fronts of investigation. The
intention is not to spend equal space on all three subjects. In fact, recently there
have been moves to reduce our effort on the QSAR front, most space will be
devoted to it here to underline the state of play. Bio-isosterism is the most recent
strand of investigation and will be discussed very briefly. The plan is to intensify
our research efforts on force field design, which will be reviewed elsewhere in
much more detail in the near future. Bio-isosterism needs to be seen in the
context of fragment-based drug design and, therefore due to limitations of space,
this activity will be discussed more briefly than the other two.

6.2 Quantum Chemical Topology (QCT)

Quantum chemical topology (QCT)5 is a branch of quantum chemistry that
uses the concepts and language of dynamical systems to retrieve insight into
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quantum systems and with the ultimate goal of making them predictive.7 A
detailed justification for its name was given in a previous footnote8 and in
another appendix9 in addition to Section 2 of ref. 6. Dynamical systems10

constitute a branch of mathematics that largely originates from advanced
classical mechanics. Central to dynamical systems is the notion of a gradient
vector field, which is a collection of gradient paths. A gradient path is a curve of
steepest ascent, here appearing in a quantum mechanical function of interest.
This function can be, for example, an electron density, its Laplacian, an elec-
tron localisation function (ELF),11 a molecular electrostatic potential12 or a
virial field.13 The employment of gradient paths is the central feature that
defines the approach of QCT. They may be traced by following the gradient
vector in space, as it changes direction, point by point. The tracing can be
achieved by numerical methods such as Runge-Kutta-Cash-Karp.14–16

Gradient paths have an orientation, as they propagate from a low function
value to higher. A gradient traverses space searching out the highest function
value that it will encounter from its initial point. For the vast majority of
gradient paths this point is a maximum in the function, which is coined an
attractor. For example, if the function is an electron density then the attractor
coincides with a nucleus for all practical purposes. The portion of space carved
out by all gradient paths terminating at the attractor constitutes a topological
atom. Hence, the gradient vector field partitions the system into so-called
basins, which are subspaces, each housing an attractor.
One should also realise that a gradient path always connects two critical

points. A critical point is a point in space where the gradient vanishes. Clearly,
a maximum is a critical point; it is one of four types of rank 3, i.e. no vanishing
local curvatures critical points that are possible in three dimensions. The
electron density of an isolated molecule shows an ocean of critical points at
infinity, which are all minima. The gradient paths that form a topological
atom connect these minima at infinity with the maximum, i.e. attractor, that
dominates the atom. The partitioning into atoms is accomplished without using
any reference electron density. This is an important hallmark of QCT. Indeed,
by essentially being a partial differential the gradient exposes an internal
difference in the function that it operates on. In this way, QCT adheres to the
key principle of Occam’s razor because it does not invoke a reference function.
The notion of a gradient path is minimal rather than simple. The term ‘minimal’
refers to an economy of assumption that leads to an approach in which an
object under study can express itself in all its intrinsic complexity without being
squeezed in an a priori ‘corset’ of unnecessary assumptions and approxima-
tions. In contrast, the term ‘simple’ refers to imposing such a ‘corset’. Doing so
creates artificial problems that may be avoided. A compelling example, of the
difference between simple and minimal, is that of rationalising planetary motion
around the Sun. Whereas Ptolemean astronomy attempted to explain obser-
vations by means of imposed circular motion, Kepler disposed of these cor-
rections within corrections that this model employed. He introduced the ellipse
as a minimal concept that beautifully explained the observations without
artificial corrections. Admittedly, an ellipse is not perceived as elegant as the
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circle as it lacks a circle’s appealing symmetry. However, an ellipse is elegant in
a different and deeper way: it captures the essence of the physics of planetary
motion.
Returning to the remaining types of critical points, there are two additional

types of saddle points in 3D. One is a maximum in two dimensions and a
minimum in one dimension, and is called a (3,–1) point for reasons explained
elsewhere.4 The second type is called (3,þ1) and is a minimum in two
dimensions and a maximum in the remaining dimension. Note that a (3,þ1)
has a dual relationship to the (3,–1) in that maxima and minima have been
swapped. A gradient path connecting a minimum and a (3,–1) form a separatrix
between two basins. Again, this term is couched in the language of dynamical
systems and refers to the sharp separation between two non-overlapping basins.
In the two-dimensional phase portrait of the pendulum spanning angular dis-
placement and angular velocity, there is a separatrix between the two dyna-
mical regimes: swinging and free rotational motion.
Figure 6.1 illustrates the technical terms introduced so far by means of a van

der Waals complex. Depicted is an imidazole dimer partitioned into atoms that
do not overlap. Instead, the atoms are delineated by sharp boundaries without
interatomic gaps. The atoms also exhaust space in that each point in space
belongs to an atom. The algorithm17 that constructs this picture uses simplices
rather than cubes that impose an undesirably high symmetry and which are,

Figure 6.1 A finite-element representation of an imidazole dimer in accordance with
quantum chemical topology. The bond critical points are marked with
small purple spheres while ring critical points are marked by pink spheres.
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therefore, simple rather than minimal. The simplices spatially discretise atoms,
in the spirit of finite elements. The whole dimer is surrounded by a constant
electron density envelope serving as the outer boundary of atoms constituent of
a complex. This boundary is not topological in nature because it is not a
separatrix. Instead, it is an arbitrary edge that helps visualising atoms in iso-
lated molecules, and enables them to be allocated a finite volume. However, one
can argue that an isolated molecule, or van der Waals system, actually does not
exist. When travelling away from a molecule one will, sooner or later,
encounter another molecule in the Universe. Therefore, one will find a separ-
atrix that separates the original ‘isolated’ molecule from the one just encoun-
tered. As a result, all molecules are actually separated from their environment
by separatrices, although they may be unreasonably far away. Any molecule,
whether in an isolated state or in a condensed matter state, is completely
bounded by topological boundaries. This is important because it eliminates the
artificial need for constant electron density envelopes set at reasonable but
actually arbitrary values.
Figure 6.1 shows the atomic volumes over which property densities can be

integrated to deliver the corresponding atomic properties. For example, the 3D
integration18,19 of the electron density over an atomic volume yields the elec-
tronic population of that atom. When corrected for the nuclear charge con-
tained within the atom, this population is converted to an atomic charge. If the
property density is an electron density multiplied by a vector centred on a
nucleus that sweeps a full atomic volume, then 3D integration yields an atomic
dipole moment. Higher rank multipole moments will feature in Section 6.4. A
(3,–1) critical point in the electron density is called a bond critical point (BCP)
and a (3,þ1) critical point is called a ring critical point (RCP). Both types of
critical points are shown in Figure 6.1. In 2003, a full classification of the nine
possible gradient paths that can exist in terms of the two rank 3 critical points
they connect was clarified.20 This classification is general and valid for any
quantum mechanical function, including an electron density. One type of
gradient path originates at a BCP and terminates at a maximum and is marked
by a dashed curve in Figure 6.1. The two gradient paths, each originating from
the same BCP and terminating at two different nuclei, are collectively called an
atomic interaction line.
The function of focus determines which aspect of the quantum system is

revealed. For example, if the function is the electron density r(r), then atoms
inside single molecules or molecular complexes, are revealed, as demonstrated
above in some detail. If the function is the Laplacian of an electron density,
,2r(r), to mention a second example, then one may recover lone pair regions
amongst others. This proposal refers to work carried out in the 1980s, which
associated critical points in ,2r(r) with lone pairs21,22 and thereby provided a
purely empirical basis for the widely used VSEPR model.23 However, more
recent work24–26 focused on the full topology of the Laplacian and went beyond
mere critical points. Here, for the first time, basins in the Laplacian were
plotted and the electron density integrated over their volume so that their
population may be studied.
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In 1975, the French mathematician Thom in a monograph27 called Stability
and Morphogenesis boosted the development of the ‘Quantum Theory of Atoms
in Molecules (QTAIM)’,3 which laid the basis of QCT. Thom saw the Universe
as a ceaseless creation, evolution and destruction of forms. Inspired by earlier
work of another mathematician called Arnold,28 Thom introduced catastrophe
theory in the 1960s, which became very popular in the 1970s due to the efforts of
Zeeman. Catastrophe theory is a branch of bifurcation theory in the study of
dynamical systems. Bifurcation theory classifies phenomena characterised by
sudden shifts in behaviour arising from small changes in circumstances. Cat-
astrophe theory was applied29 to the topology of r(r), which led to universal
insight into three-centre systems and the formation of cage structures.
The Silvi group also used catastrophe theory to study30 the evolution of the

topology31 and rationalised chemical reaction mechanisms by following how
electron pairs reorganise. In this case, QCT is manifest in a gradient vector field
operating on a three-dimensional function ELF. Therefore, this work, started
in the first half of the 1990s,32 resides under the QCT umbrella. So does the
work of Joubert et al. who combined a QTAIM and ELF analysis33 to obtain
unique insight into the bond-formation process in a prototypical SN2 reaction.
A further segment of QCT is the topological study of the electrostatic

potential,34 another 3D function studied by Gadre’s group.35 Tsirelson et al.
managed to have the gradient vector field of the electrostatic potential partition
space into electrically neutral pseudo-atoms. Blanco et al.36 proposed an inter-
acting quantum atoms (IQA) approach, that is a correlated energy decomposi-
tion scheme based on QTAIM, and which is preceded by our earlier work.37 IQA
offers energetic underpinning for the topological expression of chemical bond-
ing38 by monitoring competition between atom pairs in terms of their exchange
energy. Topological energy partitioning also highlights39 how current force fields
focus is only on interatomic interaction energies. The importance of self-energy
terms were made clear from our energy decomposition of torsional barriers.40

The so-called ‘virial field’, defined as the trace of the Schrödinger stress
tensor,3 is another 3D function perceived in terms of its gradient vector field13

and hence resides under the umbrella of QCT. The penultimate example of a
QCT analysis is that of a magnetically induced molecular current distribu-
tion.41 Finally, the gradient vector field of the intracule density reveals corre-
lation cages,42 providing new insights into electron–electron interactions in
atoms and molecules. This final example concludes the list of QCT analyses
mentioned here. Alternative methods of interpretative quantum chemistry43–49

do not share the central concept of the gradient vector field. This crucial
difference is what draws together the topological analysis of the various func-
tions under the heading of QCT, thus making them distinct from alternative
methods.
It should be clear from the above that QCT is more than a population

method, although it is often used for this purpose in the wider community. It
would be naive to confuse its use for what it is. In fact, those embracing QCT as
a now de facto method of extracting chemical insight beyond structure are the
high-resolution X-ray crystallographers.
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6.3 Quantum Topological Molecular Similarity

(QTMS)

A full account of the development and achievements of quantum topological
molecular similarity (QTMS) can be found in a recent book.50 Here is presented
a more compact account guided by a number of questions receiving answers
from the series of papers our group have published on QTMS over the last
decade. The roots of QTMS are in the ansatz that the electron density of a
molecule is the ultimate source of its properties and that one should therefore
compare the electron densities of two different molecules to gauge similarity. If
the similarity between two molecules is high in terms of their electron densities
then it is expected that they will possess similar high-level properties, such as
binding to a protein. This ansatz is shared with a method called quantum
molecular similarity (QMS), which emerged from the Carbó group in the
1980s. In 1980 they published51 a seminal paper proposing a measure of
molecular similarity based on an the electron density. This article was well
ahead of its time and became widely cited, probably due to its conceptual
boldness and ultimate promise. However, the actual practical implementation
of the idea behind this article continued well into the late 1990s, with a reliance
on increasingly sophisticated mathematical techniques. The philosophy of the
QMS approach, and its various acronyms such as QMSM and MQSM, is
supported by Hohenberg and Kohn’s existence theorem that states that the
non-degenerate ground-state electron density determines the Hamiltonian. If
the Hamiltonian of a molecule is known then this molecule’s properties may be
obtained by virtue of solving the corresponding Schrödinger equation.
Carbó et al. proposed a similarity index, which is essentially an overlap integral
between the respective calculated electron densities of two different molecules
normalised for their molecular size. This gauge resembles a correlation index
already in use in pattern recognition but Carbó’s innovation was the use of,
originally semi-empirical and later ab initio, electron densities in molecular
similarity analysis. This innovation is a product of the driving force of physi-
calising biological and pharmaceutical science, a general force that has also
driven the development of QTMS.
In its original formulation, the practical calculation of the Carbó index

required excessive CPU time. Secondly, this approach suffered from multiple
maxima in molecular superposition and alignment procedures. Thirdly, it faced
the problem of the dominance of the core densities in influencing the numerical
value of the similarity index. Finally, the index is a single number and hence
obliterates knowledge about the contributions of molecular fragments. The first
problem can be tackled by the so-called atomic shell approximation (ASA),52

which expresses the molecular electron density by a linear combination of
Gaussian s functions. In order to save even more CPU time, the Carbó group
proposed application of the ASA to pro-molecular densities.53 A pro-molecular
density is a simple superposition of atomic electron densities. Superficially,
molecular and pro-molecular electron densities look extremely similar but this
very small difference is exactly what makes a molecule more than a mere
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superposition of free unhybridised atoms. If the latter picture was sufficient
then it would be pointless to spend many unnecessary CPU hours on a
CCSD(T) or more approximate calculation. Therefore, drawing conclusions
from an index that operates on pro-molecular electron densities should be met
with deep suspicion. The second problem of alignment, in general, cannot be
circumvented. This challenge faces the same potential combinatorial explosion
that global optimisation algorithms attempt to avoid. However, if a set of
molecules has a common skeleton, as in many QSARs, then there is a one-to-
one mapping between the atoms or bonds of two different molecules. In this
case it is straightforward to superimpose molecules. The third problem of core
densities was circumvented by reformulating the similarity index with electro-
static potentials,54 valence electrons55 or momentum densities.56 The fourth
problem, namely that of the global nature of the similarity index, was
addressed57 within the QMS context after QTMS had successfully solved it.58

In fact, the way QTMS works precludes this problem, so it is more accurate to
state that QTMS actually did not have to solve this problem. Then how does
QTMS work and where did it all start?
In 1995, the concept of the BCP space was launched59 and tested on the drug

haloperidol. Before worrying about how to superimpose respective molecular
electron densities of two molecules, one should ask if the calculation of
their molecular similarity requires the full electron density. As explained above
(see Section 6.2), BCPs are special points in space, remote from the nuclei that
they connect but still fully dependent of their presence, both in terms of loca-
tion and core density. Locating these BCPs is a fast and robust process.60 Now,
imagine an abstract space in which each axis represents a different quantum
mechanical function that is evaluated at a given BCP. This space can be two-
dimensional, for example, and spanned by the electron density r and the
ellipticity, which is denoted by e. The latter is obtained as a ratio of two local
curvatures and serves as a simple shape descriptor of electronic structure, for
instance, expressing the p-character of a C–C bond. Phenol conveniently
illustrates this 2D BCP space, as shown in Figure 6.2.
Phenol’s 13 bonds are represented by 13 different points in BCP space. Since

the OH group breaks the symmetry of a mirror plane orthogonal to the
molecular plane, no two BCP points coincide: each bond has a unique electron
density and ellipticity. The C–C bonds have the greatest ellipticity, which is
unsurprising as they are part of the p-system in the aromatic ring. The C–O
bond has the greatest electron density of all possible bonds in phenol. The fine
structure of this pattern would change if another substituent were added or if
the OH group were replaced by another functional group. There are many
bonds that share the same degree of ellipticity. For example, there are C–H
bonds in phenol that have practically the same ellipticity as that of the C–O
bond. If one continuously altered the bond length of C–H then one could surely
match the ellipticity of C–O exactly. Therefore, bonds cannot be characterised
uniquely in only one dimension. However, in two dimensions, the precise value
of two BCP properties, such as the ellipticity and the electron density, already
fully determine a bond. A 2D property space ‘locks in’ a given bond, expressing
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all the subtle substitution effects that a bond may experience. The idea of BCP
space can be readily extended to an arbitrarily high dimension. For example,
the Laplacian of the electron density, denoted ,2r, is a useful property to join
the two properties already discussed to construct a 3D BCP space. The
Laplacian gauges the local concentration of electron density and classifies
bonds as closed-shell or shared interactions.61,62

The drug haloperidol can be thought of as essentially consisting of four
fragments, that when completed to molecules become fluorobenzene, chlor-
obenzene, butyraldehyde and 4-hydroxypiperidine. All in, haloperidol may be
represented by 51 bonds in this 3D BCP space.58,59 The Carom–Carom bonds
clustered in BCP space give rise to two subclusters, the smaller one representing
the two pairs of phenyl C–C bonds adjacent to the C–F or the C–Cl bond.
These four bonds exhibit somewhat greater ellipticity, which is due to the fact
that halogens are p-donors. The ellipticity even detects that fluorine is a
stronger p-donor than chlorine. One should be aware that there is no magic
about the very position of a BCP. We noticed early on that properties evaluated
in the vicinity of the BCP could also be used to characterise a bond. However,
the BCP position does not need parameters to define it. In contrast, a bond
midpoint, for example, is determined by a positional parameter arbitrarily set

Figure 6.2 Depiction of phenol in a two-dimensional BCP space. The ellipticity e
(dimensionless) is plotted against electron density r (in a.u.) evaluated at
each of the 13 BCPs.
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to one-half. BCPs, in contrast, are self-defining and appear naturally in the
gradient vector field, without need for parametrisation. BCPs are minimal while
bond midpoints are simple.
An early verification of BCP space attempted to reproduce a ranking

according to molecular similarity applied to a simple set of substituted
benzenes, containing benzene, aniline, nitrobenzene, para-nitroaniline, meta-
nitroaniline and ortho-nitroaniline. The ranking according to BCP space
disagreed with that of a study63 using the Carbó molecular similarity index rAB.
As no experiment could resolve this discrepancy, verification of BCP space
required a case where experiment could.58 Attention focused on one of the
oldest QSARs and a bedrock of classical physical organic chemistry: Ham-
mett’s substituent constant s. If a similarity index formulated in BCP space can
be related to s, then this would vindicate the concept of BCP space. This indeed
proved so, as demonstrated by work58 on substituted benzoic acids, acting as a
typical set of congeneric molecules sharing a common skeleton. A convenient
measure of similarity between molecules A and B starts with the Euclidean
distance between two points in BCP space. It is important that the components
of this distance are first standardised such that they are dimensionless because it
is impossible to add physical quantities that have different units. The distance
dij between two BCPs i and j in 3D BCP space is defined as the square root of
the sum of the squares of the differences between the three properties evaluated
at BCP i and BCP j. Subsequently, the distance d(A,B) between two molecules
A and B is defined as a sum of the distances dij associated with the two
molecules A and B. Of course, the lower the value d(A,B), the more similar the
molecules A and B are. Two important questions arise in connection with the
exact formulation of the sum leading to d(A,B): Which BCPs of molecule A
should be compared to which BCPs of molecule B? and How many BCPs should
be included in this sum?An answer to the first question is that a BCP in molecule
A should be compared with the corresponding BCP in molecule B, according
to the evident one-to-one mapping that exists between two molecules with a
common skeleton. For example, the Cipso–Cortho BCP in para-chlorobenzoic
acid, say syn with respect to the COOH substituent at Cipso, must be matched
with the Cipso–Cortho BCP in para-nitrobenzoic acid. An answer to the second
question led to an interesting feature of QTMS, namely that it highlights the
‘locus of action’ in the molecule. As explained below in detail, the statistics of
regression of distances in BCP space against experimental data highlight the
part of the molecule that best relates to experimental data. For example, the s
constants are essentially pKa values and therefore relate to the dissociation of
this acidic group. Therefore, in substituted benzoic acids one expects the
COOH group to be the locus of action. The sum resulting in d(A,B) does then
only contain three dij values: one for O–H, one for C¼O and one for C–O. In
the analysis of a small set of para-substituted benzoic acids the NH2 substituent
was taken as a reference because it has the lowest value for s (it is the most
electron-donating group of all). A straightforward plot of s versus d(NH2,S),
where S represents an arbitrary substituent, yielded a correlation coefficient r2

of 0.993. To further test QTMS, five more para-substituted benzoic acids were
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examined, with S being set to COCH3, CHO, phenyl, OH, or O�. QTMS
correctly predicts that COCH3 and CHO are bracketed by CN and Cl for all
experimental values found. Experiment does not provide a single value but a
range of values, albeit narrow, as systems are revisited by updated experimental
techniques. In this regard it has been pleasing to find that more recent
experimental data matched the prediction of BCP space better than older data
for the phenyl substituent. Finally, the OH substituent is equally correctly
bracketed by OCH3 and CH3, which is not easy to verify experimentally due to
experimental difficulties only resolved in 1960, more than two decades after
Hammett’s pioneering work. The case of O� is interesting since it offers a
prospect beyond interpolation, namely that of extrapolation, a holy grail of
QSAR. Indeed, the experimental s value puts O� ‘left of NH2’, i.e. this sub-
stituent has a s value lower than that of NH2. QTMS correctly predicted that
O� is even more electron-donating than NH2. Further success was achieved
when studying a small set of meta-substituted benzoic acids.
This important case study58 showed that quantum similarity measures using

the full electron density were unnecessarily cumbersome and biased by che-
mically unimportant regions. The location of BCPs and the evaluation of their
properties are computationally inexpensive. Molecular alignment can be
bypassed if a mapping between molecules is clear, as is the case when a common
skeleton can be identified. BCPs occur in regions of the electron density that are
more sensitive to bonding characteristics than core regions. Their properties
depend on the accuracy of the whole molecular electron density. Secondly,
QTMS revealed that an experimental activity sequence will only be reproduced
if the distance measure is confined to contributions from BCPs associated with
the locus of action only. This finding remains intact in later statistically more
sophisticated treatments, as discussed below. This conclusion is independent of
the exact definition of the Euclidean distance because those treatments do not
invoke this distance.
It is pertinent here to discuss the role of the bond length in QTMS. It should

be emphasised that QTMS and BCP space operate on optimised molecular
geometries. According to unpublished evidence, QSAR models built from
unoptimised geometries show very poor correlation coefficients. The equili-
brium bond lengths, Re, can themselves be used as descriptors in QTMS. Later,
it emerged that various respectable QSARs could be generated with optimised
bond lengths alone. This observation gives rise to the question whether the BCP
properties, such as r or its Laplacian, actually add any information or value over
and above bond lengths. A subsequent QTMS study64 attempted to address this
question by investigating possibly linear relationships between BCP properties
and bond lengths. For that purpose a data set of 57 molecules was designed,
based on single conformations of the 20 natural amino acids and smaller
derived molecules, yielding 731 BCPs. It transpired that local linear relation-
ships did indeed emerge in a set of bonds provided there was little variation in
the chemical surroundings of the bonds. If a wider variety of bonds is allowed
then the correlation between the BCP properties and the bond length breaks
down dramatically. From this lack of correlation one may safely conclude that
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BCP properties cannot be trivially recovered or even predicted by knowledge of
bond length alone. So, in general, one should view the equilibrium bond length
as another BCP property, even if this is perhaps somewhat artificial at first
sight. This is how we discovered the value of ab initio optimised bond length in
QSAR. Curiously, bond length does not seem to feature much, if at all, as a
descriptor in the QSAR literature. Work from our group submitted for pub-
lication shows that bond lengths on their own are excellent descriptors for
prediction of pKa.
The simple ranking procedure and linear regression used in the early stage of

QTMS was subsequently replaced by partial least squares (PLS).65,66 Essen-
tially, PLS is a linear regression method allied with principal component (PC)
analysis.67 The latter is an unsupervised technique that constructs new variables
from the original, raw, variables such that the variation of the data along the
dimensions spanned by the new variables may be exposed. This analysis
identifies variables that describe the internal data structure compactly by
revealing the variables with the largest variation. Similarly, PC analysis facil-
itates omission of variables associated with little variation. The PCs in PLS are
called latent variables (LVs). The dependent variable, an activity of physical
property of interest, is then expressed as a linear combination of the LVs in the
PLS equation. The first LV will explain most of the variance in the independent
set, the second LV the next largest and so on. SIMCA-P prescribes a criterion
for the significance of an LV. If q2o0.097 then the LV is not significant and no
more LVs are computed. The PLS regression is then deemed complete.
QTMS work68 adopted PLS methodology to obtain regression equations

for benzoic acids in terms of LVs constructed from BCP descriptors. The
dependent variables were again Hammett s constants and the independent
variables consisted of r, ,2r, l1, l2, l3, e, K and G. The latter two quantities
are kinetic energy densities evaluated at the BCPs. When integrated over a
topological atom the values for K and for G become identical and are trivially
related to the total atomic energy. The li symbol represents an eigenvalue of the
Hessian of the electron density r with respect to the Cartesian coordinates
describing r. The eigenvalues express the coordinate-independent intrinsic
curvature of the electron density around a BCP. The signs of these eigenvalues
are used to classify the four possible types of critical points that can occur in
3D. The fact that ,2r¼ l1þ l2þ l3 is not a problem for PLS. Not only can
PLS cope with many variables, but also with variables connected through a
linear combination. In summary, the whole molecular set is described by 8n
variables, where n is the number of bonds present in the common molecular
skeleton.
The correlation coefficient r2 and the cross-validated correlation coefficient67

q2 indicate the quality of the PLS equation. Randomisation of the dependent
variables (‘Y’) determines if the likelihood of the correlation occurred by
chance. If good correlations are obtained with incorrect data, the initial
regression may be due to chance factors alone. Randomisation is a standard
option in the SIMCA-P computer package,69 which may also be used for the
PLS analysis itself. Details of the randomisation procedure are best referred to
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in the first QTMS work68 that used PLS, or directly in this program’s manual.
Assessment of the QSAR’s validity is essential before any results can be
interpreted in a physical sense.
The more elaborate PLS handling of para-benzoic acids recovered the earlier

results, discussed above, these being obtained by means of a more elementary
statistical treatment. Furthermore, QTMS was also successfully applied68 to
other carboxylic acid systems, such para-phenylacetic acid, 4-X-bicyclo-
[2.2.2]octane-1-carboxylic acids and even polysubstituted benzoic acids. All ab
initio optimisations were carried out at the following levels of theory: AM1//
AM1, HF/3-21G(d)//HF/3-21G(d), HF/6-31G(d)//HF/6-31G(d), B3LYP/6-
311þG(2d,p)//HF/6-31G(d) and B3LYP/6-311þG(2d,p)//B3LYP/6-311þG(2d,p).
In order to generate a consistent series of results throughout all QTMS studies
from our group to date, these levels were conveniently labelled from A to E,
respectively.
The question arises of how PLS highlights the locus of action in a molecule.

