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Abstract

Some of the areas in which we anticipate, over the next five years, notable advances in the application of molecular
simulation to problems in heterogeneous catalysis are considered, in the context of recent progress to date. The areas

specifically addressed are:

expanding access to methods,
quantitative structure-property relationships,

confidence in predicting local and extended structure
reaction mechanisms, barriers and kinetics, and
data for chemical process simulations.

building structural models to focus or pre-screen experiments,

In each of these areas, we indicate why we consider the topic significant, provide reference to topical work and suggest
opportunities for future developments. © 1999 Elsevier Science B.V. All rights reserved.
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1. Introduction

The value of simulation in general stems from its
ability to deliver, in a reliable fashion, information
about the structure, properties or performance of a
system in a more rapid, more detailed or more cost-
effective way than is possible by experiment. This is
true whether simulation is applied to the design of a
new aircraft, to optimizing the layout of an integrated
circuit, or to analyzing the fate of air-borne pollutants
in the environs of a major city. It is equally true when
simulation is applied to the time and length scales
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characteristic of molecular phenomena, the province
of chemistry and the domain of catalysis.

The benefits of simulation have become steadily
more obvious as the price:performance ratio of hard-
ware has become relentlessly more compelling. How-
ever, the molecular simulation of materials is, firstly, a
recent progeny, barely into its teens, and, secondly, the
dramatic bounds in the capabilities of molecular
simulation arise at least as much from improvements
in theory, in algorithms and in strategy, as from the
building of hardware brawn.

The drivers for the application of molecular simula-
tion to heterogeneous catalysis are similar; if anything
they are more persuasive. It is, however, only rela-
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tively recently that molecular simulation has become
accepted as a practical contributor. There are several
reasons, although mention of but a few helps under-
score why future momentum of the field is expected to
be strong.

Heterogeneous catalysts tax today’s simulation
armory in several respects:

1. Heterogeneous catalysts are solid state materials,
and the influence of the extended surface or bulk
environment on the characteristics of the active
site geometry or chemistry is usually significant.

2. Most heterogeneous catalysts are multiphasic, with
active phases or sites that are typically dilute and
hence poorly scrutinized by experiment.

3. Depending on the specific application, heteroge-
neous catalysts may contain first, second or third
row transition metals, or lanthanides, in addition to
the main block elements. This elemental diversity,
the presence of d- and f-electron containing metal
centers, and the complexities of simulating the
behavior of the heavier elements of the second
and third transition rows demands imposes special
requirements on molecular or quantum method
machineries.

4. The paucity of detailed experimental data relevant
to the active elements of heterogeneous catalysts
under real conditions imposes, concomitantly,
extra demands on the reliability of simulation in
predicting geometrical structure.

5. Finally, we are dealing with chemical conversions
requiring, for probing by molecular simulation, an
ability to track the actual process of reaction.

A heterogeneous catalyst’s complexities also repre-
sent some real advantages for simulation:

e The historical Edisonian route to catalyst devel-
opment and improvement is frustratingly slow and
can provide no insight into the ultimate perfor-
mance of a given system; simulation can poten-
tially both focus and accelerate an R&D effort and
also reveal fundamental chemical constraints.

e Maximal insight can be coaxed from analytical
data when interpreted and simulated based on an
atomic level model.

e Methods and parameterizations can be validated
on bulk data and applied then confidently to sur-
face or defect site models.

e Discrete questions can be asked; whereas, experi-
mentally, observation is an inevitable convolution
of many different factors, we can, with simulation,
often isolate one parameter and probe selectively
its influence on the whole.

e Commercial catalysis is, fundamentally, a chemi-
cal phenomenon, a macroscopic manifestation of
events at the molecular level. Even in these cases
where a fundamental understanding of the cataly-
tic chemistry is lacking, we can exploit the knowl-
edge that performance is governed by molecular
level phenomena to develop rules to guide opti-
mization of materials and processes.