It has been shown in the first PLS study68 that the locus of action in benzoic
acids may be recovered. Hence, a priori knowledge of a centre of action for any
given activity is unnecessary70 with QTMS. Variable importance in the projec-
tion (VIP) values71 may also be employed. The VIP value indicates the relative
importance of each independent variable in the regression. Hence, factors that
contribute substantially to any fit have high VIP scores. A typical profile of
descending VIP values will show a sequence of BCP descriptors that jump from
one BCP to another. In other words, the ranking of VIP values does not respect
locality of the descriptors. For example, the highest VIP value may correspond
to the Laplacian of the 5th BCP, while the next highest value corresponds to the
ellipticity of the 11th BCP. These jumps, from one location in the molecule to
another, make the highlighting of the locus of action difficult. A PC analysis,
carried out by the program SPSS,72 can help in localising BCP descriptors by
reducing their number and condensing them into PCs. Typically only one, two
or at maximum three PCs are sufficient to describe the quantum information at
a BCP. PLS will then deliver a VIP plot, which highlights the BCPs important
to explain the variation in a given, i.e. measured or observed, activity or
property. These variables may now be associated directly with a region of
electron density that is recognised as a bond. The variable reduction, intro-
duced by a PC analysis, makes it is easier to localise the locus of action.
In summary, the (‘raw’) BCP descriptors are used to carry out the regression
for the purpose of prediction. On the other hand, a reduced set of variables
arising from a PC analysis of localised BCP properties is used to interpret the
PLS analysis.
It happens that the highest VIPs may contain other parts of the molecule that

cannot be readily associated with the mode of activity. However, it is believed
that QTMS has sufficient suggestive power to highlight the part of the molecule
responsible for the measured response and below an illustrative example is
covered. In some cases this highlighting occurs with high contrast and that a
small number of VIP variables dominate a decreasing sequence of variables
with much lower values. Often, however, the VIP plot reveals a rather slowly
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decreasing profile throughout. In this case, the diffuse nature of the profile
makes it harder to discriminate a locus of action from the rest of the molecule.
Finally, it should be pointed out that so-called ‘contaminations’ to the process
may occur. For example, some levels of theory highlight the Cortho–H BCP as
more important than the C¼O BCP in COOH. However, it is satisfying that all
five levels of theory, A to E as above, rank the carboxylic O–H bond as the
greatest VIP value. This is the bond that is broken on dissociation of the acid,
which is expressed by its pKa value and hence by a Hammett acidity constant.
A regression technique, such as PLS, demands an independent, or ‘X’

variable is sampled in the same relative location in each molecule of the dataset.
For example, in a set of substituted anilines the bond between the nitrogen of
the amino group and the phenyl carbon to which it is attached is readily
identified in each molecule of the full data set. In such a congeneric set of
molecules, one bond occurring in one molecule can be unambiguously mapped
onto the same bond in another molecule, the reason being that bonds are
marked by their position in the molecule and by the elements they connect. For
example, in a set of meta-substituted benzoic acids, the carboxylic C–O bond
appears in each molecule and is unique, unless one of the substituents is a
carboxylic group so that two carboxyl groups are attached to the phenyl ring.
Therefore, it is straightforward to map the C–O BCP in one molecule to the
C–O BCP in another. In a strict sense, the common skeleton in a series of
congeneric molecules is a subset of atoms, with the same atomic number in each
molecule and topologically connected to the same atoms, again with the same
atomic number.
The requirement of this strict version of a common skeleton, such as in para-

benzoic acids, was relaxed in a subsequent QTMS study.73 This relaxation
enabled the PLS analysis of a larger and more diverse set of aromatic car-
boxylic acids. For example, with a small modification, p-phenylacetic acids can
be added to a set of para- and meta-substituted benzoic acids. The former acids
contain a methylene group that cannot be brought into correspondence with
any fragment within the benzoic acids. This is why the methylene hydrogens
(see Figure 6.3) do not have numerical labels. What is more, the methylene
carbon is labelled as C5 because it takes on the role of the atom to which the
carboxyl group is bonded, corresponding to the C5 atom in the benzoic acids.
As a result, it is still possible to map 15 bonds of the p-phenylacetic acids to
the corresponding bonds in the benzoic acids. Figure 6.3 illustrates a colour-
coded plot, ‘rainbow plot’, indicating the influence of the bonds through
their VIP value in explaining the observed acidity of a set of benzoic and
phenylacetic acids. The active site has the highest influence, red, followed by
yellow4green4blue4 purple4black. Variables with a VIP value less than
unity can be discarded as unimportant and are marked in black. Bonds with a
VIP value of more than unity are assigned a colour in accord with the visible
spectrum. In other words, if at least one of the PCs that represent a bond has a
VIP value larger than unity it is assigned a colour other than black and
subsequent linearly spaced intervals of decreasing VIP values are assigned to
yellow, green, blue and violet, respectively.
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The VIP plot (see Figure 6.4) demonstrates that the PCs associated with three
of four of the highest VIP values describe the COOH group. One PC corre-
sponds to C8–H13, a C–H bond meta to the carboxyl group, which unfortu-
nately contaminates the locus of action. There are 28 PCs and each PC
represents topological information furnished by any of the 15 bonds of the
common skeleton. Some bonds are characterised by more than one PC. For
example, C9–H14 appears as three different PCs, A, B and C. The large number
of carboxylic acids appears to ‘sharpen’ the VIP plot towards the high end,
compared to plots for a smaller set of carboxylic acids. It is hypothesised that a

Figure 6.3 Rainbow plot illustrating the influence of the various bonds in the
observed acidity of all benzoic and phenylacetic acids. The active site has
the highest influence (red). Legend: red4yellow4green4blue4purple4
black.

Figure 6.4 Variable importance in the projection (VIP) plot for the PLS regression of
para-, meta-benzoic acids and para-phenylacetic acids.
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larger data set delivers a more pronounced locus of action. Finally, we point
out that it is remarkable that molecular information obtained in the gas phase
can predict Hammett acidity constants, which are derived from acid–base
equilibria and hence implicitly include solvation effects.
With a locus of action being sufficiently pronounced, it should be possible to

investigate if this locus alters its position in the molecule when the observed
activity, the ‘Y variable’, changes. This was shown74 to be the case early on in
the development of QTMS. Full details, only summarised here, may be con-
sulted in Ref. 50. Damborsky and Schultz studied75 the experimentally deter-
mined biodegradability and toxicity of para-substituted phenols. The second-
order rate constant of the compound’s oxidation (kb) yielded values for the
biodegradability while toxicity was represented by the 50% growth inhibitory
concentration (IGC50). Due to their availability we also added the pKa values
and the logarithm of the octanol–water partitioning coefficient, logKow, as ‘Y
variables’. VIP plots in the style of Figure 6.4, one for each Y variable, may be
constructed, as in Ref. 50, but they are not reproduced here. If the Y variable is
set to the pKa value then the locus of action transpires to be the phenolic O–H
bond, closely followed by the C–O bond. The former bond is indeed the one
that breaks in the deprotonation of the acid–base reaction. Unfortunately, in
the VIP plot for pKa plot the VIP values of Cortho–H and Cmeta–H are still
relatively high, closely following the VIP values of O–H and C–O. The logKow

VIP plot highlights the C–X bond attaching the substituent X to the phenyl
group. The bonds with the next highest VIP values are C–C bonds in the phenyl
ring, starting with those adjacent to the C–X bond. These bonds have much
reduced VIP influence. The partition coefficient is not a property involving
bond breaking or making, so it is unsurprising that the only bond clearly
highlighted (C–X) is not in the common skeleton. In the log kb VIP plot a
Cortho–Cmeta bond features prominently. Whether the oxygenase enzyme in
charge of this biodegradation interacts strongly with this bond while oxyge-
nating the phenols is an open-ended question. It would be rewarding if QTMS
predicted this correctly. Finally, in the log(1/IGC50) VIP plot the highlighted
bonds are Cmeta–H and Cortho–H, which again awaits an experimental ver-
ification. It is promising that these four observed properties, ‘Y variables’, can
all be modelled by the same group of descriptors, all of which arose from only
13 points in the electron density. In summary, as the Y variable against which is
regressed changes, different regions of the molecular electron density are being
highlighted each time, that is, the locus of action changes. Without a priori
knowledge of the systems or mechanisms of action, QTMS manages to
reproduce the properties of interest.
The success of QTMS in the province of classical physical organic chemistry,

in particular the classic Hammett QSARs, inspired an excursion76 into med-
icinal chemistry. Traditional Chinese medicine identified the a,b-unsaturated
ketone, (E)-1-(4-hydroxyphenyl)but-1-en-3-one, as an anti-tumour agent.
Ducki et al.77 synthesised a series of substituted analogues in the hope to
increase the parent compound’s moderate anti-tumour activity. We carried
out a PLS analysis of the IC50, the Y variable here, against BCP properties
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supplemented with logP values for 17 substituted ketones. A validated
regression emerged with r2¼ 0.91 and q2¼ 0.86. QTMS highlighted five bonds
as the locus of action since their corresponding VIP values dominated. These
five bonds encompassed the three bonds in the enone system, C¼C–C¼O, in
addition to the bond attaching it to the terminal methyl group and the bond
attaching the enone system to the phenyl ring. The experimental group of
Ducki et al. surmised that a Michael addition was responsible for the mode of
activity. It is rewarding that QTMS independently supported this hypothesis.
An analysis of Mulliken charges, however, provided a QSAR with little
predictability and pointed at the terminal methyl group as the locus of action
followed by logP.
The ever-increasing movement to use QSAR in toxicology led us to explore

QTMS’s potential in an environmental context.A set ofwell-knownmolecules, the
polychlorinated dibenzo-p-dioxins (PCDDs),73 provided an attractive test ground
given their core molecular rigidity. The influence of conformational flexibility
remained anunexplored complicationon the influence of the substituents. PCDDs
span a wide range of toxic effects most of which involve binding the aromatic
hydrocarbon receptor (AhR). QTMS was applied to predict three different
activities (pEC50) of a set of 13 ecologically relevant PCDDs. As the activity refers
to the ability to bind to a receptor, the locus of action is not involved in bond
breaking as in the case of carboxylic acids. In retrospect, this explains why the
QTMS regression is mediocre. A more complete analysis should have introduced
QCT atomic properties such as monopole, dipole or quadrupole, and higher,
moments as they are the generators of atomic electrostatic potentials.78 Still, using
BCP properties, the locus of action focussed near the lateral C–Cl bonds. This
conclusion overlaps with deductions made by Bonati et al. in their electrostatic
(MEP) study79of the ligand–receptor recognition step.Our results complement the
CoMFAwork ofWaller andMcKinney80 in which they point out the importance
of lateral halogen substitution on overall stereoelectronic structure. They claim
that molecular polarisability is most affected by the lateral halogens. However,
further researchwould bewelcome into the convergence of various results on these
systems from different analyses including QTMS.
A further QTMS study81 helped restore confidence in the ability of QTMS to

work successfully. A very good and statistically validated QSAR was obtained
for base-promoted hydrolysis rate constants for a set of 40 esters, including
acetates, benzoates and ethyl-substituted esters, i.e. R–(C¼O)–O–CH2CH3.
Without the need for molecular superposition, a variety of models was
constructed, which all point toward the molecular fragment (O¼C)–C–O
being most significant to explain the range of hydrolysis rate constants. When
the model is confined to this locus of action then r2¼ 0.93 and q2¼ 0.86 is
obtained for all 40 esters using BCP properties evaluated with bond lengths
optimised simply at HF/6-31G* level. This work is relevant for environmental
exposure and risk analysis. This successful application of the QTMS method
demonstrates the lack of requirement to measure infrared frequencies,82 which
itself has been introduced as a faster method to circumvent the measurement of
rate constants.
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The prediction of pKa values presents an opportune case study to further test
QTMS, given its success in predicting Hammett acidity constants and the
general importance of pKa. This physical quantity features in pharmacokinetic
properties and more generally in the chemical industry, which has an interest in
knowledge of the environmental fate or hazard of compounds. A subsequent
QTMS study83 suggested strong QSAR models for a set of aliphatic carboxylic
acids, anilines, and phenols in estimating their pKa values. These results
improved on previous attempts at modelling pKa by others. One should note
that pKa values of the 36 anilines actually refer to their conjugate acids, but pKa

is used as a measure of the amine’s basicity as pKaþ pKb¼ pKw (where Kw is
the ionisation constant of water). We obtained progressively better correlation
statistics with increasing level of theory. For example, the q2 value obtained was
0.95, just using bond lengths at B3LYP/6-311þG(2d,p) level.
In a subsequent study the classic test case of the ‘steroid set’ that Cramer

et al.84 used to launch their CoMFA analysis was investigated. Wagener et al.85

corrected the multiple errors in topological coding and stereochemistry that
Cramer et al. introduced. In the QTMS analysis,86 AM1 and HF/3-21G* bond
lengths were used in conjunction with PLS and a genetic algorithm (GA) to
predict the corticosteroid-binding globulin (CBG) binding activity. First, an
initial PLS model was constructed incorporating all descriptors. Then a GA
selected the optimum number of descriptors for use in a subsequent PLS
analysis. A new PLS model was then obtained using the descriptors selected by
the GA. Good r2 and q2 values were observed and the notorious steroid
‘number 31’, 2a-methyl-9a-fluorocortisol, encouragingly, was found not to be
an outlier. However, a critical eye could question to what extent the precise
knowledge of bond length is actually required. For example, the C–O bond
length appearing in the 6-membered ‘A’ ring of the common skeleton has a high
VIP value but hardly varies between certain steroids. The large difference
between double C¼O bond lengths and single C–O bond lengths is most likely
the actual reason for the correct prediction of activity. Again, this test case
involves only binding rather than a reaction, so it is not obvious why an
‘interior property’ such as bond length or BCP property would actually be
predictive. The same QTMS study86 also focused on nitrofuran derivatives,
which are used as antibacterial and anticancer agents. From the AM1 bond
lengths a model with two LVs was generated for antibacterial activity,
expressed as log(1/IC50), against S. aureus, yielding r2¼ 0.92 and q2¼ 0.78.
Another model, for the C. crescentus, also passed the randomisation test and
delivered r2¼ 0.96 and q2¼ 0.90. The rainbow plot, not shown here, displayed a
dramatic difference between the locus of action for the two types of bacteria.
The researchers who published the experimental data failed to respond to an
invitation to comment on this conclusion.
Further studies employing QTMS87 involved mutagenic activity. Halogenated

hydroxyfuranones, mutagen-X, derivatives and triazenes were examined.
QTMS delivered an interesting result in the case of the triazenes. Shusterman
et al. proposed88 two alternatives for the, still obscure, hydroxylation mechan-
ism that is thought to create mutagens. Path A involves a two-step process,
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where an electron is first transferred from the triazene to the enzyme cytochrome
P-450. Then the resulting radical cation loses a proton to give a triazene-
substituted methyl radical. The alternative path B is a one-step process in which
this radical is formed by direct abstraction of a hydrogen atom. Previously
published QSAR equations88 were unable to distinguish paths A and B. Based
on analysis of the VIP plot, not shown, QTMS suggests that pathway A may be
favoured over pathway B. This example shows again how QTMS engages
with experiment and arrives at a conclusion not reached by alternative means.
Given the success of QTMS in predicting Hammett acidity constants, the

next QTMS study89 explored a wider class of Hammett constants. It transpired
that QCT descriptors can also substitute s1 and s� based on a reported work
on para-substituted phenols, substituted toluenes and bromophenethylamines.
Meaningful loci of action were highlighted. The evidence accumulated in this
work suggested that QCT descriptors can most likely provide a reliable model
to predict any type of Hammett constant. A valid model can be obtained
without invoking Hammett constants, thereby removing concerns about which
type of constant to invoke or whether the given substituent’s constant is in a
database.
At this point hopefully sufficient evidence has been mustered to conclude that

QTMS is able to produce good QSARs for only one of the three familiar classes
of descriptors; QTMS captures the electronic effects and not the steric nor the
hydrophobic effects. As a consequence of this clear discriminatory capacity,
QTMS is able to discriminate, based on quantum chemical electron densities,
whether a given activity is due to steric effects or electronic effects. Surely, the
QTMS descriptors can be combined with externally provided steric and/or
hydrophobicity parameters, but QTMS does not generate them independently.
Armed with the knowledge that QTMS can tell if a measured quantity, ‘Y
variable’, depends on electronic effects, an unusual set of ortho alkyl substituted
phenols was tackled in a subsequent QTMS study.90 These phenols are known
for their cytotoxicity and have previously been investigated by the Hansch
group.91 QTMS results did not support their conclusion that a steric factor was
important in the determination of the cytotoxicity. In fact, QTMS deemed any
steric contribution or influence to be absent. The addition of the Taft steric
parameter or the hydrophobic parameter to the bond length descriptors did not
improve the models constructed at any of the three levels of theory used.
Further QTMS work92 on phenols followed, this time the focus was on

computing a model of the relative substituent effects on the bond dissociation
enthalpies (DBDEs) for a set of 39 compounds. The data set included a diverse
set of substituents with mono-substituted and poly-substituted derivatives that
exhibited different electronic and steric effects. For substituents in the para
position the model required a correction for radical stabilisation enthalpy. The
C–O bond adjacent to the phenolic hydroxyl group was selected as the most
important bond represented by the VIP plots for both the bond length and BCP
models.
Subsequently, seven datasets of medicinal interest were investigated.93 They

consisted of: (i) the influenza inhibition constants for a set of benzimidazoles,
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(ii) the interaction constants for a set of amides and the enzyme liver alcohol
dehydrogenase, (iii) pKa values for a set of substituted imidazolines and (iv)
imidazoles, (v) the ability of a set of indole derivatives to displace [3H]fluni-
trazepam from binding to bovine cortical membranes, (vi) the natriuretic
activity of sulfonamide carbonic anhydrase inhibitors and (vii) the toxicity of
a series of benzyl alcohols. A PLS analysis in conjunction with a genetic
algorithm delivered excellent models. These case studies, in addition, were able
to highlight the locus of action within the molecule whose structure determines
the activity, i.e. the ligand rather than the associated enzyme.
At the expense of interrupting the QTMS chronology studies, six out of these

seven sets were revisited more recently by Hemmateenejad and co-workers94 by
using the multiway data analysis method called molecular maps (MOLMAP).
A 3D array of QTMS descriptors is transferred into new 2D parameters using
Kohonen networks, followed by PLS. The method improved the original sta-
tistics. Moreover, VIP plots confirmed the original findings93 about loci of
action. The same workers revisited95 this dataset in the context of their recently
proposed substituent electronic descriptors. It should be mentioned that
Kohonen networks had featured earlier in the context of QTMS96 in an attempt
to confront the notoriously difficult QSAR of 1,4-dihydropyridine calcium
channel blockers.
Validating a QSAR by means of an external validation set is recognised as a

more stringent test than cross-validation. A pair of QTMS studies did exactly
that: using external test sets to assess the substituent effects on interaction
energies of hydrogen-bonded DNAWatson–Crick base pairs. Figure 6.5 shows
the typical geometries of these base pairs. One study97 reported on the capacity
of BCPs of monomeric base pairs, gas phase, to predict BSSE corrected ab initio
interaction energies of cytosine derivatives substituted in position C5 and
in position C6. For the C6X dataset, the best model yielded r2¼ 0.93 and a

Figure 6.5 Schematic geometry and labelling of the guanine (G) and substituted
cytosine (CX) Watson–Crick base pairs. In the set of van der Waals
complexes with unsubstituted cytosine monomers the guanine is sub-
stituted in the C8 position.
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root-mean-square (RMS) energy of 0.5 kJ mol�1 for the 28 complexes in the
training set. This model was evaluated by an external test set (14 complexes),
yielding an r2 value of 0.96 and an RMS error of 0.4 kJ mol�1. A model based
on NPA charges does not achieve this high linear correlation for C6X:G. For
the C5X dataset, the QCT descriptors generated a linear model, with r2 values of
0.92 and 0.97 and RMS values of 1.7 and 1.2 kJ mol�1 for the training set (31
compounds) and the external test set (11 compounds), respectively. A second
study98 focused on a rich variety of substituents, this time on guanine. Guanine
was substituted in the C8 position, not marked in Figure 6.5 but clear from the
context, and again formed van der Waals complexes with cytosine, which is
now always unsubstituted. The model, trained on 37 training set complexes,
was tested by an external test set of 9 complexes, yielding r2¼ 0.99 and an RMS
value of 0.2 kJ mol�1. The results indicate that the bonds C6¼O6 and N2–H2 at
the hydrogen-bonded frontier of the guanine derivatives play an important role
in transmitting the substituent effects.
Subsequent QTMS studies focused further on external predictability but in a

statistically more sophisticated manner. Phenols are important in nutrition and
medicine, given their cytotoxic potential. In addition they are prevalent in the
environment and are likely to elicit often unknown ecotoxic effects. One study99

focused on their hepatoxicity, calculating the QTMS descriptors at five dif-
ferent levels of theory. Preliminary modelling highlighted three compounds as
outliers. It was reassuring to find out that they had a mode of action different to
that of the non-outliers. New statistical measures were introduced in order to
assess external validation. A predictive coefficient R2

pred was calculated via
Equation (6.1):

R2
pred ¼ 1�

P
Yobs � Ypred

� �2
P

Yobs � YTraining

� �2 ð6:1Þ

where Yobs and Ypred respectively represent the observed and predicted toxicity
values of the test set compounds, while YTraining is the mean observed value of the
training set. Secondly, the squared regression coefficient (r2) between observed
and predicted values of the test set compounds may conceal that the predicted
values differ much from the observed activity values, in spite of a good overall
intercorrelation. To better indicate the external predictive capacity of a model, a
modified r2 term (rm

2), defined before100 is given in Equation (6.2):

r 2
m ¼r2 1�

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
r2 � r 2

0

q� �
ð6:2Þ

The coefficient r0
2 in Equation (6.2) represents the squared correlation

coefficient between the observed and predicted values of the test set compounds
when setting the intercept to zero.101 Predicted values will be very close to
observed activity values for excellent external prediction. In that case, the r2

value will be very near to the r0
2 value and rm

2 will be almost equal to r2. The
lower boundary of rm

2 is zero, which is the worst possible scenario. This QTMS
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study on phenol hepatoxicity demonstrated the value of QTMS descriptors
because they increased the external predictability over and above that of PLS
models using pKa and Hammett s1.
In view of the widespread industrial use of nitroaromatics and their con-

sequent ecotoxicological hazard potential, QTMS explored102 predictive
models for their toxicity to S. cerevisiae. QTMS descriptors were used to
complement the deficiency of ELUMO in setting up predictive QSAR models
from the viewpoint of external validation. The nitro group was identified as the
locus of action.
A third QTMS study103 that benefitted from more rigorous external vali-

dation focused on pKa prediction of phenols in seven different solvents, that is,
water, dimethyl sulfoxide, methanol, dimethylformamide (DMF), acetonitrile,
isopropanol and t-butanol. For some solvents the number of test set com-
pounds was considerably smaller, and hence the regression-based external
validation parameters R2

pred, r
2 and rm

2 were less appropriate. Therefore, an
additional parameter, the root mean square error of prediction (RMSEP) was
introduced and calculated according to Equation (6.3):