2. Areas of substantial ongoing progress

A forward-looking view must be taken from a
current vantage point. We therefore highlight four
exemplary application areas that have witnessed sub-
stantial progress over the past five years, as noted in
the other papers in this and related volumes.

2.1.  Catalyst characterization

In 1990, in discussing the molecular-level simula-
tion of heterogeneous catalysts in general, the hurdle
most frequently encountered was that of insufficient
understanding of structural details at the atomic-level.
Considerable attention has therefore been paid to
developing and applying simulation as a complement
to analytical measurement for catalyst characteriza-
tion [1,2]. Most types of analytical data can now be
computed directly from the appropriate atomic model;
such computations then facilitate atomic level data
being extracted from the experimental results. Some
progress has also been made with direct data inversion,
the development of structural models directly from
experimental data.

2.2.  Zeolite structural chemistry

Literally hundreds of recent papers describe appli-
cations of modeling and simulation to diverse ques-
tions relating to the structure, properties, performance
and application of zeolites and related crystalline
microporous materials [3-8]. The extent, breadth
and sheer number of such applications far exceeds
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Fig. 1. The framework structure of the microporous material UTD-
1 drawn as tubes connecting adjacent framework cation sites.

the scrutiny or success-rate that other catalytic sys-
tems have enjoyed. Reasons why zeolites are afforded
such prominence include:

1. They are of prime industrial import, in several
application areas, both catalytic and sorptive, as
well as ion-exchange.

2. Zeolite macroscopic properties can be related
directly to bulk, atomic-level structure (Fig. 1).

3. Zeolites can typically be prepared as pure, homo-
geneous, crystalline or polycrystalline samples,
facilitating the application of a panoply of analy-
tical methods.

4. Zeolites are compositionally relatively simple,
containing only main group elements.

Partially because macroscopic properties relate so
directly to atomic-level structure, zeolite structural
characterization is a substantial field. The significant
role that simulation plays is exemplified in, for exam-
ple, the development of the simulated annealing
approach to framework structure solution and design
[9,10], the furtherance of crystallographic tools to
accelerate physical model development [11], and
the simulation of a slate of analytical fingerprints
[1,2,12,13].

Attractive properties arise from the incorporation of
aluminum into the siliceous zeolite framework. Simu-
lation has probed local aluminum site preferences
[14-19], framework aluminum distributions [12,20—

24] relative to the experimental configurations mea-
sured by 2°Si NMR data [25], and interpreted experi-
mental unit cell constant data in terms of disordered
aluminum distributions in ZSM-5 [19]. ?Si chemical
shift dependencies on local environment have also
been sampled [26,27].

The non-framework cations that charge-compen-
sate for the framework AI’T for Si** substitutions,
using nominal valence charge language, can control
or fine-tune a zeolite’s macroscopic properties.
Recent progress has demonstrated the feasibility of
predicting non-framework cation configurations based
solely on a framework structure and framework cation
distribution model, not only for relatively simple
systems such as zeolite Li—~A(BW) [28], but also for
the more technologically important cases of zeolite 4A
[28], mixed Na—Ca and Na-Li zeolite A [29,30],
sodium zeolite X [31], calcium LSX [30] and
ETS-10 [32].

An occasional, and perhaps misguided, criticism of
simulation, as of surface science, is that it applies to
perfect, homogeneous samples and rarified conditions,
such as in vacuo, or, in the case of structure optimiza-
tions, at 0 K. Although varying levels of complexity
can be introduced into a model, a prime advantage of
simulation is that it can be applied to probe one
specific question or aspect of a system, independent
of the many other issues that typically complicate the
real material. Behavior at finite temperature is simu-
lated by several techniques, such Monte Carlo (MC)
simulations of adsorption heats and Grand Canonical
Monte Carlo (GCMC) simulations of sorption uptake
isotherms. Molecular dynamics (MD) is also, intrin-
sically, a finite temperature technique and, in addition
to sampling the motion of sorbed or occluded organic
species, MD has been used to explore pore dynamics
in several framework topologies and pore mouth
breathing [33,34]. To compute properties such as
expansivities and phase transformations necessitates
evaluation of structural free energies; these require
calculations of the lattice dynamical contributions to
the system entropy, which can be computationally
demanding. Simulations of these types [35,36] have
confirmed occasional experimental observations of
negative thermal expansivities in certain zeolite fra-
meworks [37].