RMSEP ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Yobs � Ypred

� �2

NTest

s

ð6:3Þ

where NTest indicates the number of test set compounds. For the development
of the PLS models, a hierarchical method was adopted. Good predictive models
were obtained, except for the solvent isopropanol. On considering all seven
solvents, the equilibrium bond lengths gave consistently good results whereas
ellipticity descriptors were consistently of less importance. Moreover, VIP plots
for the best models highlighted the importance of the C–O bond connecting the
phenolic oxygen to the aromatic ring.
The prediction of pKa received much more attention from QTMS, given its

enormous importance in both life sciences and chemistry. Indeed, the pro-
pensity of a compound to donate or accept a proton is fundamental to
understanding chemical and biological processes. In a sizeable QTMS study,104

global and subset models were created for 228 carboxylic acids using PLS,
support vector machines (SVM) and radial basis function neural networks
(RBFNN). The models were extensively validated using 4-, 7-, and 10-fold
cross-validation, with the validation sets selected based on systematic and
random sampling. The proposed method compared favourably to ACD/
Laboratories, VCCLAB, SPARC and ChemAxon’s pKa prediction software.
Out of all the methods, QTMS has the lowest RMSE for the para- and meta-
substituted benzoic acids and aliphatic carboxylic acids but has the highest
RMSE for the ortho-substituted benzoic acids. Even more elaborate, but as yet
unpublished, QTMS studies followed on carboxylic acids, anilines and phenols,
using only equilibrium bond lengths. This time, ortho-substituted compounds
delivered better statistics but at the cost of the globality of the model.
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In two recent studies, published back to back, we showed that a single
descriptor, i.e. an ab initio bond length, is able to predict pKa. The emphasis
was placed on model simplicity and a demonstration that more accurate pre-
dictions emerge from single bond length models. A data set of 171 phenols was
studied.105 The carbon–oxygen bond length, connecting the OH to the phenyl
ring, consistently provided accurate predictions. In this study the pKa of meta-
and para-substituted phenols was predicted by a single bond length model
within 0.50 log units. However, accurate prediction of the pKa of ortho-sub-
stituted phenols necessitated their splitting into groups referred to as high-
correlation subsets in which the pKa of the compounds strongly correlated with
a single bond length. The highly compound-specific single bond length models
produced better predictions than models constructed with more compounds
and more bond lengths. Outliers were readily identified using single bond length
models and in most cases we were able to determine the reason for any outlier
discrepancy.
The prediction of pKa from a single ab initio bond length was then exten-

ded106 to provide equations for benzoic acids and anilines. The HF/6-31G(d)
level of theory was used for all geometry optimisations. Similarly to phenols,
the meta-/para-substituted benzoic acid pKa values could be predicted from a
single model constructed from one bond length. This model delivered an
impressive RMSEP value of 0.13 pKa units. The prediction of ortho-substituted
benzoic acids required the identification of high-correlation subsets, where the
compounds in the same subset have at least one of the same, e.g. halogens,
hydroxy or ortho, substituents. Two pKa equations were provided for o-halogen
benzoic acids and o-hydroxybenzoic acids, where the RMSEP values were 0.19
and 0.15 pKa units, respectively.
Related to pKa prediction is a QTMS study on the basicities of pyridines in

the gas phase and in aqueous solution.107 PLS and the machine-learning
technique Kriging generated validated models for 125 pyridine derivatives. The
meta and para set was appropriately described by PLS and Kriging, whereas the
ortho set was only properly described using Kriging. The prediction of the
basicities was found to be more problematic in aqueous solution than in the gas
phase. In general, the descriptors derived from the neutral or protonated
molecules provided predictive models of similar quality.
Finally, a QTMS study108 on the toxicity of 77 aromatic aldehydes to the

unicellular protozoan T. pyriformis was divided into a training set (n¼ 58) and
a test (n¼ 19) set, and 58 models were constructed using PLS and genetic
partial least squares (G/PLS). For both PLS and G/PLS, the models built at the
HF/6-31G(d) level show better predictivity, based on overall prediction, than
the models developed at any of the other five levels of theory. This identified
compound lipophilicity as having the highest VIP value.
A complementary overview50 on the development of QTMS was recently

published by the present author. This account contains some general reflections
on the ‘expensive ways of counting carbon’ and on pro-molecular electron
densities speeding up the evaluation of molecular similarity indices. Both pit-
falls are discussed at length in that account.
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6.4 Force Field Development: QCTFF

Unless quantum computing suddenly becomes a practical reality, there will be a
continuing need for force fields for decades to come. Only the use of force fields
enables the prediction of the structure and dynamics of proteins in solution
with present-day computer technology. Even taking into account the respect-
able five-fold gain typically associated with emerging GPU technology, ab initio
algorithms cannot deliver the performance levels required. An otherwise effi-
ciently implemented algorithm to calculate the energy and forces of a simple
system such as the imidazole dimer at the MP2/aug-cc-pVTZ level of theory
costs more just over a full CPU day when computed in parallel on two pro-
cessors using a well-known ab initio program, ‘that no man shall pronounce’.
How could one then perform a molecular dynamics (MD) simulation over 5
nanoseconds of a system of, say, a hundred imidazole molecules surrounded by
thousands of water molecules, to mention a modest example? Even if the
evaluation of energy and forces for each time step of typically 0.5 fs could be
executed in only one CPU hour, then such a simulation would still take more
than a thousand CPU years.
The first question is, what is the current state-of-the-art of force fields? This is a

question that could drive a whole review but rather than addressing this here it
is more useful to convey a broad impression. There is a large community of
researchers who only use force fields, often via commercial packages with
impressive interfaces and stunning graphics. While users of course benefit from
such seductive ‘mouse-click environments’ they are shielded from the tough
science behind the interaction potential that drives their simulation and the
sampling procedures. There is an inevitably much smaller research community
that worries about the hard reality behind the glossy pictures and smooth gra-
phical user interface (GUI). What is more, this community is split into a group
that focuses on the potential and another distinct group that focuses on sam-
pling. There does not appear to be a group or individual that researches both.
The community that focuses on the interaction potential comprises possibly

only a dozen groups worldwide. This is a relatively small research effort given
the pivotal role that a force field plays in the reliability of predicted system
properties. To this author it is unclear why not more funding is invested into
fundamentally improving force fields. In fact, when practically unlimited
funding is available, as in the case of the D. E. Shaw venture, then only about
three researchers out of a work force of about fifty are concentrating on the
potential. The main thrust of their research effort is making longer and larger
simulations possible, with either standard or merely tweaked potentials. Cur-
iously, challenging the foundations of current popular force fields is not seen as
a priority. Ironically, longer simulations are more prone in exposing funda-
mental flaws in a force field at the level of the whole system. These flaws could
have been exposed already by validating a given force field against ab initio
calculations on a small part of the whole system. Perhaps referees and funding
councils do not find fundamental research on potentials ‘sexy’ probably
because it is not an emergent activity with the usual promise, can-do mentality

143Quantum Chemical Topology: on Descriptors, Potentials and Fragments



and excitement caused by surprise? Instead, this type of research, however, aims
at getting something right for the right reasons. This may not be ‘sexy’ in the
stringent sense of short-lived satisfaction, but perhaps it is ‘sexy’ in a deeper
sense that long-term success and satisfaction bring about.
There is, however, enough readily available computer power to enable a

fundamental overhaul of the electrostatic contribution to a biomolecular
potential. Below, a possible scenario for this aim will be outlined and illustrated
with work on-going in our laboratory. With the increasing ‘physicalisation’ of
the life sciences comes a responsibility of the biomolecular modelling com-
munity to make sure it invests into properly designed potentials. Only then will
experimentalists take seriously the output of this community as a trustworthy
and independent source of information. One should make no mistake: chem-
istry is a science of small energy differences. An error of a kilojoule per mole is
already a sizeable quantity in the arena of weak non-covalent interactions that
hold biological systems together, especially if this error is accumulated adding
fragment–fragment interaction energies.
In partial summary then, the vibrant area of molecular simulation continues to

makemajor strides in increasing system size and simulation length, serving an ever
growing community of beneficiaries, including experimentalists and industry.
While more and more ambitious problems are tackled at accelerated pace, it is a
‘suppressed truth’ that the results ultimately depend on the quality of the potential.
Fortunately, some research groups109–118 continue to improve potentials.
David Case, one of the developers of the popular force field AMBER, urged

further research into the accuracy of force-field potentials, particularly electro-
static terms.119 In fact, the basic architecture of force fields has not changed
much since the 1980s, or even before. Point charges still dominate the elec-
trostatic interaction in spite of well-known inaccuracies at short range. In his
textbook,120 Jensen echoes Case’s concern where he writes on p.43 that
‘Obtaining a good description of the electrostatic interaction between molecules,
or between different parts of the same molecule, is one of the big problems in force
field work’. Jensen lists four main deficiencies of modelling the electrostatic
energy by fixed atomic charges. A study121 in 2009 showed that the failure of a
simulation of a fast-folding human protein was due to force-field inaccuracy
rather than insufficient sampling.
Multipole moments deliver a future-proof strategy to tackle electrostatic inter-

action. They embody the rigorous expression of the electron density that generates
the electrostatic potential. Point charges can only approximate the short-range
interaction that occurs in condensed matter. Evidence in favour of multipole
moments has been accumulated over the years.122–125 In their extensive study126

comparing various electrostatic force fields applied in organic crystals in the
context of polymorphism, Brodersen et al. wrote, ‘The multipole approach was
found to be superior over chargemodels for more or less rigidmolecules . . ., the use of
multipole models leads to an improvement in the description of inter-molecular
interactions.’
The second important requirement for a potential to be more realistic is the

inclusion of polarisation effects. Polarisation is so important that, in 2007, a
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special volume127 was dedicated to it in the Journal of Chemical Theory and
Computation. The multitude of polarisation methods can be categorised in three
broad approaches:128 (i) Drude oscillators, which describe electronic induction by
themovement of a fictitiousmass bonded to polarisable atoms via a stiff spring; (ii)
fluctuating charges, which consists of changing the charge of the atoms along the
simulation by partial equalisation of electronegativities; and (iii) distributed
polarisabilities tomodel induction energies, following a self-consistent procedure to
determine the induceddipoles. If forced to categoriseourmethodunderanyof these
three, it resembles most the latter approach but differs in important ways, as made
clear below. The three broad approaches previously mentioned are actually based
on old ideas, which although at one time enabled a feasible computational route,
now impose unnecessary constraints and assumptions. It is our believe that the time
is ripe to embark on a more progressive approach, which embraces the increase in
computing power by more than five orders of magnitude since the 1980s. This
enables one to drastically reshape the electrostatics within an interaction potential
from a point charge with a fictitious spring to an atom fully equipped with an
electron density and endowed with precise knowledge on how to change its mul-
tipole moment, up to high rank, in response to a changing environment.
Conceptually, polarisation is still very much treated within the context of

perturbation theory. This is an old and natural approach if the interacting
molecules are far apart. The 0th-order energy term is the sum of the monomer
energies, the 1st-order energy term is the electrostatic interaction and the 2nd-
order energy term consists of mutual induction and dispersion energy terms.
The source of the difficulties encountered at short range is the extrapolation of
the isolated molecule to short range. In other words, at long range a free
molecule is well-defined in practice as an ‘isolated’ quantum system but at short
range the interacting molecule becomes part of an entangled quantum system.
At this range molecules stop owning their own electrons for all practical pur-
poses and it is problematic to discern the original isolated molecules in Hilbert
space. However, at short range, molecules overlap considerably in terms of
their wave functions. This seriously challenges the perturbation approach due
to the need for antisymmetrisation between the interacting molecules. As a
result, we cannot unambiguously assign an order to a term. A related difficulty
is that there can be no 0th-order Hamiltonian that has antisymmetrised
wavefunction products as eigenstates. Hence the standard Rayleigh–Schrö-
dinger perturbation theory can no longer be used and a multitude of pertur-
bation treatments have been proposed.129 Moreover, electron correlation is not
included,130 or if it is it leads to an extremely complicated formalism131 and is
found to strongly affect repulsion. The question is then whether one should
abandon the concept of a monomeric wavefunction at short range, and instead
embrace supermolecular wavefunctions. This is what was carried out about a
decade ago, focusing on supermolecular electron densities, which are sufficient
to model the Coulomb interaction. When two molecules come close to each
other, the boundaries between the molecules become unclear if one holds on to
the image of isolated molecule. By doing so the weakness in the extrapolation of
an isolated molecule to short range becomes apparent. However, QCT offers a
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way to delineate individual molecules interacting in a van der Waals complex at
any range, short or long. QCT defines a molecule as a collection of topological
atoms that never overlap.
Returning to the state-of-the-art of force fields, when considering aqueous

ion simulations there are also shortcomings. Although there are more than 50
water potentials,132 including polarisable, flexible and dissociable ones, the
development of accurate aqueous ion potentials is limited. Many are effective
potentials, incorporating the effects of polarisation implicitly as part of the
parameterisation. These limitations have been noted when inhomogeneous
systems are considered, such as interfaces and narrow channels.133–135 These
ion potentials proposed are limited by the simple ad hoc models that have also
been developed for water.
Before progressing ontomore detail on radically different work on polarisable

electrostatics, it is worth summing up the four cornerstones on which this
approach is based. The first cornerstone is the partitioning method followed to
define an atom in a system. There are two possible pitfalls here. First onemay not
even be aware that a partitioning operates in the definition of atomic charges.
Secondly, if one is aware then one must make a decision as to which partitioning
method to use. Some research, typically at the user end of biomolecular model-
ling, can be naive by speaking of ‘the’ atomic charge, blissfully unaware that
there are about a dozenways to define an atomic charge.Moreover, some of these
papers do not even cite the paper explaining the method behind the atomic
charge. Let us not forget that it is the electron density that generates the elec-
trostatic potential. Hence, if one wants to know the electrostatic potential gen-
erated by an atom then one has to define the electron density of that atom. This
question distils to how to partition the electron density of the full system into
atomic electron densities. In the so-called CHELP136 procedure this question is
hidden. In this method atomic charges are fitted so as to reproduce a given
molecular electrostatic potential in the best least-squares sense, at a grid of sev-
eral hundred points. The only constraint, through a Lagrangian multiplier, to
this non-linear least-squares fit is that the sum of the fitted charges reproduce the
total molecular charge. It transpires137 that this procedure does not unambigu-
ously define atomic charges. Singular value decompositions of the least-squares
matrices show that, in general, the least-squares matrix for this fitting problem
will be rank deficient. This means that statistically valid charges cannot be
assigned to all the atoms in a given molecule. In a typical small biomolecule such
as acetylcholine about half the atomic charges may safely be set to zero. It is clear
that this mathematical procedure, even if correctly applied, has no physical or
chemical reality. Setting the charge of an electronegative atom to zero clearly
violates its electronegative nature. In our work we have chosen to proceed with a
QCT partitioningmethod. TheQCTmonopole moment is defined (see Equation
6.4) by a 3D volume integral:

Qoo Oð Þ ¼ �e
Z

O

rðrÞdt ð6:4Þ
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where r is the electron density of the molecule to which the atom belongs and O
denotes the atomic basin or portion of Cartesian space that the atom adopts. To
convert this monopole moment to an atomic charge one simple adds the positive
nuclear charge inside the atomic basin to it. Early work138 showed that a QCT
atomic charge cannot accurately reproduce the exact electrostatic potential, due
to the atom involved, on grid points of the water-accessible surface. But then, the
QCT atomic charge has not been designed to accomplish this. A QCT charge is
not fitted but reflects what it really is: an allocation of electron density to an atom.
The atomic charge is essentially an atom’s zeroth moment, brutally summarising
how much charge it houses, no more no less. At large distance this description is
increasingly more accurate and in the limit exact. However, at medium and short
range, one needs higher rank multipole moments to define an exact electrostatic
potential correctly. This is indeed what happens when QCT, the dipole, quad-
rupole and octupole moments are added to the multipole series expansion that
represents the electrostatic potential. For Ca in alanine the root mean square
deviation between the exact and multipole-predicted atomic electrostatic
potential is only 0.1 kJ mol�1. The same work138 shows that formal convergence
of the multipole expansion can be reached if enough high-rank multipole
moments are included. With increasing rank, each multipole moment delivers a
more detailed description of the electron density of the atom. Ultimately, the
description captures enough detail of the shape of the electron density in order to
predict the electrostatic potential correctly.
The second cornerstone is transferability. Transferability is the idea that

information obtained for a small system can be transferred to a large system,
without much change. In other words, large systems can be described by piecing
together fragments for which accurate information such as geometry, energy
and electron density is available. Transferability is an old and very important
idea that lies at the foundation of the whole of chemistry. Without it chemistry
would be a hopeless science because each aggregate of atoms would have
completely different properties, disconnected from the properties of fragments
of this aggregate. The transferability of a fragment is embodied and expressed
in the concept of a functional group. This concept expresses the locality of a
subsystem by allowing it to be defined in a useful and practical way.
The fact that force fields exist in the first place is due to transferability.

Therefore, it may appear natural to designate transferability as the first cor-
nerstone. However, a moment of thought makes clear that one cannot define
and gauge transferability quantitatively without first having a partioning
method. This is why partitioning is designated as the first cornerstone. Perfect
transferability is an unattainable limit but one may quantify it for practical
purposes. For the first time, the transferability of topological atoms were
quantified from atom–atom (multipolar) electrostatic interaction energies.139

The water trimer and pentahydrated serine were used as proof of principle. The
atomic multipole moments in serine turned out to be more transferable than
those of the water cluster, with the exception of the hydroxyl group. Energy is
the ultimate physical quantity that quantifies transferability and hence enables
the assessment of the degree of transferability. The latter can be expressed in
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terms of an atom type. An atom type is essentially a ‘transferable packet of
information’. It is important to detect transferability rather than impose it,
which seems to be common practice in the construction up of popular force
fields such as AMBER. Early work in our lab computed atom types for the
time,140,141 based on atomic properties. This work142 exposed weaknesses in the
assignment of atom types in popular force fields such as AMBER. The elec-
trostatic potential generated by an atom can also be used to assess transfer-
ability.141 The potential acts as a ‘half-way house’ between atomic multipole
moments, used to compute atom types, and interatomic electrostatic interac-
tion. The long-range effect of conjugation could be measured in terms of
energetic transferability using retinal as a test system, which contains an eight-
carbon linearly conjugated chain.
The third cornerstone is the use of multipole moments. They arise naturally

in the Taylor expansion of the exact electrostatic interaction between two
atoms. The monopole–monopole interaction is only the first term of this
expansion. Each atom is described by a set of multipole moments relative to a
local frame {x,y,z}. The electrostatic energy associated with the interaction of
the two atoms a and b is then given by Equation (6.5):

Uab
elec¼

X

t

X

u

Qa
t T

ab
tu Q

b
u ð6:5Þ

where T is a purely geometrical interaction tensor and Qa
t is the t-th multipole

moment centred at the nucleus of atom a. Following the notation in Ref. 143
we can define, in the manner of Equation (6.4), the x component of the dipole
moment via Equation (6.6):

Q11c Oð Þ ¼ �e
Z

O

xr rð Þdt ð6:6Þ

or one of the five quadrupole moments via Equation (6.7):

Q20 Oð Þ ¼ �e
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O

1
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r rð Þdt ð6:7Þ

The spherical tensors introduced here are less intuitive than their Cartesian
counterparts but they are more compact because of their irreducibility. For
example, there are only five quadrupole moments instead of the six possible
Cartesian ones. The discrepancy between number of components becomes
more dramatic with increasing multipole rank c. In the spherical tensor
formalism there are only 2cþ 1 multipole moments, i.e. components. Thus, the
full atomic electron density can be compressed into only a handful of numbers,
i.e. multipole components. Admittedly, this handful is more than a single point
charge positioned on the atom’s nucleus but the point charge is inherently
inaccurate at short and medium range. People have corrected for this well-
known inaccuracy by adding more off-nuclear point charges. For example,
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whereas once the TIP3P potential modelled water by only three point charges,
TIP4P increased this number by one extra charge on oxygen, while TIP5P has
two extra point charges representing the oxygen lone pairs in water. What is
rarely emphasised is that extra point charges cause a huge computational
overhead because their long-range behaviour leads to a large number of
charge–charge interactions that scales with the square of the number of point
charges in the system.
Equation (6.8) illustrates the complexity of the interaction tensor T,

expressing the quadrupole–quadrupole element Tab
20;20:

Tab
20;20 ¼

3

16p�o
R�9 35 za � Rð Þ2 zb � Rð Þ2� 5R2½ za � Rð Þ2 zb � Rð Þ2�

n

�20R2 za � Rð Þ zb � Rð Þ za � zbð Þ þ 2R4 za � zbð Þ2þR4
o ð6:8Þ

where R is the inter-site vector linking the nuclear positions, R is its magnitude
and z is the vector representing the z axis of the local frame (or axis system)
cantered on atom a or b. The various elements of the interaction tensor capture
the orientation of the axis system of atom a relative to that of atom b, and their
inter-site distance. The FLOP count of such an expression is of course larger
than that associated with two interacting point charges, but the interaction
between two quadrupole moments drops off with a R�5 power. This means that
this high FLOP count only occurs locally. In general, the interaction rank
L equals cAþ cBþ 1. For example, the interaction rank L between a dipole
moment (cA¼ 1) and a quadrupole moment (cB¼ 2) is 4, so that this interac-
tion behaves as R–L¼R–4. Two point charges interact according to rank
L¼ 0þ 0þ 1¼ 1, explaining their 1/R long-range behaviour previously
mentioned.
The price paid for the multipolar series expansion, compared to the totally

impractical unexpanded and exact energy, is possible lack of convergence.
Discussing this important technical matter is outside the scope of this chapter
but our group spent much time studying this topic. A companion study78 to the
one mentioned above showed that the convergence behaviour of the actual
electron density inside an atomic basin is due to its decay rather than to the
atom’s shape. A subsequent article37 studied the convergence behaviour of
intramolecular Coulomb interaction between atoms in a set of small molecules,
as well as van der Waals complexes described by a single wave function.
Another study144 also addressed this for van der Waals complexes, but now
described by monomeric wave functions. Using the shift method145 we showed
very good convergence behaviour for 1,3 and 1,4 interactions146 and defined
pseudo-convergence. This work culminated in a study147 attacking the
convergence problem for 1,2 interactions. Along this path emerged work148

that allowed the electrostatic potential to be evaluated accurately at short
range, by introducing continuous multipole moments called Bessel moments. A
second distinct idea improved convergence by swapping the allocation of
coordinates to the familiar ro and r4 variables in the Taylor expansion of
1/ |r – r’ | . This work delivered149 so-called inverse moments. Finally, the
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multipole expansion of the exchange energy can also be expanded in a multi-
polar series.150 This series converges faster than the Coulomb energy discussed
so far, and generates what we called exchange moments, which are calculated
with explicit reference to molecular orbitals. We have demonstrated that the
corresponding expansion converges quickly. A final comment on convergence
concerns the use of multipole moments in a protein, which is our ultimate goal,
ideally in the presence of a drug ligand. For medium-range interactions we were
able to set up a function151 that relates atom type, interatomic distance, interaction
rank L and energy error, of the multipole energy compared to the exact one. That
paper answered questions such as ‘How close can two atoms get before their
interaction energy diverges?’ or ‘Which is the lowest (and therefore cheapest) rank
necessary to achieve a certain error in energy?’ Elaborate work, using the smallest
natural protein crambin, addressed these and other questions, concerning the
level of theory, for example, and will be submitted for publication shortly.
The fourth and final cornerstone is the use of machine learning to model

polarisation as well as charge transfer, both on the same footing. Originally we
worked within the context of long-range Rayleigh–Schrödinger perturbation
theory and studied charge transfer along the hydrogen bond in the water dimer
via QCT distributed polarisabilities.152 Later the perturbation approach was
abandoned in favour of capturing polarisation directly from supermolecular
calculations. The main idea is to create a direct mapping between a given atomic
multipole moment and the coordinates of its neighbouring atoms.
To illustrate this, imagine a water molecule surrounded by four water

molecules in liquid water. Figure 6.6 shows an image, produced by an in-
house17 GUI, of this central water molecule in a water pentamer. This parti-
cular configuration was taken from a MD, rigid body, simulation of liquid
water under ambient conditions using a multipolar electrostatic potential.153

Figure 6.6 QCT partitioning of a water pentamer sampled from a multipolar MD
simulation without polarisation. The topological atoms occupy finite
volumes.
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As the four water molecules neighbouring the central water change position
and orientation, the multipole moments of the atoms in the central water
molecule change in concert. The machine learning method receives the coor-
dinates of the neighbouring waters as input and is trained to predict, as output,
the multipole moments of atoms in the central water. In this approach there
is no explicit polarisability, such as a for dipolar polarisability. Instead, the
polarisability is implicitly accounted for in the mapping that the machine
learning method constructs. The mapping can be a set of trained weights if the
machine learning method is a neural network. We began with this method and
showed154 that it is fast and accurate for small water clusters up to a tetramer.
The performance of neural networks starts to deteriorate from the water

tetramer onwards because they cannot handle high-dimensional spaces well,
especially if combined with large variations in the input variables. The variation
in intramolecular coordinates is smaller in the intermolecular case because in
the former case atoms are more restricted in their motion. This is why neural
networks operate well155 for intramolecular polarisation, as demonstrated on
the test cases glycine and N-methylacetamide. A more recent study compared
multilayer perceptrons, i.e. the classical artificial neural networks, mentioned
above, radial basis function neural networks and Kriging.156 The latter method,
which is also known as Gaussian process regression,157 proved to be the most
accurate but also the most costly in terms of training time. However, since
computers are guaranteed to become cheaper in the future, we decided to
proceed with Kriging in the development of the QCT force field, QCTFF.
Figure 6.7 schematically illustrates the main idea of how polarisation is

tackled in a QCTFF. A number of molecular geometries, typically of the order
of a hundred, is obtained by distorting the nuclear skeleton away from a local

Figure 6.7 Schematic diagram illustrating Kriging modelling intramolacular
polarisation.
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equilibrium, here one of ethanol. A normal mode analysis is useful to guide this
distortion along ‘sensible’ lines. After training, the multipole moments of the
oxygen, as an example in this figure, can be predicted by the Kriging equation
(marked in orange). In this formula, m is the mean of the observed values, Ntrain

is the number of examples used to build the model, wi is the Kriging weight,
computed from the correlation matrix, for example i, d is the number of
(geometric) features (or dimensionality of the interpolation space) and yj and pj
are the j-th components of the Kriging vector parameters h and p. The same
approach is used for intermolecular interactions, where the generator of the
geometries is an MD simulation rather than a normal mode analysis. After
training, Kriging can then predict, for example, the direction and magnitude of
the dipole moment on oxygen in water, depending on the positions of all four
surrounding waters (see Figure 6.6).
The principle behind Kriging is that it models observations as realisations of

an underlying probabilistic model. In our case, the observations are values of
a particular atomic multipole moment. This probabilistic model is a probability
density function that returns the probability of observing a set of values of a
particular multipole moment. Two multipole values arising from different
water cluster configurations, for example, are correlated through the difference
in coordinates of the configurations. The parameters of the probability density
function are chosen to be most consistent with the training data, i.e. they are
chosen to maximise the likelihood of the model given the observed data.
Kriging offers four important advantages.

� The coordinates, i.e. ‘features’ in machine learning language, are ranked
according to importance in the construction of the Kriging model. This
provides physical insight as well as a secure way to eliminate coordinates,
‘feature selection’.

� The performance of Kriging, in terms of interaction energies, scales line-
arly with the dimension of feature space.

� Kriging delivers the trained model as an analytical formula, linking the
multipole moment with the cluster coordinates. Hence, the interaction
energy is analytical and can be differentiated. Hence, forces can be com-
puted quickly and accurately.

� The knowledge of how an environment influences an atom is stored in
Kriging parameters. Hence, there is no need to perform iterative calcu-
lations to self-consistency during a simulation in which the polarisation
potential is used.

Kriging delivers unprecedented accuracy. For example, 55% of the water
pentamer configurations in an external test set of a 1000 water clusters show an
error in the total electrostatic interaction of less than 4.2 kJ mol�1 (1 kcal
mol�1). The corresponding energy prediction time is 1.4 s (Intel Core 2 Quad
Q6600 @2.40GHz with 3.25 GB of RAM). The performance of Kriging for
intramolecular polarisation is even more impressive, where the energy error
of electrostatic interaction between Ca and surrounding atoms within capped
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alanine is less than 1 kJ mol�1 (‘chemical accuracy’) for 80% of 1000 test
configurations of that molecule, which contains 60 features.
Due to space restrictions one can provide here only a flavour of the devel-

opment work that underpins QCTFF. Many ‘technical matters’ have been
discussed at length in papers that were cited above, as well as in forthcoming
ones focusing on intramolecular polarisation.158,159 Details on how to calculate
the forces on the nuclei in the context of high-rank polarisable multipolar
electrostatic interactions will also be divulged in due course. The philosophy of
QCTFF’s development is to model electrostatics ‘up front’. If this contribution
is treated rigorously and has the correct rationale then the other terms in the full
interaction potential will model the remaining non-electrostatic contribution.
The final and important step in QCTFF’s construction, as a generic force field, is
to combine the polarised atoms with the so-called ‘bonded part’. The latter will
initially be represented by the classical contributions involving harmonic stretch
and valence terms, and possibly torsional terms. Preliminary work suggests that
the combination of bonded terms with the (non-bonded) electrostatic part gives
rise to a stable optimisation procedure (using Levenberg–Marquardt). Before
closing with some general remarks let us summarise the advantages that QCT
offers in the context of the development of a force field.

� As a QCT atom is defined from the electron density, which is measurable
and theoretically well defined, it can be obtained regardless of the type of
basis set used (Gaussian even if diffuse, plane wave, Slater).

� As QCT atoms do not overlap there is no penetration (energy) and hence
need for damping functions.

� QCT atoms are rooted in quantum mechanics, thereby enhancing their
physical meaning.

� The multipolar expansion of atoms still converges at very short range.
� QCT atoms can be visually represented due to their finite shape, providing

an intuitive understanding of interactions in complex situations. We use
the spherical tensor formalism129 as it is more compact than the Cartesian
one.

One should realise that the Kriging approach could eventually also operate
on intra-atomic energies. Equation (6.9) shows how the total Hartree–Fock
energy of any (quantum) system, whether it is a single molecule or a system of
molecules, can be part be partitioned into intra- and interatomic contribu-
tions:39

Etot ¼
X

A

EA
kin þ

1

2

X

A

EAA
coul þ

1

4

X

A

EAA
X þ

1

2

X

A;B
B 6¼A

EAB
coul þ

1

4

X

A;B
B 6¼A

EAB
X ð6:9Þ

Here the first three terms are intra-atomic, running over atomic index A,
describe the kinetic, Coulomb and exchange contributions. The latter two terms
describe the Coulomb and exchange interaction terms, which are sums running
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over distinct pairs of atoms. One can then study how these five types of terms,
that govern all interactions, cooperate to form a torsion potential.40 Torsion
barriers arise from a subtle interplay between the different types of physical
terms. A torsional rotation around a central C–C bond is caused by a com-
pletely different interplay between terms than one around an O–O bond. For
this total energy partitioning approach to be practical, the absolute energy
error of the Kriging model has to be low enough, again below the oft-quoted
chemical accuracy of 1 kJ mol�1. The atomic energies can be of the order of a
thousand kJ mol�1, so the relative accuracy has to be very high. This whole
approach is drastically different to that of existing force fields, which all
lack kinetic energy terms, for example. However, if successful it would
eliminate the need for bonded parameters appearing in classical harmonic,
cubic and coupling terms.
Finally, MD simulations already accomplished with QCT multipole

moments with interaction L¼ 5 could not be discussed due to space restriction.
Secondly, QCTFF copes with a small number of water molecules, e.g. inter-
stitial, cavity, as well as bulk water. Current work is focusing on a rigorous
procedure to compute atom types within the Kriging formalism, using feature
selection. In other words, it is possible to determine mathematically which
geometrical coordinates do not contribute significantly to the prediction of the
multipole moment of the atom of interest. The size of the test molecules will be
scaled up, and each time intermediate validation will be carefully reported on.
Only then, we believe, solid progress can be sustained and a step change be
hoped for in the area of biomolecular modelling and drug design in particular.
More and more experimental work, e.g. ref. 160 and 161 and references
therein, is emerging that disentangles the all-governing Gibbs free energy
into an enthalpy term and an entropy term. The refinement of the technique
isothermal titration calorimetry (ITC) is responsible for this exciting develop-
ment. This raises hope that theory and experiment will soon properly meet in
the challenging realm of protein–drug affinity.

6.5 Bioisosterism

Drug discovery, and more generally medicinal chemistry, frequently applies the
concept of bioisosterism. A bioisostere is a fragment of an active compound
with similar physical or chemical properties.162,163 In the context of drug
design, bioisosteres enhance the desired biological effects such as target selec-
tivity and administration/absorption, distribution, metabolism, excretion/
elimination, toxicology (ADMET) profile, without drastically altering the
initial chemical structure. A compound with desired biological activity is
repeatedly modified during the drug development process, in order to deliver
new candidate drugs with similar, but hopefully improved, biological effects.
The main working hypothesis of bioisosterism is that the groups to be sub-

stituted are similar in some important physical property. For example, car-
boxylate and tetrazole are both anions at physiological pH.164 Groups that are
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not geometrically similar nor isovalent may still be bioisosteres if they
exhibit similar activity when substituted at the same place in a drug molecule.
Figure 6.8 shows examples of some common bioisosteres, identified in a recent
study164 of compounds stored in the MDL Drug Data Report (MDDR), a
licensed database compiled from the patent literature.
The prevalence of the use of bioisosteric replacement in drug design can

hardly be over-emphasised. Bioisosterism features in many publications and
has been reviewed at length.162,165–169 The concept of bioisosterism is often
considered to be qualitative and intuitive.170 When a candidate molecule
exhibiting activity towards a target is discovered, medicinal chemists will make
other, similar, organic compounds in an attempt to improve activity or
ADMET properties. To decide which compounds to try, chemists often use
experience or intuition and replace active functional groups with others that
they believe will behave similarly.
Since bioisosterism is essentially a fragment-based method, QCT is a natural

tool to apply in this context. Indeed, the fragments that QCT offer can be
viewed as vehicles to express ‘fragment quantum chemical content’ that one can
endow bioisosteres with. This idea led to the construction of the ‘Quantum
Isostere Database’ (QID),171 a Web-based tool designed to find bioisosteric
fragment replacements for lead optimisation using stored ab initio data. A wide
range of original geometric, electronic and calculated physical properties were
stored for each fragment. Physical descriptors with clear meaning were chosen,
such as distribution of electrostatic potential energy values across a fragment
surface and geometric parameters to describe fragment conformation and
shape from ab initio structures. Further fundamental physical properties were
linked to broader chemical characteristics relevant to biological activity, such
as H-bond donor and acceptor strengths. Additional properties with less easily
interpretable links to biological activity were also stored to allow future
development of QSAR/QSPR models for quantities such as pKa and solubility.
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Figure 6.8 Common bioisosteric pairs identified in the MDDR database.
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Conformational dependence of the ab initio descriptors was explicitly dealt with
by storing properties for a variety of low-energy conformers of each fragment.
Capping groups were used in ab initio calculations to represent different che-
mical environments, based on background research into transferability of
electronic descriptors.9 The resulting database has a Web interface allowing
medicinal chemists to enter a query fragment, select important chemical fea-
tures, and retrieve a list of suggested replacements with similar chemical
characteristics. This paper171 reported examples of known bioisosteric repla-
cements correctly identified by the QID tool.
This research strand is younger than others discussed and hence receives less

emphasis. Research into application of QID is currently on-going.

6.6 Conclusions

Here is discussed, at different lengths, the progress in three different research
strands, all based on quantum chemical topology (QCT). One strand aims at
constructing quantitative structure–activity relationships from new electronic
descriptors extracted from geometry optimised wave functions. A method
called quantum topological molecular similarity (QTMS) uses QCT descriptors
in combination with partial least squares and possibly a machine learning
method. Representative applications are discussed here, in medicinal chemistry,
physical organic chemistry and ecochemistry. The independent ability of
QTMS to suggest the centre of action in a set of congeneric molecules is an asset
to experimental studies. QTMS can confirm experimental hypotheses or sug-
gest preferred pathways. Moving one step away from QCT, the use of simple
equilibrium bond lengths as descriptors to capture electronic effects is still
waiting to be applied on a routine scale. An important question that keeps
nagging QSAR is if a descriptor works for the appropriate quantum chemical
reason. If ab initio equilibrium bond lengths are a genuine and independent
source of information, then they are better than ad hoc measures of dubious
theoretical background. However, if counting carbons is justified then one
should not spend CPU days superimposing high-level electron densities, as in
quantum molecular similarity.
The second strand of work aims for a generic method to design a force field

ab ovo, closer to quantum chemical reality than the popular classical force fields
currently used. This is feasible given the abundance of current computing
power. Four cornerstones underpin this approach: a definition of an atom in
a system, transferability and atom typing, multipole moments and, finally,
machine learning to capture the change in these moments in response to a
changing environment. When combined, one obtains malleable atoms that
adjust their electronic structure to the coordinates of the neighbouring atoms.
The force field delivers better accuracy at short range and has been successfully
used in MD simulations. In summary, several results of this long-term project
are culminating in an attempt to create a step change in the realism of force field
design.
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Finally, QCT is a natural candidate to make bioisosterism a quantitative
concept and simultaneously link it to an underlying quantum chemical reality.
An initial web tool called Quantum Isostere Database (QID) has been con-
structed and initial tests conducted. The QID currently awaits applications in
drug design and agrochemistry.
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CHAPTER 7

Cheminformatics in Diverse
Dimensions

THOMAS ENGEL

Ludwig-Maximilians-Universität München, Department of Chemistry,
Butenandtstr. 5–13, 81377 München, Germany

7.1 Introduction

Scientists may have diverse concepts and perceptions when describing and
discussing structural information of chemical compounds. A compound may be
characterized by name, by two-dimensional drawing and/or by providing a
three-dimensional molecular model. This hierarchy also reflects levels of
refinement when representing chemical structures in electronic form – starting
from linear notations to 2D chemical graphs and 3D structure representations
culminating in molecular property grids. The problem is how to encode these
models in electronic format and enable computers to deal with them, since they
work with bits of information and perceive neither atoms nor bonds. This
interchange must somehow be handled by widely understood input and output
formats. The chemists’ way of thinking about structures must be translated into
computers’ internal machine representation through one or more intermediate
steps or representations.
The most common method of structure input is to draw a (small) molecular

structure with a graphical user interface (structure editor). The drawn structure
may next be converted automatically into one of the structural representations
needed, or directly into a format understood only by the computer and the
software employed. Another approach is to apply existing structural
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representations in databases, built up, for example, on experimental data, e.g.
the PDB database, for further processing with a computer. However, as pre-
viously mentioned, the hierarchy or information content of the representation,
respectively, is pivotal for further computer processing.
In drug design the most appealing challenge is to discover interactions between

a drug and its target. In reality these interactions occur in the 3D world. There-
fore, 3D methods provide appropriate tools, such as powerful searching techni-
ques including pharmacophore matching,1–8 docking,9–12 and similarity/diversity
analysis based on molecular fields and surface properties.13–16 However, one
should ask if the knowledge of 3D structure information really offers advantages
for design. Certainly, many tasks and applications such as similarity or structure/
sub-structure searching and also a number of structure–activity relationships
(SAR) are based on 2D structure information, handled by less complex 2D
methods.17,18 Finally, whenever needed, added 3D structure information can
provide a significant impact on elucidating structure–activity relationships.
The following three sections lend a perspective on the structure representation

derived from a computer representation. Thus, code dimensionality in zero
dimension (numbers), one dimension (strings) and two dimensions (tables,
matrices, etc.) determine this type classification. Within the three classes, all dif-
ferent kinds of dimensionality of structure representation (0D–3D) are included.
Since the number of references to each of the following topics would go far

beyond this scope, only the most relevant or updated literature is provided.
More detailed information and supporting literature can also be found in two
comprehensive reference books: Handbook of Chemoinformatics19 and Mole-
cular Descriptors for Chemoinformatics.20

7.2 Zero-dimensional Code Representations

The simplest type of structure representation is the 0D code representation.
This form generally reflects indices in databases as data-independent data
structure (integer) used to speed up data retrieval operations;21 these may
include indices calculated by molecular descriptors methods.
Nevertheless, the very well known CAS-RN and hash codes also might be

classified into the 2D code representations, both representations are strictly
associated with database indexing and therefore arranged within this section.

7.2.1 CAS Registry Numbers

Chemical Abstracts Service (CAS), a division of the American Chemical
Society, assigns a CAS-RN to every compound that has been described in the
literature. The intention is to make database searches more convenient since
compounds may often have multiple names. Almost all molecule databases
today allow searching by CAS numbers or other identifiers such as the Beilstein
Registry number. The unique CAS registry number is separated by hyphens
into three parts with up to 10 digits. The numbers are assigned in increasing
order and do not possess inherent meaning.22
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7.2.2 Hash Structural Codes

Hash coding is an established method in computer science, for example in
registration procedures.23,24 In cheminformatics the structure input occurs as a
sequence of characters (names) or numbers that may also be obtained, for
example, from a connection table by conversion of a structure drawing
(see below). Both names and numbers may be quite long and may not directly
be processed by the computer or used for the storage of chemical structures. The
‘hashing’ chops or cuts the input into small pieces to obtain a short, acceptable
integer within a certain file length. Subsequent to this process, the integers may
be processed, by the computer, with an extremely high transfer speed.
In more detail, the hash procedure (key transformation) computes a number

of storage addresses from alphabetic, numeric or alphanumeric keys. The data
or the structures are separated into fragments, which are assigned to an iden-
tification number (ID). However, the ID of a fragment is not directly accessible
with the computer. First, the ID has to be transformed into a pre-set, fixed
number of characters (a hash code) by a hash algorithm. This algorithm pro-
duces a highly compressed code dependent only on the input information, for
example, molecular weight, empirical formula or 2D/3D structure. However,
this code includes no data information and is used only as a key to the storage
address of the data entry. Thus, a hash code is a unique number that describes
and identifies molecular data structures in chemistry such as atoms and bonds
or is characteristic of an individual chemical structure.25

The ciphered code is indicated with a defined length, i.e. a fixed bit/byte
length. A hash code of 32 bits could have 232 (or 4 294 976 296) possible values,
whereas one of 64 bits could have 264 values. However, due to the fixed length,
several diverse data entries could assign the same hash code (‘address colli-
sion’). A higher probability of collision occurs if the number of input data is
increased in relation to the range of values (bit length). In fact, the limits of
hash coding are reached with about 10 000 compounds with 32 bits and over
100 million with 64 bits, to avoid collisions in databases.26

Accordingly, the hash code is not used as a direct way to access data, rather it
serves as an index or key to the filed data entry. Since hash coding receives
unique codes by reducing multidimensional data to only one dimension,
information can and often will be lost. This loss may prevent reconstruction of
the complete data from the hash code.
Intensive data reduction is an efficient method of managing large datasets.

Generally, hash codes are used within chemical information processes such as
molecule identification and recognition of identical atoms,27 but less in sub-
structure and similarity searching.
The hash code has specific characteristics and provides numerous possibi-

lities for use, for example:

� hash codes of molecules that are already pre-computed are suitable for use
in full structure searches in database applications

� atomic and bond hash codes are helpful in structure manipulation pro-
grams, for example, in reaction prediction or in synthesis design.28
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7.2.3 Molecular Descriptors

Molecular descriptors play a fundamental role in the drug discovery process.
One accepted basic tenet is that similar molecules have similar activities – this
principle leads to structure–activity/property relationships (SAR/SPR). Before
the correlation of activities, or other properties of chemical compounds in a
SAR/SPR model, the structures of the compounds have to be transferred into
numbers – the descriptors. It is a given that the appropriate description of
chemical structures for the property to be modelled is an essential task. With a
multitude of different types of descriptors available (more than 3000), great
care has to be given to the selection of the most appropriate set of descriptors.
A comprehensive treatise on molecular descriptors was published by R.

Todeschini and V. Consonni.20 Their terminology states:

The molecular descriptor is the final result of a logic and mathematical
procedure which transforms chemical information encoded within a symbolic
representation of a molecule into a useful number or the result of some
standardized experiment.

Descriptors are classified into two main groups depending on their origin:

� non structure-based descriptors: characterized by a number achieved
from experimental measurements such as logP, pKa, molar refractivity,
dipole moment, polarizability, boiling point and other physicochemical
properties

� structure-based descriptors: theoretical molecular descriptors, calculated
from a molecular representation.

To discuss all available, or even the most relevant, descriptors, would go far
beyond the scope of this article. Thus, this section focuses on a sample of
structure-based descriptors. Herein, the calculation procedure transforms the
structural information into a numerical representation of a molecule. The
mathematical functions have to be invariant with respect to the molecule’s size
and number of atoms, allowing some mathematical treatment of the chemical
information contained in the molecules, for example model building with
statistical methods or artificial neural networks. The information content of a
descriptor depends on two major factors; (a) the algorithm employed in the
calculation of the descriptor and (b) the molecular representation of the com-
pound. Below, frequently used descriptors are depicted, classified by the
dimensionality of their molecular representation. Most of the descriptors are
2D (whole-molecule) that are used in similarity and diversity applications to
process a very large number of compounds in high-throughput screening or
combinatorial chemistry.29–31

Typical structure descriptors are distinguished in Table 7.1 by their data type
(integer or real number, vector, scalar or vector field) and the molecular
representation of the compound.
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7.2.3.1 0D Descriptors

This type of molecular representation is independent of the knowledge of the
compound structure. It is the simplest type and includes for example atom or
bond counts, number of hydrogen, molecular weight, and all other atomic
properties that are deducible from the chemical formula. Experimental mea-
surements, i.e. non-structure based data, are also included into this class.

7.2.3.2 1D Descriptors

The concept of a 1D descriptor is to represent a list of structural fragments of a
molecule (fragment or functional group counts) without the complete knowledge
of the structure. The descriptor is deduced, for example, from condensed
formulae or line notations (see Section 7.3.2) and used in substructure searching.

7.2.3.3 2D Descriptors

2D or topological descriptors, sometimes also called indices, represent the
constitution of a compound and can be computed from their molecular graph.
These types of descriptors are instances of graph invariants, for example
molecular connectivity indices and number of nodes. Typical 2D descriptors
are the Wiener Index, Randic connectivity index, topological autocorrelation
vector, feature trees, BCUT and Kier-Hall connectivity indices.30,32

7.2.3.4 3D Descriptors

Chemical and biological properties are related to the 3D structure of a mole-
cule. In essence, the experimental sources of 3D structure information are

Table 7.1 Examples of 0D code representations of L-tyrosine (cf. structure
diagram in Table 7.2), the associated dimensionality of the structure
representation and the mathematical representation followed by the
code. (calculated by XemistryWeb Sketcher(*)38 and E-Dragon(#)39).

Type of structure representation

Dimension
of the
structure

Mathematical
representation Structure code

CAS-RN 1D–3D index 140-43-2
Hash code 1D–3D index 56666B48AB05BD2D
Molecular weight 0D scalar 181.19099
Atom-type counts 0D scalar 4
Fragment counts (number of
total secondary C(sp3) (#))

1D scalar 2

Wiener path index 2D scalar 268
Kier-Hall connectivity index
(chi-0 (#))

2D scalar 9.845

WHIM descriptor (1st component
size directional/unweighted (#))

3D vector 7.244

3D-MoRSE descriptors
(signal 03/unweighted (#))

3D vector �1.936
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X-ray crystallography, electron diffraction, NMR spectroscopy and neutron
scattering. For compounds without experimental data on their 3D structure,
automatic methods for the conversion of the connectivity information into a
3D model are required.33 Thus, in 3D or geometrical descriptors spatial
information may be represented in, for example, the 3D-MoRSE, WHIM,
GETAWAY, quantum-chemical, size, steric, surface and volume descriptors
respectively.

7.2.3.5 4D Descriptors

Hopfinger and co-workers introduced a 4D-QSAR formalism34 as an
enhancement of Molecular Shape Analysis (MSA).35–37 The 4D descriptors are
generated by ensemble sampling of conventional 3D descriptors, i.e. a
descriptor of the 3D structural information of a given compound is extended
with a set of conformers (the fourth dimension). Examples are descriptors
derived from GRID or CoMFA methods.

7.3 One Dimensional Code Representations

7.3.1 Nomenclature of Chemical and Biochemical Compounds

Neither a trivial name, nor the systematic nomenclature, both of which
represent a chemical structure as an alphanumerical (text) string, is ideal for
computer processing. The reason is that various valid compound names
can describe one chemical structure. Hence, the basic aim of the IUPAC
nomenclature40 is to describe particular parts of a structure (fragments,
including stereochemistry) in a systematic manner, with special expressions
from a vocabulary of terms. This concept allows database systems such as the
Chemical Abstracts Service to use IUPAC nomenclature as an index for
chemical structures. However, the IUPAC nomenclature does not directly
allow the extraction of additional information about the molecule, such as
bond orders or molecular weight. As a consequence, the name/structure
correlation is unambiguous but not unique. Nowadays, programs can translate
names into structures, and structures into names, to make published structures
accessible in electronic journals.41

In biochemistry, essentially amino acid and nucleic acid sequences are
represented in one- or three-letter systems. In fact, both types of symbols
represent a formula of a compound. Usually, the symbol denotes the L con-
figuration of chiral amino acids. As with the trivial names in chemistry, which
have no relationship to their chemical structures, the well-known names of the
common a-amino acids and nucleobases were usually given to them by their
discoverers.42,43 The three-letter system for an amino acid is usually derived
from the first three letters of its trivial name, for example Arg (but not ARG or
arg). Nevertheless, there are difficulties in using the three-letter system in pre-
senting long protein sequences. A one-letter code is much more concise and
helpful in summarizing large amounts of data, in aligning and comparing
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homologous sequences and in computer techniques for these processes. It may
also be used to label residues in 3D representations of protein molecules. Per
definition, a sequence starts at the left-hand end with the amino acid residue
carrying the free amino group and ends at the right-hand end with the residue
carrying the free carboxyl group.
Most of the one-letter codes of the amino acids are derived from the initial

letters of the names of the amino acids. Other assignments were made more or
less arbitrarily.
IUPAC is responsible both for the rules for naming, as well as for the one- or

three-letter systems that were approved in 1968.44–46 Examples of the various
1D code representations are listed in Table 7.2.

7.3.2 Notation of Chemical Compounds

Line notations represent the structure of chemical compounds as a linear
sequence of letters and numbers. The first line notations were conceived before
the advent of computers. It was realized that the compactness of such a
notation was well suited to be handled by computers, since file storage space
was expensive at the time of derivation. The heyday of line notations was
between 1960 and 1970. Whereas the Wiswesser Line Notation (WLN)47–49 and

Table 7.2 Examples of 1D code representations of L-tyrosine and the
corresponding structure code (fingerprints are calculated by
MOE).79

Type of structure
representation Structure code

2D graph

Trivial name L-tyrosin
one-/three-letter
system

Tyr/Y

IUPAC
nomenclature

(2S)-2-amino-3-(4-hydroxyphenyl)propanoic acid

SMILES Oc1ccc(C[C@H](N)C(¼O)O)cc1
SLN C[1]H:C(:CH:CH:C(:CH:@1)OH)CH2C;s¼I]H(NH2)C(¼O)OH
Standard InChi InChI¼1/C9H11NO3/c10-8(9(12)13)5-6-1-3-7(11)4-2-6/h1-

4,8,11 H,5,10H2,(H,12,13)/t8-/m0/s1
Structural keys:
MACCS

54 84 90 95 104 111 113 123 131 139 143 146 151 152 154 155 156
157 158 159 161 162 163 164 165

TGD (2-point
pharmacophore
based fingerprint
from 2D structure)

600 601 557 556 555 707 706 705 661 558 242 660 241 602 708 559
603 709 560 604 710 561 246 666 247

TAD (2-point
pharmacophore
based fingerprint
from 3D structure)

841 842 780 779 777 991 989 988 926 782 339 924 781 338 840 843
992 783 844 845 994 784 846 785 343 933 345
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the Representation of Organic Structures Description Arranged Linearly
(ROSDAL)50,51 are now almost obsolete, SMILES52,53 and SLN54,55 are
important representations and are widely used.

7.3.2.1 The SMILES Coding

The SMILES (Simplified Molecular Input Line Entry System) notation has
been continually developed by David Weininger since 1986 for chemical data
processing. In this line notation the chemical structure information is highly
compressed and simplified.19,52,53 The SMILES language has found widespread
distribution as a universal chemical notation for the representation and
exchange of chemical structure information, independent of software or
hardware architecture. SMILES notation uses only six basic rules to convert a
structure into a character string. The basic SMILES rules are:

1. atoms are represented by their atomic symbols;
2. hydrogen atoms automatically saturate free valences and are omitted

(simple hydrogen connection);
3. neighbouring atoms stand next to each other;
4. double and triple bonds are characterized by ‘¼ ’ and ‘ # ’, respectively;

tetrahedral stereochemistry is characterized by ‘@’ and double bonds by
‘/’ oder ‘\’;

5. branches are represented by parentheses;
6. rings are described by allocating digits to the two ‘connecting’ ring atoms.