Many technological applications of zeolites are
based upon the behavior of hydrocarbons within their
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micropores, a technological interest mirrored to some
degree in the directions of fundamental research
efforts. The established literature is substantial [5—
8]. There are four common classes of simulation
applied to organic sorbates within zeolites. The first
seeks preferred binding sites, usually by a Monte
Carlo docking procedure [38]. The second samples
the set of configurations accessible at finite tempera-
ture and, by accumulating the corresponding config-
uration integrals, computes the heat of adsorption at
that defined temperature [39—41]; these types of com-
putations were pioneered by Kiselev [42,43], well in
advance of the availability of modern computers. The
third uses a Grand Canonical Monte Carlo protocol to
simulate the equilibrium between the sorbed phased
and an infinite vapor bath [44,45], hence permitting
computation of sorption uptake isotherms or isobars
for individual or competing components. The fourth
uses molecular dynamics (MD) protocols [46—48] to
sample configuration space, and to probe molecular
motion, including rotational and translation diffusion,
the latter providing a means of computing diffusion
constants. Given the extent of the literature to date, we
have not selected specific instances to cite; the most
recent papers in the primary physical chemistry jour-
nals or zeolite conference proceedings provide swift
access to the latest and earlier work.

The computational cost typically increases substan-
tially from docking, to Metropolis Monte Carlo, to
GCMC simulations. The cost of MD calculations
depends on the size of the system, the form of the
interatomic potentials and the time-span sampled. At
least for small molecules, the required simulation
mechanics are largely in place and validated. The
rate-limiting constraint is generally the availability
of suitable interatomic potential functions. For larger
molecules, ‘brute force’ calculations become swiftly
intractable and, for example, configuration bias Monte
Carlo methods are used for probing binding sites and
sorption heats [49] and transition state theory [50-52]
or kinetic Monte Carlo [53] methods are applied to
computing translational diffusion rates.

Many valuable applications of simulation relative to
zeolite-based processes reflect not computation of
absolute energies or rates, but rather the use of relative
values as a guide in materials selection, screening or
property rationalization. For example, molecular
simulation was used to

Fig. 2. Tetramethylammonium cations occluded within the sodalite
or B-cage (left) and o- or supercage (right) in the LTA-framework
of zeolite ZK-4 (after [76]).

1. screen a menu of zeolites for potential application
in the preferential production of 2,6- vs. 2,7-
dialkylnaphthalenes in the solid acid catalyzed
alkylation of naphthalene with propylene [54],

2. probe the promotional role of dithiane oxide for
dehydration chemistry in zeolite Y [55],

3. explore shape selectivity constraints on the pre-
paration of neoalkanals and novel cyclic dioxe-
penes [56], and

4. sampling possible metal atom placements [57].

The technology initially developed for computing
preferred binding sites for adsorbates within zeolites
was quickly applied to the related question of the
location of organic templates or structure-directing
agents (SDA) occluded within zeolite structures dur-
ing synthesis (Fig. 2). Close agreement between ‘pre-
dicted” SDA positions and those measured by
diffraction [58-60] has helped us understand the
directing role that these agents play [61-64], promoted
the use of simulation to assist in template selection
(see, e.g., [62]) and encouraged the development of
methods for de novo design of SDA’s [65] that might
promote the formation of known or hypothetical
frameworks.