SMILES notation has seen many extensions since 1988. The present defini-
tion, with examples, can be found in ref. 56 and 57.
Other related coding languages are derived from enhancements of SMILES56–58

(XSMILES, SMARTS,59 SMIRKS, STRAPS, CHUCKLES,60 CHORTLES,
CHARTS). Each of them was designed to represent special molecular structures
or to allow particular applications (polymers, mixtures, reactions or database
handling). A special extension of SMILES is USMILES (sometimes described as
Broad SMILES).60–62 This ‘Unique SMILES’ of Daylight is a canonical repre-
sentation of a structure. This means that the coding is independent of the internal
atomic numbering and results always in the same canonical, unambiguous and
unique description of the compound, granted by a proprietary algorithm.
The compact textual coding requires no graphical input and additionally

permits a fast transmission. These are the important advantages of using
SMILES in chemical applications via the Internet and in online services. SMILES
notation is also used for the input of structures in the Daylight Toolkit.56

7.3.2.2 Sybyl Line Notation

The Sybyl Line Notation (SLN) was also developed to represent molecular
structures and is distributed by Tripos Inc. The notation is more or less a
modification of SMILES and also uses only six basic rules to specify chemical
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structures. SLN is easy to learn and its use is intuitive. Its main distinction from
SMILES is that all hydrogen atoms must be specified, as no assumptions are
made regarding standard valences or aromaticity. Furthermore, macro-
molecules, polymers, reactions, structure fragments, substructure queries
(Markush structures) and combinatorial libraries can be represented with SLN
in a single notation syntax.54 All these features make this line notation suitable
for database storage as well for data exchange between various programs.
Besides specifications on atoms, bonds, branches and ring closure, SLN

additionally provides information on attributes of atoms and bonds, such as
charge or stereochemistry. These are indicated in square [ ] or angleo4 brackets
behind the entity (for example, trans-butane: CH3CH¼[s¼t]CHCH3). Fur-
thermore, macro atoms allow the shorthand specification of groups of atoms
such as amino acids, for example, Ala, Protein2, etc. A detailed description of
these specifications and also specifications for 2D substructure queries or com-
binatorial libraries can be found in the literature.55

SLN is used in many Internet applications for fast data exchange. A number
of commercial software packages, such as ChemDraw,63 CLIFF64 and, of
course, Tripos products such as CONCORD65 operate with this line notation.

7.3.2.3 International Chemical Identifier (InChI)

The IUPAC International Chemical Identifier (InChI) is a non-proprietary
unambiguous identifier for chemical compounds. The open-source InChi
algorithm,66–68 which has been in development since 2000, is implemented
nowadays in most structure-drawing software and converts chemical com-
pounds into unique linear alphanumeric strings. The InChI generation has the
following workflow:

1. normalization: the chemical compound is transferred into an unambig-
uous presentation as far as aromaticity, tautomerism, zwitterions, etc.;

2. canonization: unique labelling of the atoms based on the Morgan algo-
rithm,69 independent of how the structure was drawn;

3. serialization: the tagged atoms are converted into a linear string, the
InChI.

The distinct structural information is currently classified and presented in five
hierarchically ordered layers and sub-layers of the InChi:

1. main layer (chemical formula, the connection sub-layer/c, and the H
atom sub-layer/h);

2. charge layer (charge/q and protons/p sub-layers);
3. stereochemical layer (double bond/b and tetrahedral stereochemistry/t,/

m,/s, sub-layers);
4. isotopic layer (/i,/h,/b,/t,/m,/s, sub-layers);
5. fixed-H layer (only in non-standard InChI).
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As seen in the list above, each information type of layer is indicated by a
lower-case letter after the slash mark, except for the chemical formula
sub-layer. Thus, layers and sub-layers are separated by the forward slash ‘/’
delimiter. If any kind of information from the second layer on is missing in
the input structure representation, the corresponding layers can be omitted.
Furthermore new layers may be added to extend the level of information (for
example polymers, Markush structures). To ensure the representation of a
compound with a specified level of details/layers, the standard InChi was
defined. This guarantees the compatibility between different software, data-
bases and other electronic data sources. All other kind of specific InChi levels
are called non-standard InChi. The standard InChI is designated by the prefix
‘S’ in: ‘InChI¼ 1 S/’ where 1 is the identifier version number. The ‘S’ is omitted
in the non-standard InChi.

7.3.3 Bit String Representations

In addition to the molecular descriptors (see Section 7.2.3), the concept of a
linear descriptor is to represent a single feature of a molecule (fragment counts)
at a special position in a bit string or a vector. It is distinguishable from
structural keys (fragment code) and fingerprints. Both representations comprise
constitutional as well as 3D information about the structure.

7.3.3.1 Structural Keys

The structural key approach describes the chemical composition and structural
motifs of molecules represented as a Boolean array. If a certain structural
feature is present in a molecule or a sub-structure, a particular bit is set to 1
(true), otherwise to 0 (false). A bit in this array may encode a particular
functional group (such as a carboxylic acid or an amide linkage), a structural
element (for example, substituted benzene, rings), or, at least, n occurrences of a
particular element (for example, a nitrogen atom). Alternatively, the structural
key can be defined as an array of integers where the elements of this array
contain the frequency of a specific feature in the molecule.
A typical application of structural keys is for sub-structural searches. Here,

the key of the query molecule is compared with the stored structural keys of the
database entries. This implies that each array element in the structural key has
to be defined in a fragment dictionary initially. Therefore, this key can become
extremely long and is often inflexible in terms of supplementary fragments. The
choice and number of patterns included in the key affect the search across the
database. Long keys influence search performance, whereas short keys may
screen out many structures that are of no interest. On the other hand, such a
structural key can be optimized for the compounds present in the database to
be investigated.
One of the most famous search keys is the MDL MACCS key with 166 bits

or in an extended version, with 960 bits.70–72
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7.3.3.2 Fingerprints

Fingerprints were developed to overcome the shortcomings of structural keys.
Several types of molecular fingerprints exist, depending on the structure/
sub-structure and their dimensionality (0D to 4D) used to generate fingerprints.
A fingerprint is also a binary vector, but in contrast to a structural key there is
no need to predefine a fragment dictionary. Initially, all bits of a fingerprint
with a fixed size are set to 0. In the second step, a list of patterns is generated for
each atom (zero-bond path), for each pair of adjacent atoms and the bond
connecting them (one-bond path), and for each group of atoms joined by
longer pathways (usually paths of up to seven or eight bonds). Each pattern of
the compound is assigned a unique set of bits (typically four or five bits per
pattern) along the fingerprint by a hashcoding algorithm.73 The set of bits thus
obtained is added to the fingerprint with a logical OR.
Using fingerprints, a database can be screened in the same way as with

structural keys by simple Boolean operations. Compared with structural keys,
fingerprints have a high information density without loss of specificity.
This string representation of chemical structures facilitates very efficient

similarity searches. Following the ‘similar structure – similar property princi-
ple’, high-ranked structures in a similarity search are likely to have similar
physicochemical and biological properties to those of the target structure.30

7.3.3.3 Pharmacophore-based Fingerprints

‘A pharmacophore is the ensemble of steric and electronic features that is
necessary to ensure the optimal supramolecular interactions with a specific
biological target structure and to trigger (or to block) its biological response’
according to the IUPAC definition.41

Pharmacophore-based fingerprints are used to define a pharmacophore
with its simple spatial representation of key molecular interactions including
charges, ionizable groups, hydrogen bond donor and acceptors, hydrophobic
groups and aromatic rings and even virtual points.74,75 All possible combi-
nations of these features (two up to more than 10) for all conformers are
coded in 3D fingerprints. By analogy, with the use of the 2D fingerprints
used in substructure and similarity searching, the pharmacophore key can
provide a way to improve search speeds for searches of 3D databases.
Furthermore, the pharmacophore concept has found widespread use in
medicinal chemistry for hit and lead identification and during the subsequent
lead optimization.76–78

7.4 Two-dimensional Code Representations

Computer graphics uses matrices to project 3D space onto 2D such as a
computer screen. In a very similar way, additional information about a mole-
cular structure (3D or 2D) may be accumulated in a 2D code representation.
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7.4.1 Matrices

The analogy between a structure diagram and a topological graph is the basis
for the development of graph theoretical algorithms to process chemical
structure information.80–82 In mathematical terms, the structure diagrams
drawn by a chemist can be considered as ordinary graphs. Graphs consist of
nodes (vertices), which are the atoms, and edges, which are the bonds. In
organic chemistry, these graphs are often simplified by representing the carbon
atoms only as the point where connecting lines meet, the edges (bonds). Such a
graph is called a topological graph because it only shows the linkages between
atoms and the kind of bonds between them. This type of structure repre-
sentation contains no data about the 3D structure, the topography, of a
molecule.
A graph can be represented as a matrix, the major advantage of which is that

the calculation of paths and cycles can be performed easily by well-known
matrix operations.
The matrix representation of a structure with n atoms mostly consists of an

array of n� n entries (for example not including the asymmetric incidence
matrix). A molecule with its various atoms and bond types can be represented
in matrix form in different ways depending on what kind of entries are chosen
for the atoms and bonds. Thus, a variety of matrices has been proposed;
adjacency, distance, incidence, bond and bond–electron matrices. Generally,
drug design resorts to the symmetric adjacency and distance matrices that
either represent the constitution (connectivity) or the topological distance
information of a molecule.
The n-squared adjacency matrix of a molecule characterizes adjacent nodes

of the molecular graph with the value 1 and all not-connected atoms with the
value 0 at the appropriate matrix element. Thus, this matrix representation is a
Boolean matrix with bits (0 or 1).
The elements of a topological (a) or topographical (b) distance matrix con-

tain values that specify the shortest distance between the atoms involved.
Distances can be expressed either (a) as geometric distances (in Å) or (b) as
topological distances (number of bonds along the shortest path between the
respective atoms).
Hydrogen atoms are sometimes omitted, since their numbers and positions

can be calculated from organic structures on the basis of the valence rules of the
heavy atoms. Furthermore, the squared symmetric matrices are simplified into
a non-redundant matrix representation by depleting all elements that appear
twice on one side of the main diagonal.

7.4.2 Connection Table

A major disadvantage of a matrix representation for a molecular graph is that
the number of entries increases with the square of the number of atoms in the
molecule. A linear function of the number of atoms in the molecule is imple-
mented in the so-called connection table (CT) representation. Herein, the atoms
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and the bonds, giving the connections between the atoms, are listed in a tabular
form. A connection table has been the predominant form of chemical structure
representation in computer systems since the early 1980 s. Graph theory
methods can equally well be applied to connection table representations of a
molecule.
The framework of a basic CT consists of two components; an atom list,

where each atom of a molecule is indexed arbitrarily, including the adjacency,
and a bond list, where the bond information (bond order) is stored with indices
of the atoms that are connected by a bond. Both tables, the atom and the bond
lists, are linked through the atom indices.
Similarly to the matrix representations, the connection table can be con-

densed into a non-redundant representation. Along with duplicates, the
hydrogen atoms could also be omitted in ‘standard’ organic compounds.
Programs that have to treat hydrogen atoms may deduce them from the open
valences of the corresponding atoms according to the conventions of the
valence-bond rules (considering the bond order). In any other case, for example
in organometallics, metal complexes, some inorganics or whenever a hydrogen
atom plays a major role, the hydrogen atoms have to be included. Nevertheless,
the information about the chemical structure is kept intact.
A connection table can be extended by adding other lists, such as lists of free

electrons and/or charges on the atoms of the molecule.83 Canonical atom
indices are obtained by algorithms, many of which are based on the Morgan
algorithm.69

Almost all chemical information systems work with their own special type of
connection table. They often use various formats distinguishing between
internal and external connection tables. Thus, the conversion of one connection
table format into another is usually a fairly straightforward task. Although a
connection table can be represented in many different ways, the framework
remains the same; an atom list and a bond list.

7.4.3 Standard Structure Exchange Formats

Many organizations and software suppliers have developed their own con-
nection table format and quite a few have made provisions for the import or
export of other file formats. The SMILES notation has already been
mentioned.

7.4.3.1 The MDL Molfile and SDfile

The release of the initially proprietary MDL Molfile format to the community
at large in 1982 led to its acceptance as a general exchange format for chemical
datasets.
A Molfile describes a single molecular structure that can contain disjointed

fragments. An extension of the Molfile format, the SDfile (SD stands for
structure–data) contains structure and data (properties) for any number of
molecules, which makes it especially convenient for handling large sets of
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molecules – for data transfer between databases or from databases to data
analysis tools, for example. MDL also designed three other, but in some ways
internally similar, file formats for handling queries (RGfiles), single reactions
(RXNfiles) and reactions as well as molecules together with their associated data
(RDfiles). All the MDL file formats are referred to together as CTfiles (chemical
table files) and described extensively in references 84 and 85. The default filename
extension for Molfiles is ‘.mol’, and for SDfiles, ‘.sdf’ or ‘.sd’ are used.
Each Molfile consists of two parts; the so-called header block specific to

Molfiles (lines 1–3) and a connection table – Ctab (from line 4), that is funda-
mental to all MDL’s CTfile formats. The connection table (Ctab) contains the
description of the collection of atoms constituting the given compound, which
can be wholly or partially connected by bonds. Such a collection can represent
molecules, molecular fragments, sub-structures, substituent groups and so on.
In case of a Molfile, the Ctab block describes a single molecule.
Within an SDfile, each molecule is represented by its Molfile with additional

data items describing its non-structural properties (molecular weight, heat of
formation, molecular descriptors, biological activity, etc.). The information on
a molecule is terminated by a delimiter line (containing only ‘$$$$’). Each data
item starts with a data header line, which reflects a molecular property name.
Next, one or more rows contain the actual data and they are terminated by an
empty line.
The historical development led to the situation that the Molfile is not a

rigidly standardized format. Molfiles from different sources may differ in some
details, depending on the software that generated them. Thus, the extension of
the file name is always *.mol but the structure of the file format can be different
from the MDL Molfile (for example, Sybyl-, MSI-Molfile, Molfile V3000, etc.).

7.4.3.2 PDB File Format

Whereas the Molfile typically is applied to ‘small’ chemical compounds, the
PDB file format has become the standard representation for exchanging mac-
romolecular information derived from X-ray diffraction and NMR studies,
primarily for large molecules such as proteins and nucleic acids including the
3D structure information. The exchange format has been developed since 1971
at Brookhaven National Laboratories. There, the Protein Data Bank86 was
established serving also as an eponym for the format. In 1998 the database was
moved to the Research Collaboratory for Structural Bioinformatics (RCSB).
PDB files were designed for storage of crystal structures and related

experimental information on biological macromolecules. Over the years, the
PDB file format was extended to handle results from other experimental
(NMR, cryoelectron microscopy) and theoretical methods of 3D structure
determination. PDB files contain, first of all, the Cartesian coordinates of the
atoms forming the molecule, primary and secondary structures (in the case of
proteins), bibliographic citations and crystallographic structure factors as well
as X-ray diffraction or NMR experimental data. PDB files can store data for a
single molecule, one molecule with associated water molecules, multiple
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molecules or an ensemble of alternative models for a single molecule (from
NMR experiments). The current PDB file format version is 3.2 and its speci-
fication can be found in ref. 87.
Each line of a PDB file must contain exactly 80 printable ASCII characters

(selected from the lower and upper case Latin letters, the digits 0–9, and the
symbols ` -¼ [ ] \ ; 0 , . / B ! @ # $ % 4 & * ( ) _ þ { } | : ‘ o4 ? in addition to
the space and end-of-line indicator. The end-of-line indicator is a system-
specific line-feed character in Unix, a sequence of carriage return and line-feed
characters in DOS and Windows and a carriage return in MacOS. If the actual
data occupy less than 80 characters or columns, using the punched card ana-
logy, then spaces are appended up to the 80th column (inclusive). Each line is
self-identifying – its first six characters contain a left-justified and blank-filled
record name (keyword), which must be one of the predefined names. Columns
7–70 contain data (built from fields), and columns 71–80 are usually empty in
older PDB files, but can contain other information in files conforming to newer
PDB specifications. The format and contents of the fields within the record are
dependent on the keyword. Furthermore, all records in a PDB file must appear
in a predefined order. This record/field terminology allows the treatment of a
PDB file as an ordered collection of record types.
It has been recognized, however, that the PDB format was unable to ade-

quately express many different aspects of experimental data for macro-
molecules. Moreover, the PDB representation has a fixed format with many
non-coherent rules and the order of data in the file is strongly defined. This
makes PDB files complicated for parsing and manual handling (the latter is
nearly impossible). Finally, changes in the PDB file format specification
enforced the reformatting of existing files to make them conform to the new
format specification.

7.4.3.3 Further Structure Exchange Formats

An alternative and much more flexible approach is represented by the STAR file
format,88,89 which can be used for building self-describing data files. Addition-
ally, special dictionaries can be constructed that specify, more precisely, the
contents of the corresponding data files. The two most widely used such dic-
tionaries (and file formats) are the CIF (Crystallographic Information File)
format90–92 – the International Union of Crystallography’s standard for repre-
sentation of small molecules – andmmCIF,93 which is intended as a replacement
for the PDB format for the representation of macromolecular structures. CIF is
also a 3D structure information file formatwithmore than three incompatible file
versions and is used in crystallography. CIF should not be confused with the
Chiron Interchange Format, which is also extended with *.cif.
CML,94–97 which is an extension of XML (www.xml.org), tries to unify all

the chemical information available, not only for Internet processing.
Most of the standard file formats for 3D chemical structure information

contain both the 3D Cartesian atom coordinates and the connection table. The
Z-matrix is another method for describing a molecule in 3D space, wherein
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internal coordinates are adopted such as bond lengths, bond angles and torsion
angles. Z-matrices are commonly used as input to quantum mechanical (ab
initio and semi-empirical) calculations as they correctly describe the spatial
arrangement of the atoms of a molecule. Note that there is no explicit infor-
mation on the connectivity present in the Z-matrix, as there is, for example in a
connection table. Nevertheless, quantum mechanics derives the bonding and
non-bonding intramolecular interactions from the molecular electronic wave-
function, starting from atomic wavefunctions and a crude 3D structure. In
contrast, most molecular mechanics packages require the initial molecular
geometry as 3D Cartesian coordinates plus the connection table, as they have
to assign appropriate force constants and potentials to each atom and each
bond in order to relax and optimize the molecular structure. Furthermore,
Cartesian coordinates are preferable to internal coordinates if the spatial
situations of ensembles of different molecules have to be compared and, of
course, both representations are interconvertible.
The various internal and external file formats make it necessary to have

programs that convert one format into another. One of the first conversion
programs for chemical structure information was Babel (around 1992).98 It
supports almost 50 data formats for input and output of chemical structure
information. CLIFF is another file format converter based on the CACTVS
technology and which supports nearly the same number of file formats.64

During the process of conversion, a program may drop some information
produced by other software because the format conventions cannot handle this
additional information.

7.5 Conclusion

Chemical structures are the universal and the most natural language for che-
mists, but not for computers. The input and output of chemical structures in
computer programs and databases requires specific methods for their repre-
sentation in computer-readable form. Computers work with bits and they
perceive neither atoms nor bonds. In contrast, chemists try to build models of
the world with molecules. The models are often conceptually quite simple; 2D
plots of molecular structures, or projections of 3D structures onto a plane.
However, all the various models of structure representations mentioned in this
chapter and applied in drug design are approximations. Therefore, there is no
right or wrong molecular representation used for drug discovery, but it should
always be context-dependent and well deliberated. For successful SAR mod-
elling, the appropriate choice of molecular descriptors is especially essential.
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CHAPTER 8

Analysing Molecular Surface
Properties

DAVID C. WHITLEY

Centre for Molecular Design, School of Pharmacy and Biomedical Sciences,
Institute of Biomedical and Biomolecular Sciences, University of Portsmouth,
Mercantile House, Hampshire Terrace, Portsmouth PO1 2EG, UK

8.1 Introduction

Molecular surfaces have long played an important role in many aspects
of molecular modelling, from simple visualization of molecules to questions of
molecular recognition in ligand–receptor binding. Efforts have focussed both
on characterizing and comparing the three-dimensional shape of molecular
surfaces1 and on studying the distributions of surface properties to describe
features such as electrostatics and lipophilicity. Many techniques arising from
this area are employed in computer-aided drug design, where the emphasis on
the molecular surface embedded in three dimensions complements one- or two-
dimensional structure-based approaches. Typical applications of these methods
include the assessment of surface and property similarity in virtual screening of
candidate drug molecules, and the inclusion of surface-based descriptors during
the development of quantitative structure activity relationships (QSARs) to
explore links with biological activity.
The aim of this chapter is to provide an overview of the methods used to

define, calculate and analyse molecular surfaces and molecular surface prop-
erties. The first section reviews the different ways of representing molecular
surfaces, ranging from geometric, atom-based models to iso-contours of the
electron density approximated by sets of orthogonal functions. Some of the
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commonly studied molecular surface properties are summarized (see Section
8.2). Section 8.3 considers the various approaches used in analysing the simi-
larity of molecular surface properties, the majority of which fall into three
types. Projection-based methods map the surface property onto a two-dimen-
sional sphere and assess similarity between molecules by rotating the corre-
sponding spheres relative to each other to find optimal matches. Distribution-
based approaches generally rely on binning the property values at a set of
representative surface points to obtain fingerprints that are then compared.
Feature-based methods identify distinguished points on the surface and com-
pare molecules by matching corresponding points from each surface. Most of
the feature-based methods are concerned, essentially, with the extrema of
functions on surfaces and lie naturally within the scope of Morse theory. The
final section outlines the analysis of surface properties in terms of the Morse-
Smale complex derived from the gradient vector field of the property. In par-
ticular, this defines a surface graph that acts as an invariant, capturing the
major features of the property. The bifurcations of the gradient field are also
seen to be relevant to several aspects of the analysis of surface properties,
including their conformational dependence.

8.2 Molecular Surface Models

Perhaps the simplest molecular models are the space-filling Corey-Pauling-
Koltun (CPK) models2 in which a molecule is depicted as the union of a set of
three-dimensional balls representing the atoms, with each ball assigned the van
der Waals radius of the corresponding atom. The van der Waals surface
(VDWS) is the topological boundary of the CPK model, formed by the parts of
the atomic surfaces not contained in the interior of any other atom. This is a
compact, orientable, piecewise-smooth surface consisting of a union of spherical
polygons, each of which is the visible part of an atomic surface. While sufficient
for simple visualization of small molecules, for macromolecules the VDWS may
contain large clefts that are inaccessible by ligands or solvent molecules. It also
lacks smoothness at the intersections of the spherical polygons, where the
normal vector changes discontinuously. To address these deficiencies two
related surfaces were introduced based on the interaction between a CPK model
and a probe sphere representing a solvent molecule (invariably water).
The solvent accessible surface3 (SAS) is formed by the trajectory of the centre

of the probe sphere as it rolls over the VDWS. The SAS is the topological
boundary of the CPKmodel obtained by adding the probe sphere radius to each
of the atomic van der Waals radii. This provides a more realistic representation
of the molecule in interaction with a solvent but exhibits the same lack of
smoothness as the VDWS. The solvent-excluded surface4,5 (SES), also known as
the molecular surface (MS) or the Connolly surface, is the surface swept out by
the probe sphere as it contacts the molecule. TheMS is formed from two distinct
parts. The contact surface is the subset of the VDWS touched by the probe
sphere. It consists of a set of convex spherical polygons, each of which is a subset
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of an atomic van der Waals sphere. The re-entrant surface is traced by the
molecule-facing boundary of the probe as it contacts two or more atoms. This
includes toroidal patches, formed as the probe rolls in contact with two atoms
and concave spherical triangles, created when the probe rests on three atoms
simultaneously. Figure 8.1 illustrates the definitions of the VDWS, SAS and SES.
In simple cases, such as the drug molecules illustrated (see Figure 8.2), the

SES consists entirely of convex spherical caps, toroidal belts and concave
spherical pits, which fit together to form a surface with a continuous normal

Figure 8.1 Atom-based molecular surfaces: the VDWS is the boundary of the atomic
spheres (shaded circles); the SAS is the outer solid curve, traced by the
centre of the probe sphere (open circles); the SES is the heavy solid curve
traced by the molecule-facing boundary of the probe sphere.

Figure 8.2 Solvent excluded surfaces: (a) Lorazepam, (b) Lansoprazole. The contact
surface consists of convex spherical polygons (mid grey); the re-entrant
surface consists of toroidal patches (light grey) and concave spherical
triangles (dark grey).
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vector. (Throughout, all molecular surfaces are drawn with Geomview.)6

However, in many cases the re-entrant surface contains singularities formed by
self-intersections of the probe sphere as it traverses the VDWS. An additional
complication arises if the molecule contains cavities, in which case the SES is
disconnected, with one component for the outer, visible surface and one
component for each cavity.7

Connolly8 derived analytic expressions for the spherical and toroidal faces of
the MS and produced some of the earliest software to calculate these surfaces.9

Sanner et al.10 applied the method of alpha-shapes11 to obtain a more efficient
algorithm for theMS and extended Connolly’s analysis of the singularities on the
surface. Subsequently, various aspects of the calculation of these surfaces were
addressed, including treatment of the MS singularities,12,13 constructions using
parallel processing,14 NURBS15 and marching tetrahedra,16 and several
algorithms were developed to calculate the surface area and volume of the
SAS.17,18,19,20 Some applications require only a representative set of points on the
surface, which can be found by triangulating the faces of theMS. The resulting set
of vertices, the ‘dot surface’, is often distributed unevenly over the surface, and the
GEPOL21method provides amore uniformdistribution.Gerstein et al.22 provide
a definitive reference for the early work in this area and Ivanov et al.23 compared
the performance of several of the first-generation programs. More recent work
includes a level-set method24 to calculate the MS of very large proteins and the
construction of theVDWS, SASandMSas rationalBézier surfaces.25 In a slightly
different vein, minimal molecular surfaces, obtained by minimizing the mean
curvature of a certain ‘hypersurface function’, have also been proposed.26

Edelsbrunner’s molecular skin surface27 (MSS) offers a theoretically appeal-
ing alternative to the rolling probe surface. Its definition, as an envelope of
‘shrunken’ spheres derived from the atomic spheres, is considerably more
complicated than the MS, but it provides a surface with a continuous normal
vector, no self-intersections or singularities, and is formed from spherical and
hyperboloid patches (rather than the spherical and toroidal patches of the SES).
Several algorithms to triangulate the MSS have been developed28,29,30 but

fast calculation of a high quality triangulation, especially for macromolecules,
appears to remain a challenge. Figure 8.3 shows the MSS triangulation
obtained by the procedure of Kruithof and Vegter29 implemented in the
Computational Geometry Algorithms Library (CGAL).31 The initial triangu-
lation on the left contains many unnecessary narrow triangles, but these can be
removed by applying the CGAL surface mesh simplification routine to produce
the improved triangulation shown on the right. More recently a method to
visualize the MSS has been developed using a ray-casting technique with cal-
culations carried out on the graphics processing unit.32

These geometric, atom-based models of the molecular surface are, of course,
somewhat artificial (the problems associated with self-intersection and singu-
larities of the MS are testament to this) and they lack a solid theoretical basis:
the values adopted for the atomic radii by different authors show surprisingly
large variations,22 while use of the value 1.4 Å for the probe sphere radius is
commonplace. The difficulty is that at a fundamental level the ‘shape’ of a
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molecule is described by its electron density distribution. From this point of
view a molecule has no ‘surface’ as such, and the geometric models are perhaps
best viewed as approximations to iso-contours of the electron density. It is
therefore natural to consider alternative, more direct methods for obtaining
these iso-surfaces.
Considered as an iso-contour, a molecular surface S is simply a level set

S ¼ G�1 cð Þ ¼ x 2 R3jG xð Þ ¼ c
� �

ð8:1Þ

for some suitably chosen real-valued function G: R - R. This has the great
advantage that provided the iso-contour value c is a regular value of G, that is
grad G(x) a 0 for each x A G�1 (c), then S has the structure of a two-dimen-
sional submanifold of R3. This means that S has a local two-dimensional
coordinate system near each point in S which is as smooth as G: if G has con-
tinuous k-th order derivatives, then so have the local coordinates. The challenge
is to find a tractable but realistic form for G to represent the electron density.
One way to achieve this is to represent atoms by Gaussian functions rather

than hard spheres and use the sum of the atomic Gaussians as a surrogate
for the electron density of the molecule. Grant and Pickup33 showed that
Gaussians of the form lexp(�ar2), where r is a radial coordinate, with suitable
values of the parameters l and a, could be used successfully to calculate
molecular surface areas. This Gaussian representation subsequently evolved
into ROCS (Rapid Overlay of Chemical Structures),34 one of the most popular
current software packages for molecular shape comparison. Arguing that
they provide a more correct asymptotic description of the electron density,
Gabdoulline and Wade35 used atomic Gaussians of the form lexp(�ar2) to
define the molecular surface implicitly as S¼G�1 (1) where

G xð Þ ¼
X

i

exp � x� cij j � rið Þ=d½ � ð8:2Þ

Figure 8.3 Triangulated molecular skin surfaces for Lorazepam. (a) CGAL MSS;
(b) CGAL simplified MSS.
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Here the i-th atom has centre ci and radius ri, and the smoothing factor d can
be adjusted in the range 0o dr 1 to vary the amount of detail visible in the
resulting surface. While this provides a simple analytic formula for G, which is
useful in some circumstances, it remains an atom-based approximation to the
true electron density.
In principle, quantum mechanical methods can be used to calculate the

electron density and triangulations of the iso-density surfaces can then be
obtained by the marching cubes36,37 or marching tetrahedra16 algorithms.
These triangulation procedures, however, are known to produce meshes that
often have relatively poor quality, with many superfluous, thin triangles with
small internal angles. A secondary refinement procedure may then be necessary
to produce a satisfactory triangulation. To illustrate this, Figure 8.4a shows the
iso-surface defined by (X.2) for Lorazepam, triangulated by the marching cubes
algorithm implemented in the GNU Triangulated Surfaces Library (GTS).38

Application of the GTS coarsening routine produces the improved triangula-
tion shown in Figure 8.4b. Good quality triangulations can also be found
directly using more expensive algorithms. The method of Boissonnat and
Oudot,39 for example, uses a restricted Delauney triangulation to generate
provably good surface meshes. Its implementation in the CGAL surface mesh
routine produces the result shown in Figure 8.4c.
In order to perform analysis on the surface, for instance to calculate cur-

vatures or locate the local extrema of surface properties such as electrostatic
potential or hydrophobicity, the local coordinates on the surface must be cal-
culated. For the atom-based surfaces analytic formulae are available for the
various surface patches. For iso-contour surfaces, local coordinates can be
found using continuation methods,40 if a reasonably simple expression such as
Equation (8.2) for the contour function G is available, or via an approximating
triangulation. However, for large molecules such as proteins, a great number of
coordinate patches is required. A contrasting approach, which provides a
single, global coordinate system for the whole surface, uses truncated spherical
harmonic expansions to approximate the surface.41,42,43

Figure 8.4 Triangulated iso-contour surfaces for Lorazepam, based on Equation
(8.2) with d ¼ 0.1. (a) GTS marching tetrahedra surface; (b) GTS coar-
sened marching tetrahedra surface; (c) CGAL surface mesh.
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If the surface is star-shaped, so that it can be represented in spherical polar
coordinates by a single-valued radial function r(y,j), then the surface can be
expanded as an infinite series of real spherical harmonic functions ylm(y,j),

r y;fð Þ ¼
XN

l¼0

Xl

m¼�l
almylm y;fð Þ ð8:3Þ

Truncating the series at order l¼L gives an approximation rL(y,f) to the
surface and Figure 8.5 shows the effect of varying the value of L to obtain
approximating surfaces of increasing resolution. The surfaces (see Figure 8.5)
are calculated by ParaSurf.44 In practice, relatively low values of Lo20 are
used in applications and orders as low as L¼ 6 are often sufficient for visua-
lization and molecular shape comparison.45

By the orthogonality of the spherical harmonics, the coefficients alm in
Equation (8.3) are defined by

alm ¼
Z

S2

r y;fð Þ ylm y;fð ÞdO ð8:4Þ

Evaluation of these integrals, over the two-dimensional unit sphere S2, is the
main hurdle in practical applications of this approach. The original numerical
integration schemes have been improved upon, first by the use of a tessellation
of S2 obtained by repeated subdivision of an icosahedron46 and later by the

Figure 8.5 Spherical harmonic approximations to the iso-density surface of Lor-
azepam, for L ¼ 3, 6, 8, 10, 12 and 15.
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application of spherical t-designs.47 The real spherical harmonic functions are
defined by

ylm y;fð Þ ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2lþ1ð Þ
2p

l�mð Þ!
l þmð Þ!

s

Pm
l cos yð Þ cos mfð Þ m > 0

ffiffiffiffiffiffiffiffiffiffiffi
2lþ1
4p

r
P0
l cos yð Þ m¼0

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2lþ1ð Þ
2p

lþmð Þ!
l �mð Þ!

s

P�ml cos yð Þ sin �mfð Þ mo0

8
>>>>>>>>>><

>>>>>>>>>>:

ð8:5Þ

Their major computational cost lies in the evaluation of the associated Legendre
polynomials Pm

l cos yð Þ. The Hierarchical Equal Area isoLatitude Pixelization
(HEALPix),48,49 developed originally to address problems in cosmology, has
vertices lying on a fixed number of parallels of latitude, y¼ constant. Thus
spherical harmonic calculations based on a HEALPix grid require the asso-
ciated Legendre polynomials to be evaluated only at a fixed (and relatively
small) number of y values, offering a potential speed improvement over earlier
schemes that essentially have no control over the latitudinal position of vertices
and the consequent number of Legendre polynomial evaluations required.
The principal drawback to the spherical harmonic approach is its restriction

to star-shaped surfaces: the molecule must have a centre of coordinates (CoC)
so that lines radiating from the CoC cut the molecular surface only once. For
the majority of small molecules it suffices to place the CoC at the centre of
gravity (CoG) of the atom centres and then shrink-wrap50 the molecule around
the CoC to obtain a star-shaped surface that is close enough to the original
surface for most applications. In some cases, such as U-shaped or V-shaped
structures with long arms, the CoG may lie outside the surface, in which case
heuristics must be applied to shift the CoC towards the bend or hinge region.
An absolute restriction, however, is that surfaces described in this way are
topological spheres, with genus 0. Surfaces with higher genus, such as a torus
produced by a molecule with a large ring, cannot be accommodated by this
method since shrink-wrapping the surface changes its topological type.
Several research groups have employed spherical harmonics in applications

using a variety of underlying surfaces, integration schemes and expansion
orders. Cai et al.51 have used a shrink-wrapped SES, triangulated by repeated
subdivision of an icosahedron52 and L¼ 10 expansions to study protein–ligand
recognition. In their study of shape variations of binding pockets and their
ligands, Kahraman et al.53 used surfaces triangulated by a spherical 21-design
and L¼ 14 expansions. Lin and Clark45 investigated the expansion orders
needed to accurately reproduce shrink-wrapped iso-contours of the electron
density calculated by semi-empirical methods. In addition, spherical harmonic
techniques have been used extensively in studies of protein–protein docking, a
topic that is dealt with in Chapter 3 of this volume.
The restriction to star-shaped surfaces can be removed by extending the

spherical harmonic approach to a full three-dimensional description of the
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molecule. Just as spherical harmonics can be used to express functions defined
on the two-dimensional sphere, other sets of orthogonal polynomials can be
used to express functions defined on regions of three-dimensional space. Mak
et al.54 used series of three-dimensional Zernike polynomials

f r; y;fð Þ ¼
X

nlm

cnlm Rnl rð Þ ylm y;fð Þ ð8:6Þ

to expand functions on the three-dimensional unit ball, where the radial
function is defined by

Rnl rð Þ ¼
Xðn�lÞ=2

k¼0
Nnlk r

n�2k ð8:7Þ

if n� l is even and zero otherwise, and Nnlk is a normalization factor. By cal-
culating the coefficients cnlm for a voxelized image of a molecule, scaled to fit
inside the unit ball and using a ‘thresholding’ method on the truncated
reconstruction function Equation (8.6), Mak et al. were able to produce
approximating surfaces for molecules that not only violate the star-shaped
condition but have positive genus, so are not topological spheres. The appli-
cation of spherical harmonics and 3D Zernike polynomials to protein shape
analysis has been reviewed recently by Venkatraman et al.55

8.3 Molecular Surface Properties

One of the original motivations for determining molecular surfaces was to
enable the calculation of molecular surface areas and volumes and they have
subsequently been employed to calculate refinements such as the polar surface
area and myriad variants catalogued in the Handbook of Molecular Descrip-
tors.56 Here, our interest lies not in such global molecular properties but in local
properties that can be measured at individual points on the surface S and
expressed as real-valued functions f:S - R.
The most important geometrical local surface properties describe the cur-

vature of the surface in terms of the principal curvatures k1 and k2 at each point
p on the surface.57 The classical measures combining the principal curvatures
into a single-valued property are the mean curvature

H ¼ k1 þ k2ð Þ=2 ð8:8Þ

and the Gaussian curvature

K ¼ k1k2 ð8:9Þ

These are calculated for iso-contour surfaces from the function G in Equa-
tion (8.1) and its first two derivatives,58 and their integrals over a triangulated
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surface can be found within the framework of Minkowski functionals.59 The
curvature of molecular surfaces is often described by the shape index60

SI ¼ � 2

p
arctan

k1 þ k2
k1 � k2

� �
ð8:10Þ

where k14k2. The shape index indicates the convex or concave nature of the
surface, ranging from �1 at concave points with k1¼ k240, through 0 at
saddle points with k1¼ �k2, to þ 1 at concave points with k1¼ k2o0. The
surface topography index61 has similar properties to the shape index. The
magnitude of the curvature is captured by the curvedness60

R ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
k21 þ k22
� �

=2
q

ð8:11Þ

Most physical local surface properties are the restrictions to S of quantum-
chemical properties defined on a three-dimensional neighbourhood of the
molecule. By far the most commonly studied of these is the molecular elec-
trostatic potential (MEP), the interaction energy between a molecule and a unit
positive charge at x A R3, defined by

MEP xð Þ ¼
Xn

i¼1

Zi

ci � xj j �
Z

rðx0Þ
x0 � xj j dx

0 ð8:12Þ

Here the summation is over the atoms; the i-th atom has centre ci and nuclear
charge Zi and r is the electron density. The integration of the electron density
by ab initio or density functional theory (DFT) methods remains prohibitively
expensive when dealing with the number of molecules involved in typical
chemoinformatics applications and a simplified model based on partial atomic
charges is often used:

MEP xð Þ ¼
Xn

i¼1

qi

ci � xj j ð8:13Þ

where qi is the partial charge on atom i. There are many sources for partial
atomic charges, including the partial equalization of orbital electronegativities
(PEOE) method,62 molecular mechanics force fields such as MMFF63 or
AMBER64 and semi-empirical programs such as MOPAC.65 Distributed
multipole models66,67 offer an alternative method for calculating the MEP that
avoids the spherical symmetry of the charge density around each atom implicit
in Equation (8.11). For macromolecules and solvated systems the MEP is
usually calculated by numerical solution of the Poisson–Boltzmann equation,
by finite difference, finite element or boundary element methods.68,69

Other surface properties that have been studied include the local ionization
energy (IEL),70 local electron affinity (EAL)71,72 and local polarizability
(POL).71,73
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A further class of molecular surface properties have been proposed to
describe lipophilicity, a feature of central importance in predicting biological
activity. Measured by the logarithm of the octanol–water partition coefficient,
log P, it plays a significant role in many QSAR models. In contrast to the
quantum-chemical descriptors, however, there is no underlying physical model
for lipophilicity. Based on the existence of several additive models of the form
log P ¼

Pn
i¼1 Li, where Li is the lipophilic contribution of the i-th atom and by

analogy with the partial atomic charge models of the MEP, Audry et al.74

introduced the molecular lipophilicity potential (MLP) as

MLP xð Þ ¼
Xn

i¼1

Li

1þ di xð Þ
ð8:14Þ

Here di (x)¼ |ci � x | . Subsequently, other functional forms were employed,
including the exponential75,76

MLP xð Þ ¼
Xn

i¼0
Liexp �a di xð Þ½ � ð8:15Þ

and a normalized sum of Fermi-type functions77

MLP xð Þ ¼
Pn

i¼1 Lig di xð Þð ÞPn
i¼1 g di xð Þð Þ ð8:16Þ

where

g dð Þ ¼ 1

1þ exp b d � dð Þ½ � ð8:17Þ

Systems of atomic lipophilic contributions Li were determined by Broto
et al.78 and later by Ghose and co-workers.79,80,81

The MLP provides a qualitative indication of the distribution of lipophilicity
over the molecular surface but appears not to have a direct quantitative link
with log P. To establish such a connection, the molecular free energy surface
density (MolFESD)82,83 was defined so that its integral over the molecular
surface equals the free energy of transfer between solvents, DG, (and hence
determines log P, via the relation DG¼ �2.303 RT log P). Surface integral
models for free energies of solvation have since been derived using the MEP,
IEL, EAL and POL.84

8.4 Molecular Surface Similarity

The similarity principle, that compounds with similar structures tend to have
similar physicochemical properties and biological activities, is a central tenet of
chemoinformatics andunderpinsmany in silico approaches to drugdesign.85,86,87
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The typical aim of similarity-based methods is to identify potentially bio-active
molecules by measuring their similarity to a known active compound or their
complementarity to a receptor binding site. Assessing similarity at the level of
the molecular surface, rather than the molecular structure graph, allows the
identification of molecules with similar shapes and properties but very different
chemical structures, facilitating what has become known as scaffold hopping.
Methods of assessing surface similarity can be divided broadly into three types:
projection, distribution or feature-based.
Some of the first work on surface similarity used gnomonic projections,88

mapping properties from the molecular surface onto a circumscribing sphere by
radial projection outward from a central origin. Optimal similarity matches
between molecules were found by searching the space of relative rotations of
the corresponding spheres.89 Electrostatic complementarity between proteins
and ligands was studied by comparing the MEP of the ligand with the MEP
induced by the protein on the ligand surface, examining the correlation between
these values at points on the ligand surface generated by inverse gnomonic
projection of an icosahedral tessellation of the sphere.90

Gnomonic projection is the inverse of shrink-wrapping the molecule to obtain
a star-shaped surface that can be described by a spherical harmonic expansion.
This representation is particularly amenable to similarity calculations, since the
distance between two spherical harmonic surfaces can be expressed in terms of
the expansion coefficients alm in Equation (8.3) and the coefficients are trans-
formed linearly when the molecule is rotated. Thus the relatively expensive cal-
culation of the coefficients is required only once for each molecule, with only
inexpensive updates needed during searches for optimal relative rotations of
query and target molecules. This allows rapid searching and clustering of small-
molecule databases,91 virtual high throughput screening and protein–ligand
docking,92 with accurate results obtained using low-order expansions. The
expansion coefficients can also be used to define rotationally invariant finger-
prints, which provide a faster though less sensitive method of comparison.
Moreover, the spherical harmonic approach is not restricted to shape alone, as
other surface properties can also be expressed as expansions of the formEquation
(8.3) and superior overlays are often found using a combination of properties.93,94

The distribution-based methods consider property values at a set of points
spread over the molecular surface. Spatial auto-correlation descriptors95 for
electrostatic and hydrophobic potentials were among the first of this type of
method to be introduced. They were used in combination with neural networks
to model binding affinities and later applied in a 3D-QSAR study.96

The MaP97 descriptor is derived from a set of points on a 3D grid that lie
close to the SES, found using a modified version of GEPOL.21 The points are
classified as H-bond donor, H-bond acceptor, hydrophobic or hydrophilic, and
for each pair-wise combination of these properties, the possible inter-point
distances are divided into bins. For each pair of surface points, the bins for the
corresponding properties and distance are incremented, using a fuzzy counting
procedure for the distances to adjust for the discrete spacing of the grid points.
The MaP descriptor is the resulting vector of bin counts. This is related to
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earlier atom-based methods that have been applied to similarity calcula-
tions,98,99 but to date it appears only to have been used to derive 3D-QSAR
models, where a feature of the method is that the variables (bin counts) selected
in the QSAR equations can be back-projected to the molecule to obtain a
chemical interpretation of the results.
MOLPRINT 3D100 encodes the local environments of surface points to

provide a tool for virtual screening. Interaction energies with various probes
may be calculated by the GRID program at points on the Connolly dot surface
(generated, unusually, with twice the default atomic radii). The energy ranges
for each probe are divided into bins and the neighbours of each surface point
are considered in concentric layers. A bit string is created for each point, with
bits corresponding to energy bins in each layer. A bit is set if an interaction
energy in the corresponding range is present in that layer. In this way a fin-
gerprint for each probe is attached to each surface point. By restricting
attention to layers 0–4 around each point, local descriptors with a degree of
conformational independence are obtained. In virtual screening experiments,
compounds were ranked by their similarity to a query structure, measured
either by the Tanimoto coefficient, or by a naı̈ve Bayes classifier trained on
features selected from the fingerprints using an information gain criterion.
Retrieval rates comparable to those of commonly used 2D and 3D fingerprint
methods were obtained and the feature selection procedure was shown to
identify features that could be associated with experimental binding patterns.
Several studies have addressed questions of similarity and complementarity

of molecular surfaces by seeking to identify regions where some surface
property is roughly conserved, selecting a representative point from each region
and matching these points to overlay ligands or dock ligands into protein-
binding sites. Mostly, the property matched is based on the surface curvature,
specifically the degree of convexity or concavity, with physical properties
considered in more recent work. To find optimal matches between sets of
representative points from two surfaces, various combinatorial methods have
been used, with the majority opting for either geometric hashing101 or clique
detection102 in a specially constructed correspondence graph. In either case a
rigid body transformation mapping one surface to the other is obtained.
Zachmann et al.103 derived a procedure for partitioning molecular surfaces

into regions of similar curvature by fitting quadratic forms to groups of neigh-
bouring vertices in a triangulation of the surface. Lin et al.104 located a ‘sparse
critical point’ (SCP) on each face of the SES by projecting the centre of gravity of
the face onto the surface. These points were then used in a geometric hashing
scheme to performmolecular docking.105 Goldman andWipke106 took the SCPs
that lie on spherical faces of the SES (ignoring the toroidal, saddle faces) and
derived a set of quadratic shape descriptors (QSD) by fitting a quadratic form to
the Connolly dot surface in a neighbourhood of each SCP. Molecular overlays
were obtained by an exhaustive search for matches between the QSDs, using the
shape index as a similarity measure. The QSD method has also been applied to
protein–ligand docking.107 The surface patch alignment (SPAt) method of
Cosgrove et al.108 follows a similar procedure. SPAt partitions an atom-based
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Gaussian iso-density surface into patches of comparable curvature (classified as
convex, concave, saddle, cylinder or flat) by calculating the principal curvatures
at a set of reference points selected from the vertices of a marching tetrahedra
triangulation. Surface matching is then performed by clique detection in a cor-
respondence graph formed by pairing patches of the same type from two sur-
faces, scoring the cliques by how well paired reference points are aligned by the
rigid body transformation induced by the clique. Pickering et al.109 combine the
shape index of regions on the Connolly dot surface with clique detection to
compare ligand binding sites on protein surfaces, while Baum and Hege110

generate alignments using partial surface similarities.
Exner et al.111 introduced ideas from fuzzy set theory to segment molecular

surfaces into patches of similar property values (surface topography index,
MEP, MLP and a hydrogen bond density) and examined protein–ligand sur-
face complementarity, using geometric hashing to carry out docking.112

SURFCOMP113 uses the same fuzzy set theory approach to compare the MEP
and MLP at a set of ‘critical points’ on the surfaces to be matched, adding a
local comparison of the surfaces in neighbourhoods of the critical points based
on harmonic maps.114 The critical points, classified as ‘peaks’ and ‘valleys’, are
selected by examining the principal curvatures of quadratic patches fitted to a
dot surface. Surface matching is done by clique detection, with an elaborate
system of filters employed to restrict the number of admissible pairings between
critical points on the two surfaces, thereby reducing the size of the corre-
spondence graph and improving the speed of the combinatorial search.
In most cases the strategy adopted to assess the performance of these

methods is to take a set of structurally dissimilar ligands known to bind to the
same or a similar protein active site, align the complexes by a rigid body RMS
fit of the backbone atoms on corresponding residues and use the induced
alignment of the ligands as the experimental result to be reproduced. The
ligands may then be aligned by the method in question and RMSD values
reported between the experimental and calculated ligand atom positions.
Proschak et al.115 compare the performance of their Shapelets method (a minor
variant of SPAt, differing mainly in the way the surface is partitioned) to
SURFCOMP on a set of four dihydrofolate reductase (DHFR) ligands and to
both SURFCOMP and SPAt on a set of eight thermolysin inhibitors. Apart
from one particularly poor alignment in the DHFR dataset that skews the
overall result, SURFCOMP with MEP generally outperforms the other
methods, though it is more computationally expensive than Shapelets.
Using semi-empirical quantum-chemical descriptors, Jakobi et al.116 identify

a set of ‘unique surface extremes’ of the MEP, IEL, EAL and POL on mole-
cular fragments and use them in the manner of pharmacophores to assess
fragment similarity and compare fragments suitable for scaffold hopping.
ParaMatch117 aligns molecules by matching both positions and property

values at the vertices of a triangulated surface, using a method employed
previously by Robinson et al.118 The rotational and translational components
of the alignment are considered separately. A fixed set of possible rotations is
chosen, then for each rotation the set of all possible translations between pairs
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of vertices from the two surfaces that have property values within some tol-
erance is calculated. An optimal translation is found by clustering this set of
inter-vertex translations, treating the translations as 3D points under a grav-
itational type potential. Using the MEP and a curvature descriptor as prop-
erties, alignments of DHFR ligands and HIV-1 reverse transcriptase inhibitors
were studied and compared with a spherical harmonic canonical alignment.
The results were only partially successful, suggesting that alignments based on
combinations of properties may be necessary in some cases. Although con-
siderably slower than the spherical harmonic method, ParaMatch may be
better able to match molecules of dissimilar size, where the spherical harmonic
alignment is hampered by the restriction that it overlays the centres of gravity.
A detailed discussion of the relevance of the local maxima and minima of the

MEP and IEL for 11 small molecules is provided by Bulat et al.119 In this case
density functional theory is used to calculate the properties on the electron iso-
density surface, with extrema located by examining values in 2-neighbourhoods
of vertices in a marching tetrahedra triangulation.