Simulation has also been applied extensively to
probing the chemical reactivity of local sites within
zeolites and, in certain cases, reaction mechanisms.
The literature is, again, extensive [5—8]; other papers
in this volume provide good examples and also con-
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duits to the earlier works. These calculations almost
exclusively employ quantum methods, generally in the
cluster approximation, but, increasingly, using either
hybrid quantum-mechanical methods to take account
of the influence of the zeolite environment on the
given active site model [66,67], or full periodic quan-
tum methods using Hartree—Fock [68] or density
functional theory [69]. Ab initio molecular dynamics,
using plane wave basis sets within the Car—Parrinello
formalism, have recently been brought to bear on
Brgnsted sites in offretite [70], methanol in sodalite
[71,72], methanol in chabazite [73], water in zeolite A
[74] and, in what is at the time of writing the cutting
edge of such computations, at least in terms of system
size, methanol in ZSM-5 [75]. It is, however, sobering
that even expert practitioners can reach differing
conclusions on the gross structural chemistry in these
systems. For example, an early report suggested,
perhaps counter-intuitively, that sorbed methanol
was little perturbed in an acid sodalite, but protonated
in an acid chabazite at a similar framework composi-
tion [69]. Subsequent dynamics calculations on the
same chabazite system, again using plane wave basis
sets, indicate the protonated state to be a local mini-
mum on the complex potential energy surface, the
hydrogen-bonded, neutral methanol configuration
being of lower energy [73].

2.3.  Metal surfaces and reactions on metal surfaces

Given the importance of metal surface chemistry
and the broad industrial use of supported metal cat-
alysts, simulations of metals, metal surfaces and reac-
tions on metal surfaces comprise a substantial
literature. Many metallic systems, including metal
clusters, metal surfaces, and metal surfaces or clusters
with surface adsorbates have been simulated, with
some ingenuity and computational effort, using first
principles calculations based on density functional
theory [77,78].

Recent density functional theory calculations using
plane wave basis sets [79] include those of O, on
Ag(110) [80,81] and Pt(1 0 0) [82], H, dissociation
over Cu(1 11) [83] and W(1 0 0) [84] and the inter-
action of carbon monoxide with metal surfaces [85]
such as palladium [86,87]. Applications of density
functional theory to cluster models, using localized
basis sets, include, from our own past work, studies of

small Pd, H,, clusters [88], simulation of the geome-
trical structures of small (MgO),, clusters [89], ana-
lysis of the influence of chlorine on cluster models of
oxided silver, of interest in ethylene epoxidation
catalysis [90], quantitative studies of the dissociative
chemisorption of diatomic molecules such as NO on
cluster models of different copper surfaces [91,92]
(Fig. 3) and, using the Harris functional [93], the
sulfiding of copper surfaces [94,95].

To study the dynamics of large systems, that
demand large simulation cells and potentially pro-
tracted simulation times, more approximate simula-
tion schemes have proven useful and continue to be
used extensively.

Empirical or semi-empirical approaches to the
simulation of metal surfaces and their behavior, such
as defect formation, boundary interactions and surface
diffusion, exploit potential functions that can be
rapidly evaluated; the embedded atom method
(EAM) potential developed by Daw and Baskes
[96], equivalent crystal theory (ECT) [97] and effec-
tive medium theory [98]. In addition to such
approaches, where very large systems (thousands of
atoms) may be handled, tight binding simulation
methods have a substantial history of application to
metallic systems, [99,100] offering a treatment ana-
logous to the semi-empirical approach widely
employed in organic chemistry. The explicit treatment
of small molecule adsorption on surfaces, using
empirical energy functions, has been demonstrated
at a practical level by Sellers and Shustorovich
[101,102] using simple potentials and the premise
of system conserved bond order. The resulting form-
alism makes the treatment of chemisorption and sur-
face reaction phenomena possible without excessive
computational effort.