8.5 Molecular Surface Property Graphs

Many of the feature-based approaches to the analysis of molecular surface
properties involve questions of surface topology and geometry and the struc-
ture of functions on surfaces, which are areas of long-standing mathematical
study. We now outline some aspects of this general framework and show how
to use it to extract an invariant, in the form of a surface graph, which captures
the essential features of the surface property in a natural and systematic way.
Much technical detail is omitted here; see Zomorodian120,121 for an accessible
introduction to this material from the viewpoint of computational topology
and Palis and de Melo122 for a rigorous treatment in the context of dynamical
systems theory.
The most important local features of a scalar molecular surface property

f:S - R are its critical points, where grad f(p)¼ 0, and the local behaviour of
f near a critical point is determined by the Hessian matrix of partial second
derivatives

Hf pð Þ ¼

@2f
@x2

@2f
@x@y

@2f
@y@x

@2f
@y2

0
BB@

1
CCA ð8:18Þ

Critical points where det Hf (p) a 0 are called non-degenerate or hyperbolic
and are classified according to their index, which is the number of negative
eigenvalues of Hf (p). If index(p)¼ 2 then p is a local maximum; if index(p) then
p is a saddle point; and if index(p)¼ 0 then p is a local minimum. The function f
is called a Morse function if all its critical points are non-degenerate.
A natural way to capture the overall behaviour of f on S arises from con-

sideration of the gradient vector field

_x ¼ grad f ðxÞ ð8:19Þ
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The solutions of Equation (8.19) determine a flow f: R � S - S on the
surface, where f(t, x) satisfies the initial value problem

@f t;xð Þ
@t

¼ grad f f t;xð Þð Þ; f 0;xð Þ¼x ð8:20Þ

The solution curve {f (t, x) |tA R} passing through a point xA S is called the
trajectory or orbit of x. The trajectories of the gradient field cross the level sets
of f orthogonally, in the direction of increasing values of f. The critical points of
f are fixed points of the field, and non-degenerate maxima, saddles and minima
of f correspond to sinks, saddles and sources of the field.
Associated with each hyperbolic fixed point p of the gradient field are the

stable and unstable manifolds

Ws pð Þ ¼ x 2 Sj lim
t!þN

f t; xð Þ ¼ p

	 

ð8:21Þ

Wu pð Þ ¼ x 2 Sj lim
t!�N

f t; xð Þ ¼ p
n o

ð8:22Þ

These consist of all the points whose trajectories are asymptotic to p under
the forward and reverse flow, respectively. The stable manifold has dimension
index(p) and the unstable manifold has dimension 2� index(p). The stable
manifold of a sink and the unstable manifold of a source are two-dimensional
topological discs containing the fixed point, while the stable and unstable
manifolds of a saddle are curves passing through the saddle.
As gradient fields have no periodic orbits, the stable and unstable manifolds

of saddles always lead to other fixed points of the field. However, cases where
they lead to another saddle point, forming a saddle connection, are atypical,
since saddle connections can be removed by arbitrarily small perturbations of
the field, a point we will return to later. A gradient field of a Morse function
that has no saddle connections is called aMorse-Smale gradient field. Thus, for
a Morse-Smale gradient field the stable manifolds of saddles originate from
sources and the unstable manifolds of saddles terminate at sinks.
For a sink, Ws (p) is also called the basin of attraction of p, while for a

source, Wu(p) is the basin of repulsion. The boundaries of the basins of
attraction are formed by the stable manifolds of the saddles and the boundaries
of the basins of repulsion are formed by the unstable manifolds of the saddles.
Due to their role in delineating the basins, the stable and unstable manifolds of
the saddles are also known as separatrices. The decomposition of the surface by
a Morse-Smale gradient field into fixed points, separatrices and the remaining
open two-dimensional discs forms theMorse-Smale complex of the field.123 The
one-dimensional skeleton of this complex is a directed graph that links the
critical points, encoding their relative positions on the surface. In the present
context we call this graph the molecular surface property graph (MSPG). It has
vertices at the critical points of f and directed edges formed by the separatrices.
First introduced for properties on the Connolly surface,124 MSPGs have

199Analysing Molecular Surface Properties



recently been studied in detail on implicit surfaces of the form of Equation (8.2)
for partial atomic charge models of the MEP and the formulation of the MLP
in Equation (8.14).125 A Morse-Smale complex, showing the MSPG and the
basins of attraction and repulsion, is sketched in Figure 8.6. This example
shows the stereographic projection of a gradient field on a sphere, with a source
at the north pole.
An algorithm to calculate the Morse-Smale complex for a triangulated sur-

face, using techniques from piecewise-linear Morse theory, is presented by
Edelsbrunner et al.123 A method for segmenting a molecular surface along lines
that divide the two-dimensional faces of the Morse-Smale complex has also
been described.126 Here, we outline a procedure for calculating the MSPG for
properties on iso-density surfaces that first locates the critical points and then
identifies the separatrices by numerically integrating the field from specific
points near the saddles.
For an iso-surface (Equation 8.1) where the iso-value c is a regular value of

G, the surface S can be covered by a collection of charts providing local
coordinates (u, v) on S. Suitable charts can be found by a continuation
method40 or by taking a sufficiently accurate triangulation of S and projecting
the triangles orthogonally onto the surface. The critical points of f then satisfy

grad f u; vð Þ ¼ @f

@u
;
@f

@v

� �
¼ 0;0ð Þ ð8:23Þ

This is a pair of simultaneous, non-linear equations that can be solved using
Newton’s method, given a good enough starting point for the iteration. A
straightforward strategy for locating the critical points is therefore to take a
grid of points in each coordinate chart and test if the Newton-Raphson steps
for Equation (8.23) from each point converge to a critical point within some
pre-set number of iterations. The derivatives of f with respect to the local

Figure 8.6 A Morse-Smale complex, showing the separatrices (arcs), sinks (open
circles), saddles (black circles) and sources (grey circles). (a) basins of
attraction, (b) basins of repulsion.
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coordinates required for Newton’s method (and also to classify the critical
points as maxima, minima and saddles) are calculated by Rheinboldt.127

Now it is impossible to know whether such a brute force search has found all
the critical points of f, but there are two invariants that can be used to check
that at least a consistent set of critical points has been found. The first of these
is a local invariant called the winding number.128 It can be calculated for any
closed curve C on S that does not pass through a critical point. During a
traversal of C, the direction vector d¼ grad f(x)/ |gradf(x) | of the gradient field
makes an integer number of rotations. Counting clockwise rotations of d as þ 1
and counter-clockwise rotations as –1, the winding number o(C) is the number
of rotations made by d during a clockwise trip around C. The winding number
is related to the number of maxima (Nmax), saddles (Nsad) and minima (Nmin)
lying inside C by the alternating sum

o Cð Þ ¼ Nmax �Nsad þNmin ð8:24Þ

Applying this to the boundary of each coordinate chart identifies those charts
where an incomplete set of critical points has been found and the grid of
starting points for the critical point search must be refined.
In addition to these local checks, there is a global constraint on the

number of critical points of each type on the whole surface, governed by
the Euler characteristic w(S). This is a topological invariant of S, satisfying
w(S)¼ 2� 2g(S), where g(S) is the genus (the number of handles) of S. For
example, a spherical molecular surface has g(S)¼ 0 and w(S)¼ 2. The Poincaré-
Hopf index formula128 relates w(S) to the number of critical points on S:

w Sð Þ ¼ Nmax �Nsad þNmin ð8:25Þ

Having found a consistent set of critical points, the separatrices can be traced
by integrating the gradient field from carefully chosen starting points near the
saddles. For a hyperbolic saddle p, the eigenvectors of the Hessian HF(p) are
linear approximations to the separatrices in the tangent space to the surface at
p. Taking two points close to p on the unstable eigenvector, one on either side
of p, projecting these points to the surface and integrating the field forwards in
time provides an approximation to the unstable manifold Wu(p). Similarly,
integrating the field backwards in time from the projections of points close to p
on the stable eigenvector gives an approximation to the stable manifold Ws(p).
In each coordinate chart the gradient field is simply a two-dimensional system
of ordinary differential equations and a standard Runge-Kutta method suffices
for the numerical integration. The integration is continued until the orbit
approaches a sink or a source.
This algorithm has been implemented for the Gabdoulline-Wade surface

(Equation 8.2).125 It can also be applied to spherical harmonic surfaces, where
the existence of a global coordinate system avoids the book-keeping required to
track the local coordinate charts of a general implicit surface. The derivatives
of the spherical harmonic expansions needed in this case are calculated by
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differentiating well-known recurrence formulae for the Legendre poly-
nomials,129 and the critical point consistency checks are applied to the winding
numbers of the field around the faces in the triangulation used to calculate the
spherical harmonic coefficients. Figure 8.7 shows the gradient vector field and
the Morse-Smale complex for the order 6 expansion of the MEP for clonidine.
The sketches of the Morse-Smale complex and the basins in Figure 8.6 corre-
spond to this example.
TwoMSPGs G1 and G2 can be compared by finding their maximum common

edge subgraph130 G12 and calculating their similarity as131

s G1;G2ð Þ ¼ V12 þ E12ð Þ2

V1 þ E1ð Þ V2 þ E2ð Þ ð8:26Þ

where Gi has Vi vertices and Ei edges (i¼ 1,2) and G12 has V12 vertices and E12

edges.
Morse-Smale gradient flows on surfaces have two particularly important

properties. First, they are typical, in that they form an open and dense subset (in
the appropriate topology) of all the gradient fields on the surface.122 In this sense
a ‘randomly’ chosen gradient field will be a Morse-Smale field. Second, their
qualitative behaviour does not change under small perturbations, a notion that
is formalized in the concept of structural stability. Two vector fields X and Y on
a surface S are topologically equivalent if there is a homeomorphism mapping
orbits of X to orbits of Y, preserving their orientation. A vector field is struc-
turally stable if all nearby fields (again, in the appropriate technical sense) are
topologically equivalent. Among gradient vector fields on surfaces the structu-
rally stable fields are precisely the Morse-Smale fields. Structural stability of a
gradient field on a surface is equivalent to the following two conditions:

1. each fixed point is hyperbolic and
2. there are no orbits joining saddle points.

Figure 8.7 The L ¼ 6 spherical harmonic expansion of the MEP for clonidine. (a)
MEP, (b) gradient vector field, (c) MSPG. Critical points shown as small
spheres: maxima (red), saddles (green), minima (blue).
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Although Morse-Smale gradient fields are stable under small perturbations,
larger variations can produce situations where condition 1 or 2 is violated and a
bifurcation occurs in which the topological type of the field changes. In one-
parameter families of gradient fields on surfaces only two bifurcations are
typically seen.132 The first is the saddle-node bifurcation (Figure 8.8(top)) in
which two hyperbolic critical points move towards each other until they
coincide in a non-hyperbolic critical point and then vanish. This is a local
bifurcation that can be detected by the fact that Hf(p) has a zero eigenvalue at
the bifurcation point. The second is the saddle-connection bifurcation (Figure
8.8(bottom)), where the family of vector fields passes through a situation where
the stable manifold of one saddle coincides with the unstable manifold of
another, re-arranging the relative positions of the separatrices in the process.
This is a global bifurcation that cannot be detected by local analysis of the
critical points.
In studying molecular surface properties these bifurcations arise in three

different contexts. First, the surfaces and properties depend on various model
parameters (atomic radii, iso-levels, etc.) and bifurcation theory may be used to
identify parameter ranges in which the models are structurally stable. Second,
conformational change provides a natural parametric variation of the mole-
cular surface. For a specific property, the conformations of a molecule may be
separated into classes of topologically equivalent fields to produce a property-
based partition of conformational space. Finally, MSPGs often contain critical
points corresponding to rather small variations in the surface properties that
are of little practical interest. These relatively minor features can be removed by
forcing ‘virtual’ saddle-node bifurcations between adjacent critical points
whose property values lie within some limit, reconnecting the edges of the
MSPG as if a real saddle-node bifurcation had occurred. In this way a sim-
plified MSPG is obtained, retaining only salient critical points133 in a manner
that is related to the idea of persistent homology.120,121

Figure 8.8 Bifurcations of one-parameter families of surface gradient fields: saddle-
node (top), saddle-connection (bottom). The bifurcations occur as the
parameter s passes through the value s ¼ 0; the separatrices are shown as
bold lines.
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8.6 Concluding Remarks

The volume of literature on molecular shape and similarity is daunting but, as a
recent perspective134 shows, the importance of these topics to drug design and
medicinal chemistry ensures that developments in this area are still required
and will doubtless continue apace. Despite restricting attention to specifically
surface-based methods, it has only been possible here to trace a relatively
narrow track through the wide range of methods and applications that have
been pursued, and several major topics (the use of surfaces in docking and the
characterization of binding site cavities, for instance) have gone unmentioned.
The improvements in computational power that have transformed so many
disciplines have enabled attention in this area to shift from the most basic
visualization of molecular surfaces to the calculation and analysis of increas-
ingly realistic surface properties. Despite their inherent artificiality, the early
geometrical models have proved immensely useful (and enduring – the
MSMS10 calculation of the Connolly surface remains in widespread use 15
years on). Future work, however, will most likely be based on improved tri-
angulations of iso-surfaces.
Feature-centred approaches to analysing surface properties lead naturally to

consideration of their gradient fields, whose behaviour in terms of dynamics
and bifurcation theory is well established. A notable aspect is that the saddle
points, neglected by most authors in favour of the local maxima and minima,
are seen from this point of view as central through the way their separatrices
organize the overall structure of the field. Isolating the MSPG as the major
invariant of interest allows graph matching methods, familiar to chemists from
work on comparing molecular structure graphs, to be applied to obtain
property-based alignments and similarity measures. The combinatorial nature
of the graph matching, shared with other feature-based methods, means it
cannot compete in performance terms with alignment programs such as
ROCS34 or USR.135 However, the ability to locate surface features with direct
relevance to molecular interactions119 offers potentially greater insights. Early
indications are that the situation can be more complicated than might at first be
expected (properties often have many critical points and conformational
change around, say, a single rotatable bond can involve many bifurcations) but
focussing on the Morse-Smale complex provides a systematic framework in
which to analyse molecular surface properties.
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59. G. E. Schröder-Turk, W. Mickel, S. C. Kapfer, F. M. Schaller, B. Brei-

denbach, D. Hug and K. Mecke, ArXiv:1009.2340 [cond-mat.soft], 2010.
60. B. S. Duncan and A. J. Olson, Biopolymers, 1993, 33, 231.
61. W. Heiden and J. Brickmann, J. Mol. Graph., 1994, 12, 106.
62. J. Gasteiger and M. Marsili, Tetrahedron, 1980, 36, 3219.
63. T. A. Halgren, J. Comput. Chem., 1996, 17, 490.
64. J. W. Ponder and D. A. Case, Adv. Prot. Chem., 2003, 66, 27.
65. J. P. P. Stewart, J. Comput.-Aid. Mol. Des., 1990, 4, 1.
66. C. E. Whitehead, C. M. Brenneman, N. Sukumar and M. D. Ryan,

J. Comput. Chem., 2003, 24, 512.
67. A. H. C. Horn, J.-H. Lin and T. Clark, Theor. Chem. Acc., 2005, 114, 159.

Erratum: Theor. Chem. Acc., 2007, 117, 461.
68. N. A. Baker, Rev. Comput. Chem., 2005, 21, 349.
69. B. Z. Lu, Y. C. Zhou, M. J. Holst and J. A. McCammon, Commun.

Comput. Phys., 2008, 3, 973.
70. P. Sjoberg, J. S. Murray and P. Politzer, Can. J. Chem., 1990, 68, 1440.
71. B. Ehresman, B. Martin, A. H. C. Horn and T. Clark, J. Mol. Model.,

2003, 9, 342.
72. T. Clark, J. Mol. Model., 2010, 16, 1231.
73. B. Martin, P. Gedeck and T. Clark, Int. J. Quant. Chem., 2000, 77, 473.

206 Chapter 8



74. E. Audry, J. P. Dubost, J. C. Colleter and P. Dallet, Eur. J. Med. Chem.,
1986, 21, 71.

75. J. L. Fauchere, P. Quarendon and L. Katterer, J. Mol. Graph., 1988,
6, 203.

76. P. Gaillard, P.-A. Carrupt, B. Testa and A. Boudon, J. Comput.-Aid. Mol.
Des., 1994, 8, 83.

77. W. Heiden, G. Moeckel and J. Brickmann, J. Comput.-Aid. Mol. Des.,
1993, 7, 503.

78. P. Broto, G. Moreau and C. Vandycke, Eur. J. Med. Chem., 1984, 19, 71.
79. A. K. Ghose and G. M. Crippen, J. Comput. Chem., 1986, 7, 565.
80. A.K.Ghose,A. Pritchett andG.M.Crippen, J.Comput.Chem., 1988, 9, 80.
81. V. N. Viswanadhan, A. K. Ghose, G. R. Revankar and R. K. Robins,

J. Chem. Inf. Comput. Sci., 1989, 29, 163.
82. P. Pixner, W. Heiden, H. Merx, G. Moeckel, A. Moller and J. Brickmann,

J. Chem. Inf. Comput. Sci., 1994, 34, 1309.
83. R. Jager, S. M. Cast and J. Brickmann, J. Chem. Inf. Comput. Sci., 2003,

43, 237.
84. B. Ehresmann, M. J. de Groot and T. Clark, J. Chem. Inf. Model., 2005,

45, 1053.
85. M. A. Johnson and G. M. Maggiora (eds.), Concepts and Applications of

Molecular Similarity, Wiley, New York, 1990.
86. P. M. Dean (ed.), Molecular Similarity in Drug Design, Blackie, Glasgow,

1995.
87. A. Bender and R. C. Glen, Org. Biomol. Chem., 2004, 2, 3204.
88. P.-L. Chau and P. M. Dean, J. Mol. Graph., 1987, 5, 97.
89. P. M. Dean and P.-L. Chau, J. Mol. Graph., 1987, 5, 152.
90. P.-L. Chau and P. M. Dean, J. Comput.-Aid. Mol. Des., 1994, 8, 513.
91. L. Mavridis, B. D. Hudson and D. W. Ritchie, J. Chem. Inf. Model., 2007,

47, 1787.
92. W. Cai, J. Xu, X. Shao, V. Leroux, A. Beautrait and B. Maigret, J. Mol.

Model., 2008, 14, 393.
93. D. T. Manallack, J. Mol. Model., 2008, 14, 797.
94. V. I. Perez-Nueno, V. Venkatraman, L. Mavridis, T. Clark and D. W.

Ritchie, Mol. Info., 2010, 30, 151.
95. M. Wagener, J. Sadowski and J. Gasteiger, J. Am. Chem. Soc., 1995, 117,

7769.
96. S. Moro, M. Bacilieri, C. Ferrari and G. Spalluto, Curr. Drug Disc. Tech.,

2005, 2, 13.
97. N. Stiefl and K. Baumann, J. Med. Chem., 2003, 46, 1390.
98. R. P. Sheridan, M. D. Miller, D. J. Underwood and S. K. Kearsley, Chem.

Inf. Comput. Sci., 1996, 36, 128.
99. R. D. Brown and Y. C. Martin, J. Chem. Inf. Comput. Sci., 1996, 36, 572.

100. A. Bender, H. Y. Mussa, G. S. Gill and R. C. Glen, J. Med. Chem., 2004,
47, 6569.

101. H. J. Wolfson and I. Rigoutsos, IEEE Comput. Sci. Eng., 1997, 4, 10.
102. J. Kerbosch and C. Bron, Commun. ACM., 1973, 16, 575.

207Analysing Molecular Surface Properties



103. C.-D. Zachmann, W. Heiden, M. Schlenkrich and J. Brickmann,
J. Comput. Chem., 1992, 13, 76.

104. S. L. Lin, R. Nussinov, D. Fischer and H. J. Wolfson, Proteins: Struct.,
Funct. Bioinform., 1994, 18, 94.

105. D. Fischer, S. L. Lin, H. L. Wolfson and R. Nussinov, J. Mol. Biol., 1995,
248, 459.

106. B. B. Goldman and W. T. Wipke, J. Chem. Inf. Comput. Sci., 2000,
40, 644.

107. B. B. Goldman and W. T. Wipke, Proteins: Struct., Funct., Genet., 2000,
38, 79.

108. D. A. Cosgrove, D. M. Bayada and A. P. Johnson, J. Comput.-Aid. Mol.
Des., 2000, 14, 573.

109. S. J. Pickering, A. J. Bulpitt, N. Efford, N. D. Gold and D. R. Westhead,
Comput. Chem., 2001, 26, 79.

110. D. Baum and H.-C. Hege, in Computational Life Sciences II, Lecture
Notes in Computer Science, Vol. 4216, ed. M. R. Berthold, R. Glen and
I. Fischer, Springer, Berlin/Heidelberg, 2006, p. 183.

111. T. E. Exner, M. Keil and J. Brickmann, J. Comput. Chem., 2002, 23, 1176.
112. T. E. Exner, M. Keil and J. Brickmann, J. Comput. Chem., 2002, 23, 1188.
113. C. Hofbauer, H. Lohninger and A. Aszódi, J. Chem. Inf. Comput. Sci.,
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CHAPTER 9

Atomistic Modelling of Drug
Delivery Systems

PAUL COX

Centre for Molecular Design, School of Pharmacy and Biomedical Sciences,
Institute of Biomedical and Biomolecular Sciences, University of Portsmouth,
Mercantile House, Hampshire Terrace, Portsmouth PO1 2EG, UK

9.1 Introduction

The development of new and effective drug delivery systems is of fundamental
importance to improve the pharmacological profiles of many classes of ther-
apeutic molecules. However, in comparison with drug design work, very few
molecular modelling studies have focused on drug delivery systems. Mathe-
matical modelling methods have been used to investigate the properties of bulk
systems.1 The aim of this chapter is to describe the application of modelling
methods to probe drug delivery systems at the atomic level and therefore these
mathematical methods are beyond the scope of this chapter. Readers interested
in mathematical methods are referred to the excellent review paper by Siep-
mann and Siepmann.1

There are several very good technical reasons why atomistic modelling of
drug delivery systems has lagged behind work on drug design.

1. Large numbers of atoms are often required to produce a good model. In
addition, solvent molecules often play a crucial role in the drug delivery
process and these may have to be included in large numbers. Computa-
tional times are often, therefore, in practice relatively high.
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2. Some systems can involve ‘unusual’ chemistry and therefore the neces-
sary parameters are less readily available and some development may be
required.

3. In order to investigate dynamic properties, such as diffusion rates, con-
siderable computational resource is often required in order to investigate
how a system evolves over time.

These factors, coupled with economic factors that drive the pharmaceutical
industry to focus on the discovery of new drugs, combine to ensure that ato-
mistic modelling of drug delivery systems have been relatively neglected.
However, the continuing improvement in computer power and storage space,
means that systems with larger numbers of atoms and at higher levels of theory
are now much more accessible and, as a result, this is an area that is starting to
grow significantly. The key approaches that have been used to investigate other
chemical and biological systems at the atomic level are all applicable to the
investigation of drug delivery systems. Molecular mechanics, molecular
dynamics, docking methods and quantum mechanical approaches have all been
used in this area in order to aid our interpretation and understanding of drug
delivery systems. The aim of this chapter is to highlight some examples of the
application of these methods and to highlight the type of information that can
be obtained.

9.2 Molecular Mechanics – Energy Minimisation

Molecular mechanics (MM) methods allow the prediction of both the detailed
geometry and the energetics of these systems. This approach is often used in
conjunction with other experimental techniques, to yield detailed information
about a system under investigation. Once this has been achieved, the methods
can often be exploited to help further tailor a system for a specific application.
The molecular mechanics approach in itself is relatively simple. It treats atoms
as hard spheres and bonds as simple springs. The classical laws of physics are
then applied in order to calculate the energy of the system. It has the advantage
that the equations involved are relatively simple, allowing large numbers of
atoms to be included in any model. The disadvantages of the approach are that
reliable parameters need to be available for the system under investigation and
that studies requiring a detailed investigation of the electronic structure within
a system need to use higher levels of theory (see Quantum Mechanical Meth-
ods, Section 9.4).

9.2.1 Encapsulation of Multinuclear Platinum Complexes

An excellent illustration of the use of energy minimisation to help characterise
a drug delivery system is provided by the work carried out by Wheate et al.2,3

and Bali et al.3 on multinuclear platinum complexes. The platinum
complex cisplatin has been widely used as a treatment for cancer. The use of
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cisplatin is, however, limited because of two factors. Firstly, natural and
acquired resistance to the drug can limit its effectiveness. Secondly, its side-
effects limit the dose that may be given. The novel multinuclear complexes
investigated in these studies have novel DNA binding modes which allow them
to overcome the problems of resistance. They are also active at lower con-
centrations, which helps to minimise side-effects. However, novel drug delivery
methods are needed for these compounds because not only are they more toxic
than cisplatin, they are also particularly susceptible to degradation before they
reach their intracellular targets.
In order to overcome these problems, cucurbiturils, which are barrel shaped

molecules, were investigated as hosts for the pharmacological delivery of the
novel multinuclear platinum compounds. By encapsulating them inside the
cucurbiturils, the toxicity may be reduced and also degradation within the body
prevented. The modelling work carried out in this investigation used a mole-
cular mechanics approach to optimise the geometry of the cucurbituril–drug
complexes. Point charges were determined via QM calculations, reflecting
the complex chemical nature of the multinuclear drugs. These charges were
then incorporated into the molecular mechanics calculations prior to energy
minimisation.
In combination with experimental work, the results highlighted the impor-

tance of the geometry of the platinum complex within the cucurbiturils. Within
a larger cucurbituril structure (see Figure 9.1, centre) the drug molecule is more
folded than other analogues, but occupies the space more efficiently and the
drug is shielded better. Steric hindrance in a smaller cucurbituril structure (see
Figure 9.1, right) limits the folding of the drug inside the cucurbituril structure
and therefore provides less effective shielding. These results are consistent with
the observed experimental observations that confirm the greater protection of

Figure 9.1 Trans-[{PtCl(NH3)2}2}(m-NH2(CH2)8NH2)]
21 drug optimised (a) outside a

cucurbituril structure (b) inside a large cucurbituril structure and (c) inside
a smaller cucurbituril structure. Reproduced from ref. 3.
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the drug by the larger cucurbituril structure. By providing a clear insight into
the relationship between the cucurbituril structures, the drug molecules and the
rate of degradation, modelling provides a route for the design and optimisation
of a drug delivery system tailored for these promising compounds.

9.2.2 Carbon Nanotubes

An additional illustrative example of the use of molecular mechanics to help
develop a potential drug delivery system is provided by work carried out on
carbon nanotubes by Roldo et al.4,5 There is considerable and rising interest in
the use of nanotubes in drug delivery because their morphology gives them the
ability to pierce cells and thus the potential to deliver their drug cargo directly
to the site of action. However, inherent insolubility means that they have a
tendency to aggregate in solution, which is an undesirable feature for an effi-
cient drug delivery system. Several methods of improving the solubility of
carbon nanotubes have been investigated, one of which is to attempt binding
suitable polymer molecules to their external surface.
In these studies, a combination of molecular mechanics and molecular

dynamics simulations were carried out in order to investigate the interaction of
single walled nanotubes (SWNTs) and biocompatible chitosan polymer deri-
vatives. Here, the molecular dynamics calculations are used to try to help
ensure that these calculations, which involve large numbers of atoms and
polymers with highly flexible side-chains, reach the global minimum energy
state rather than a local minimum. (Later in the chapter we will consider the use
of the MD approach to probe the diffusion of drug molecules within delivery
agents.) The polymeric compounds investigated in this study were N-butyl-O-
sulfate chitosan (NBSC), N-octyl-O-sulfate chitosan (NOSC) and N-palmitoyl-
O-sulfate chitosan (NPSC). The key difference between these structures is the
length of the alkyl chains which radiate out from the polymer backbone and
contain 3, 7 or 14 CH2 groups, respectively.
The modelling investigation involved the construction of a (8,8) single walled

nanotube with an overall length of 150 Å. In this case, the nanotube was ter-
minated with hydrogen atoms attached to the appropriate carbon atoms in
order to ensure that no carbon atoms had incomplete coordination. Polymer
chains consisting of 70 repeat units were initially energy minimised in the
absence of the nanotube. Polymer molecules were then docked within 5 Å from
the surface of the nanotube and a combination of molecular dynamics and
molecular mechanics was used to determine the lowest energies for the poly-
mers relative to the nanotube. This minimisation was carried out by performing
molecular dynamics at high temperature (750K) for several thousand time-
steps (typically 200 000 steps with a time-step of 1� 10�15 s) followed by energy
minimisation using a conjugate gradient algorithm. This sequence was repeated
until no further decrease in the energy was obtained. Calculations were per-
formed first using one polymer chain and then several chains were used in order
to try to improve the overall binding energy.
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The energy minimised structures of the three polymer molecules showed that
they all adopt a helical backbone with the alkyl chains radiating outwards. The
energy minimised structures for the three polymer molecules are shown in
Figure 9.2.
Wherever possible, modelling results should be compared with experimental

results in order to establish the validity of the approach. In this case, it was
possible to compare the thickness of the polymer-coated nanotubes with
measurements obtained from atomic force microscopy studies. Good agree-
ment between theory and modelling was obtained.4,5

The results of the modelling study showed that NPSC has a significantly higher
binding energy and a greater coverage of the surface of the nanotube (see Figure
9.3 and Table 9.1). Experimental work confirmed the modelling results, showing
that NPSC has the highest affinity for the nanotubes, leading to a significantly

Figure 9.2 The energy minimised conformation of chains of NBSC (top), NOSC
(middle) and NPSC (bottom).

214 Chapter 9



better suspension of the nanotubes in aqueous solution, demonstrating the
way in which modelling can successfully drive experimental work in this area.
In this particular study, the effect of solvent was included by adjusting the

relative permittivity of the solution to an appropriate value. This is one way
that the effect of the solvent can be incorporated into calculations. Alter-
natively this can be achieved by explicitly including water molecules. Both have
strengths and weaknesses. The advent of computers with increased processing
power is making explicit inclusion of water a more attractive route.

9.2.3 Fullerenes

An additional important area for work in the area of drug delivery systems is
concerned with the investigation of the potential use of fullerenes. Their pro-
mise lies in the fact that these compounds offer the possibility of being able to
deliver drugs directly through cell membranes and into target cells. Owing
to their small size (B1 nm), fullerenes have high potential for bioavailability.

Figure 9.3 The optimised location of five polymer chains around a SWNT for NBSC,
NOSC and NPSC, left to right, respectively.

Table 9.1 Binding energies obtained for the three polymer molecules with
1 and 5 chains.

Polymer
Number of polymer chains bound
to SWNT Binding energy per chain/kcal mol�1

NBSC 1 –123.55
NOSC 1 –123.06
NPSC 1 –272.21
NBSC 5 –208.08
NOSC 5 –286.47
NPSC 5 –300.93
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The fullerene core is very hydrophobic and may be modified chemically by the
addition of functional groups. However, like carbon nanotubes discussed in the
previous section, their poor water solubility has severely limited their appli-
cation. One potential way that this problem can be overcome is by encapsu-
lation within liposomes. Liposomes comprise an aqueous core with an outer
phospholipid bilayer. This may be used to transport compounds with low
aqueous solubility to their target site.
Liposomes have been widely used in drug delivery systems. They have several

key advantages:

1. their versatile structure means that they can easily be tailored for specific
applications;

2. lipophilic drugs can be accommodated in their bilayers (or hydrophilic
ones in their aqueous core);

3. they are without apparent toxicity, are non-immunogenic and are fully
biodegradable.

One of the features of calculations for this type of system is the use of periodic
boundary conditions to create an infinite system to represent the liposome bilayer.
This can be achieved by extending a simulation box in the direction perpendicular
to the bilayer itself. Here, it is important to ensure that the extension to the
simulation box is sufficiently large that there is not any interaction between the
infinite bilayer replicates that are created when the periodic boundary conditions
are applied. In this case, water molecules are used to fill the space between the
bilayers. However, even with a relatively small simulation box this can mean that
several thousand independent water molecules need to be included in the calcu-
lation, thusmaking the calculations relatively time consuming, and also increasing
the need for the application of molecular dynamics techniques to help minimise
problems associated with obtaining local rather than global minima when energy
minimisation is applied to a system with a large numbers of particles.
In this example,6 a combination of molecular dynamics and energy mini-

misation was used to assess the effect of the concentration of fullerene mole-
cules on the integrity of the liposome.
Simulations were carried out using a simulation box constructed using two

4 � 4 arrays of liposome (egg PC) molecules. Initially, the simulation box was
extended to 50 Å in the direction parallel to the bilayer and the space above and
below was saturated with water molecules. In total, 5382 water molecules were
incorporated into the simulation box. Molecular dynamics calculations were
carried out at temperatures of 750, 500 and 300K for a simulation time of 10 ps
prior to energy minimisation using a combination of the steepest descents and
conjugate gradient algorithms. The size of the cell to was allowed to vary
during the optimisation. Simulations were performed with 0, 2, 4, 6 and 8
fullerene molecules per simulation box.
The optimised lipid bilayer in the absence of C60 is shown in Figure 9.4.

A view of the surface viewed from above (with water molecules removed for
clarity) is also shown (Figure 9.5).

216 Chapter 9



Figure 9.4 The optimised lipid bilayer.

Figure 9.5 The optimised bilayer viewed from above (water molecules omitted from
view for clarity).
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At low concentrations of C60 (2 molecules per simulation box), the location
of the carbonaceous material is optimised towards the centre of one of the
layers. It can be seen that the hydrophobic tails of adjacent PC layers ‘wrap’
themselves around the spherical C60 molecule in order to maximise the van der
Waals interactions. At this low concentration of C60, molecules are easily
absorbed into the liposome and little disruption of the bilayer is observed. The
surface viewed from above appears unchanged, with the C60 molecule shielded
from view (Figure 9.6).
At the highest concentrations of C60 (8 molecules per simulation box) the

hydrophobic tails of the phospholipid molecules again ‘mould’ themselves
around the fullerene molecules but at these concentrations this moulding effect
means that adjacent fullerenes are displaced higher up the bilayer in order to
optimise van der Waals interactions (Figure 9.7). This results in significant
disruption to the surface of the bilayer and means that C60 molecules are now
clearly visible when the surface is viewed from above (Figure 9.8). This dis-
ruption of the surface is also reflected in the calculated surface area of the
bilayer at different concentrations of C60. At low concentration of fullerene (2
molecules per simulation box) and with no fullerene present, the surface area
remains largely unchanged, with values of 839.7 and 835.5 Å2, respectively.
However, at higher concentrations of fullerene (8 molecules per simulation box)
the surface area increases significantly to 1003.5 Å2, reinforcing the suggestion
that low concentrations of fullerene have little effect on the surface of the

Figure 9.6 The optimised location C60 molecule in the lipid bilayer when present at
low concentration (water molecules omitted from view for clarity).
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Figure 9.7 The optimized location of C60 molecules in the lipid bilayer when present
at high concentrations (water molecules omitted from view for clarity).

Figure 9.8 The surface of the lipid bilayer viewed from above when C60 is present at
high concentration (water molecules omitted from view for clarity).
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bilayer but that high concentrations can disrupt it substantially. At both con-
centrations, incorporation of the fullerene into the bilayer results in a
favourable binding energy for the C60 molecules (–261.28 and –288.52 kcal
mol�1 at low and high concentrations respectively) although we note that the
binding energy per C60 molecule is higher at low concentration (–130.64) than
at high concentration (–36.07 kcal mol�1).
The theoretical observations in this work are supported by experimental

measurements that show that these lipid bilayers become ‘leaky’ at the same
level of loading at which the modelling suggest that the inclusion of the C60

molecules begins to significantly distort the size of the simulation box. Mem-
brane integrity studies reveal that incorporation of C60 molecules destabilise the
liposomal formulations based on the retention values of the fluorescent
hydrophilic marker calcein. The % latency of vesicle-encapsulated calcein is
used as a measure of membrane integrity. The results show that PC-liposomes
loaded with low levels of C60 are stable since after 24 h of incubation high levels
of the initially encapsulated calcein are retained in the vesicles. In contrast,
when C60 is incorporated in the lipid bilayers at approximately the con-
centrations of the higher loading in the simulations there is a significant
decrease of the retention of calcein after the initial measurement. This supports
the theoretical prediction that at high loading levels, C60 molecules disrupt the
surface of the bilayer and thus retention of the calcein decreases.

9.3 Molecular Dynamics

The previous examples have relied upon molecular mechanics approaches to
optimise the energy of the system under investigation in order to predict the
energetics and geometry of the systems under investigation. However, in terms
of modelling drug delivery processes a key technique is that of molecular
dynamics, which allows us to investigate the time evolution of a system at a
given temperature. A molecular mechanics force field is usually at the heart of
this type of calculation but particles are initially assigned velocities and direc-
tions in order to give the system appropriate levels of kinetic energy. A time
step is specified (usually of the order of 1� 10�15 s) and then essentially
Newton’s second law of motion is used to determine the velocities and positions
of the atoms as the simulation progresses through time.

9.3.1 Zeolites as Drug Delivery Agents

An interesting example of molecular dynamics applied to a drug delivery is
provided by the search for novel inorganic delivery agents. Many inorganic
compounds, such as zeolites, are being explored as potential drug carriers for
oral delivery. Zeolites are formed by linking SiO4 and AlO4 tetrahedra to form
crystalline solids.7 Currently over 150 different zeolite frameworks have had
their structure determined and many of these possess channels that range from
B0.6 to 1.4 nm – potentially large enough to accommodate a wide range of
different drug molecules. One of the difficulties that experimentalists face when
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investigating zeolites as drug delivery agents is selecting the appropriate
structure to choose for the delivery of a particular drug molecule. Modelling
methods appear to have an important role to play in this area.
In this study,8 molecular dynamics was used to simulate the diffusion of the

drug molecule inside its zeolite host at the appropriate temperature (body
temperature). Crucially, this allows the flexibility of both the drug and the
framework to be taken into account – key factors in determining whether a
molecule can diffuse in and out of the zeolite’s internal channel system.
An effective example of the type of information that can be determined from

this approach is provided by a study into the diffusion of two different drug
molecules, theophylline and salbutamol, inside the framework of zeolite BEA –
an important zeolite with a multi-connected channel system (Figure 9.9). At
first sight, the theophylline and salbutamol molecules might be expected to
show similar diffusion behaviour inside the zeolite framework because the two
molecules have very similar dimensions in terms of their widths i.e. the second
biggest dimension (if you think about posting a parcel through a circular
mailbox then it isn’t the longest dimension that is likely to be the barrier to
successfully putting the parcel through, it will be the next largest dimension).

Figure 9.9 Zeolite BEA. The framework atoms are shown in red (cations) and yellow
(anions). The internal pore channel system is shown in white. Effectively a
drug molecule inside this structure can move in the x, y and z directions.
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The structures of theophylline and salbutamol are shown in Figure 9.10. In
this study, molecular dynamics (MD) simulations for both salbutamol and
theophylline were performed for a total simulation time of 1� 10�9 s with a time-
step of 1� 10�15 s. The simulations were performed at 310K. A 3� 3� 2 cell of
zeolite beta with one drug molecule inside was used as the simulation box.
Periodic boundary conditions were used to create an infinite system and full
flexibility of both the zeolite framework and the guest molecule was allowed.
Flexibility of the framework is important here because the channel dimensions
vary slightly because of the vibration of the atoms at this temperature.
Interestingly, the simulations for the two different drug molecules showed

significantly different behaviour. Analysis of the MD results showed that sal-
butamol was able to diffuse through the framework whereas theophylline was
not. This is shown in Figure 9.11 by the calculated root-mean squared dis-
placement for the drug molecules as a function of time. The upward slope for
salbutamol shows the molecule was diffusing during the simulation while the
flat line for theophylline indicates that there was no net movement through the
zeolite host. Observation of the trajectories of the two molecules (Figure 9.12)
shows that it is the flexibility of the salbutamol molecule that allows it to move
through the channel system.

(a) (b)

Figure 9.10 The chemical structures of (a) theophylline and (b) salbutamol.

Figure 9.11 Root mean squared displacement graphs for salbutamol and theophyl-
line inside the zeolite.
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The relatively rigid structure of the theophylline molecule means that it
cannot progress through the zeolite’s channels – the van der Waals’ interactions
between the drug and zeolite are too high and the theophylline molecule is too
inflexible to overcome this barrier. However, the salbutamol molecule is much
more flexible and when the alignment of the functional groups is favourable,
the effective width is of the molecule is reduced and it is able to move along a
channel (Figure 9.12a). It is important to note that the diffusion of salbutamol
within the zeolite is still significantly hindered by the need for it to adopt certain
conformations in order to move and hence the channel system exerts a

(a)

(b)

Figure 9.12 (a) The flexibility of the salbutamol molecule allows it to move through the
zeolite’s channel system. (b) The rigidity of the theophylline molecule means
that it gets ‘stuck’ at channel intersection points and therefore it is not likely
to penetrate into the zeolite’s internal channel system in significant quantities.
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significant constraint on the diffusion of the molecule. These results suggest any
experimentally observed release for theophylline is likely to be controlled only
by the surface of the zeolite nanocrystals.
Experimental studies confirm the validity and usefulness of the results of

these simulations. Drug loading studies via supercritical fluid technology (SCF)
reveal significant differences in the amount of drug that is encapsulated inside
the zeolite host. For salbutamol and theophylline the %w/w located inside the
host framework is 22.5 and 5.1, respectively. This supports the modelling work
that suggests that theophylline will not penetrate through the pores, resulting in
a low loading level. A value as low as 5.1% for theophylline may simply be
attributable to molecules on the surface of the zeolite particles, or trapped at
the opening of the channels, rather than penetration of channel system. In
contrast, a significantly higher proportion of the salbutamol molecules pene-
trate inside the internal channel system of the zeolite, as shown by the increase
of 17.4% in the amount of drug uptake.
Release rates from zeolite samples loaded with the two drugs are shown in

Figure 9.13. For the first 30min, a steep release is observed for both drugs.
However, at prolonged times, the release of salbutamol is significantly delayed.
This delayed release can be attributed to the fact that diffusion of salbutamol
molecules from within the zeolite’s channels are hindered by the types of drug–
zeolite interactions observed in the simulations. As a result, complete release of
theophylline is reached after 180 min whilst release of salbutamol was pro-
longed up to 240 min.
These results clearly highlight the potential value of modelling to interpret

and guide this type of study in the future. Molecular dynamics has the potential

Figure 9.13 The release profiles for salbutamol and theophylline from zeolite BEA.
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to screen drug–zeolite combinations prior to further experimental investigation.
Moreover, it may be possible to use this type of simulation to ‘fine tune’ the
loading and release of appropriate drug molecules by probing the effect of
subtle alterations to the zeolite lattice, such as changing the Si/Al ratio in the
framework, thereby fully optimising the drug delivery system.

9.3.2 Other Examples of MD Simulations

Molecular dynamics (MD) has proved to be a versatile approach for investi-
gating the time-dependent properties of drug delivery systems as well as for
simulating the diffusion of drug molecules from their host. Some of the key
areas investigated include the following systems.

1. Carbon nanotubes (see Section 9.2.2): MD has been used to investigate the
encapsulation and release of a variety of different drug molecules from
these important materials. An excellent recent review has been carried out
by Hilder and Hill,9 that highlights the use of theoretical investigations
into the loading and unloading of drugs into nanotubes. Key MD studies
in this area include work on the interaction between the peptide drug
zadaxin and nanotubes,10,11 studies of the competitive replacement process
for peptides attached to the inner or outer surfaces of the tubes,12 deter-
mination of the preferred location of the anticancer drug gemcitabine13

and the permeation of water through carbon14 and TiO2 nanotubes.
15

2. Liposomes (see Section 9.2.3): MD is used to predict permeability in
bilayer membranes. A good review of this area is the paper by Xiang and
Anderson.16 Examples of the range and scope of work in area can be
found in the studies of diffusion coefficients for small molecules in
DMPC bilayers,17 the calculation of partition coefficients for a range of
polar and non-polar molecules18 and the binding of anti-cancer drugs for
potential liposomal delivery.19

3. Polymeric delivery systems: diffusion of drugs encapsulated within
polymeric systems is highly amenable to MD simulation. Examples
include the uptake of the drugs doxorubicin, silymarin and aliclazide by
different polymeric systems,20 the study of polymer–drug interactions in
copolymer nanospheres,21 simulation of ‘smart’ systems that respond to
environmental conditions22 and the investigation of small molecule dif-
fusion in membrane materials.23

4. Dendrimers: these are roughly spherical or disc-shaped compounds that
share the common feature of branches emerging from a central core in a
radial fashion. Dendrimers have been widely investigated as vehicles for
the encapsulation of hydrophobic drugs and have been shown to be
effective drug delivery agents for a range of organic compounds. MD has
been used to provide information about the detailed structure of den-
drimers as well as providing insights into their rational design for drug
delivery purposes. Examples of studies in this area include the investi-
gation of the association of ibuprofen with a poly(amidoamine)

225Atomistic Modelling of Drug Delivery Systems



dendrimer24 and the bioactive agent shikonin with hyperbranched
polyesters,25 examination of the conformational behaviour of peptide
dendrimers26 and studies of the use of poly(amidoamine) dendrimers as
drug delivery agents for platinum and ruthenium-based drugs.

9.4 Quantum Mechanical Methods

Quantum mechanical methods have been much less widely used in simulating
drug delivery systems. This is essentially as a result of the high computational
requirements for this type of simulation. One important property that can be
obtained from QM simulations that cannot be obtained from MM-based
methods is a detailed picture of the distribution and energies for the electrons
within molecules.

9.4.1 Delivery of Vancomycin using Mesoporous Materials

Zeolites are classified as microporous materials, since their pore sizes are less
than 2 nm. This means that their channels are too small to accommodate larger
molecules such as the antibiotic vancomycin. A closely related family of
materials are known as mesoporous silicas. These compounds have much larger
channels than zeolites and their dimensions can be carefully controlled by the
synthesis, with channel sizes up to around 30 nm. The channel walls of these
materials are amorphous and the presence of silanol groups (Si–OH) on the
surface which makes these compounds challenging to simulate but makes them
more amenable to be tailored for their potential application. One way this can
be achieved is by functionalising the surface silanols with hydrophobic groups.
The study by Doadrio et al.27 made use of an interesting combination of

techniques in order to yield a significant insight into the drug release properties
of a mesoporous material, SBA-15, before and after functionalisation.
Experimental work showed that release rates of vancomycin from SBA-15 are
much higher for ‘pure’ SBA-15 compared with the same material functionalised
with octyltrimethoxysilane (C8) alkyl chains. Semi-empirical QM methods
using the AM1 Hamiltonian were used to obtain detailed information on the
distribution of charge and the electrostatic potential for both the mesoporous
material and the drug (Figure 9.14). A grid-based docking approach has then
been used to identify the most favourable binding site for the drug in the
modified and unmodified forms of SBA-15. This type of grid-based approach
has normally been used for locating the binding sites for drugs in protein
structures. They have the advantage of being a fast method of locating a
binding site and also help to overcome the problems of locating local rather
than global energy minima – particularly in this type of situation when there is
not an obvious place to dock the drug molecule prior to performing an energy
minimisation. (Another example of the grid-based approach applied to inves-
tigate drug delivery systems is provided by the work of Gullick et al. in the
characterisation and design of captopril pro-drugs for enhanced percutaneous
absorption.28)
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The results show that addition of the C8 chains reduce the negative charge
associated with the surface of SBA-15, which therefore reduces the electrostatic
interaction with the positive head group associated with vancomycin. The
authors are then able to relate this reduced interaction to the faster release rate
obtained for the functionalised SBA-15. Moreover, the results show that van-
comycin does not penetrate deeply into the channel system and that only the
small positively charged region of the molecule successfully enters the meso-
pores, even though there appears plenty of room for further penetration. This is
an interesting result and demonstrates that not only can important information
be learned about release rates but that there is also the potential to understand
and predict loading levels too.

9.4.2 Design of Conducting Polymers for Drug Delivery

Another area where molecular modelling techniques have been successfully
applied is for studying electronically conducting polymers. This type of poly-
mer may have significant applications in drug delivery where higher con-
ductivities give greater control over the delivery process.29 The first step
involved in the synthesis this type of polymer electrochemically is to remove an
electron from the monomer. The resulting radical cations are unstable and
readily couple with other cations, with the elimination of two protons, to form
dimers. Successive monomer units continue to be added until a polymer chain

Figure 9.14 Electrostatic maps for vancomycin and the mesoporous framework.
Reprinted fromMicroporousMesoporousMater., Doadrio et al., 539–566,
Copyright (2010), with permission from Elsevier.
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forms. Quantum mechanical calculations are used to map the location of the
unpaired electron within the monomer cation and the growing polymer chains.
The result of this type of calculation for the monomer pyrrole is shown (Figure
9.15). The red contour lobes that map the averaged location of the unpaired
electron are largest at the carbon positions adjacent to the nitrogen atom (the
alpha positions). These results suggest that two pyrrole molecules are likely to
couple together at the alpha positions, because this is where the unpaired
electrons spend most of their time. Indeed, pyrrole is known to favour coupling
at these positions and the calculated magnitude of the spin density at each of
the atomic positions in the pyrrole cation ring agrees well with the values
obtained from electron spin resonance experiments.30,31

Having established the accuracy of this type of calculation by referring to the
pyrrole system, the approach can be extended to predict the coupling positions
of other monomer units without having to synthesise the compounds. The
position at which molecules couple as the polymer chain grows is critical,
because it affects the polymer’s conductivity. Ideally, coupling should occur at
positions that maintain an alternating single–double bond sequence throughout
the molecule (conjugation). Linear growth without significant branching or
cross-linking is also desirable.
The conductivities of polymers made from the three monomers have been

determined in the laboratory. The results show that conductivity increases from
polymer (a) to polymer (c). This observation can be rationalised via modelling
by calculating the spin densities associated with the cations of the three
molecules. The results of these calculations are shown in Figure 9.16.
Formaximumconductivity, thesemolecules should couple in the alpha positions

next to the hetero (nitrogen, sulfur or oxygen) atoms in the five-membered rings at
either endof themolecule. The results of the calculated spin density formolecule (a)
show two significant regions of spin density centred at the desired alpha carbon
positions next to the nitrogen atoms in the five-membered rings. However, there

Figure 9.15 The spin density contours for pyrrole.
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Figure 9.16 Spin density contours for the three monomer molecules.
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is a comparable region of high spin density at the double bond in the middle of
the molecule. Coupling at these sites would cause considerable branching and,
as a result, polymer (a) should have low conductivity. By altering the substituents
on molecule (a) and the heteroatoms on the rings we can direct the spin density
away from the double bond in the monomer unit. Experimental investigations
confirm the success of the approach – both molecules (b) and (c) conduct sig-
nificantly better than polymer (a) when synthesised under equivalent conditions.
In this way modelling can be used in a predictive mode to screen a series of

molecules. Researchers can observe the effects of substitutions and fine tune
spin density distributions to favour coupling at desirable sites before any
experimental work is carried out. Although this is not the only criterion against
which high conductivity in these molecules needs to be screened, it should help
to eliminate experiments that fall at the first hurdle because they produce non-
conducting polymers by coupling at unfavourable sites.

9.5 Summary

For many years, modelling studies of drug delivery systems have lagged behind
those concerned with the identification of potential new drug molecules.
However, simulations of drug delivery systems at the atomic level are now
widely performed on a variety of different systems. The improvements in
computer speed means that these simulations now make increasing use of
molecular dynamics and higher levels of theory in order to improve the relia-
bility of the results obtained. The examples highlighted in this chapter show
that not only can modelling studies help us to interpret experimental obser-
vations, they are also beginning to help drive experimental programmes of
work by predicting modifications to systems such that they are optimised for
their particular purpose. A number of different types of simulation method are
available to probe these systems at the atomistic level and often a range of
techniques are used together in order to obtain the necessary insight into the
system under investigation. These trends are set to continue in the future, with
modelling playing a key role in the design and optimisation of drug delivery
systems and not just the design of novel drug compounds.
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