A complementary approach applies dynamic Monte
Carlo simulations to surface rate processes [103], to
which experiment can provide substantial parameter
input [104].

2.4.  Homogeneous catalysts

Organometallic complexes promote a diverse range
of chemistries. As such complexes can often be char-
acterized accurately by single crystal X-ray diffrac-
tion, perhaps combined with probes of structure in
solution, such as NMR, they are attractive targets for
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Fig. 3. Tllustration of discrete 10-atom cluster model of the Cu(1 1 1) surface, and the computed transition state for NO dissociation on this

cluster, together with the HOMO in the transition state [91,92].

simulation. However, current force field technology
for organometallic systems has, until fairly recently,
been less robust for metal complexes and the size of
practical organometallic catalyst centers has usually
placed them on, or beyond, the cutting edge of first
principles methods.

One family of the materials to whose development
molecular simulation has contributed are metallocene
polyolefin catalysts, which promise a next generation
of plastics for industrial applications [105,106].
Force—field technology has been a helpful tool in
the rationalization and even design of the ligand
environment around the titanium or zirconium metal
center, the steric environment defined by the ligand
substituents being known to control the tacticity of
polyolefins that are produced. As such single site, or
constrained geometry catalysts have ostensibly well
defined, discrete molecular structures, they also avail
themselves to study by first principles methods. Sev-
eral studies describe significant aspects of the geome-
trical and electronic structures of relatively simple
metallocene complexes or models thereof (e.g.,
[107,108] and, as examples from our own work,
[109,110]), and of stages along the reaction coordinate

defined by the accepted Cossée mechanism of olefin
insertion. The role of the methylalumoxane used as
co-catalyst, and the effect of solvent has, as yet, been
little explored. Recent first principles dynamics cal-
culations, initially on the archetypal ferrocene [111]
and subsequently on models of metallocene polyolefin
catalysts [112,113] demonstrate the tractability now of
these types of calculations, albeit still at substantial
time or computational cost.

These studies also reinforce that raw molecular
dynamics are not a preferred technique for probing
activated phenomena, such as essentially all catalyzed
chemical conversions or, as noted above, translational
diffusion of even modestly sized physisorbed mole-
cules in a microporous host. In the first principles
molecular  dynamics study of the model
(CpSiH,NH)TiR™" center, for example, it was neces-
sary to first determine the transition states and reaction
coordinate by ‘static’ methods and then perform
dynamics for only degrees of freedom essentially
orthogonal to this defined reaction coordinate [113].
Raw first principles molecular dynamics is not a
technique for exploring, de novo, possible reaction
chemistries that involve significant barriers.
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3. Expanding access to methods

The widespread implementation of small computers
for instrument control, analysis, information and data
access, and ‘office productivity’ provides an environ-
ment well primed to accommodate broader deploy-
ment of molecular simulation. From a hardware
perspective, this is fueled by steadily improving
price:performance and by the ‘digitalization’ of
experiments. From a software perspective, growth is
gated by the degree to which simulation adds practical
value to the experimental laboratory environment.

3.1. Necessary ingredients

To allow non-simulations specialists to take real
benefit from molecular simulation requires three
ingredients. First, the methods need adequate valida-
tion; to pre-package a specific application it must be
clear for which problems a particular method is appro-
priate, what force—field is apt, or which quantum
mechanical framework is suitable. Preferably, suitable
boundaries can be defined within which, even, error
bars on the computational results can be provided.

Second, access to the set of capabilities must be
structured as what we term a ‘computational instru-
ment’, analogous to an experimental instrument, in
which a specific, well-validated calculation is pre-
parameterized, precalibrated and provided in a well-
structured form. That is, it should permit the ‘sample’
to be specified, a small number of intuitive and under-
standable controls to be set, and then deliver the
desired simulated data. The analog to an X-ray powder
diffractometer, would be a powder diffraction com-
putational instrument; the sample (the structure) is
specified, the type of instrument or instrumental para-
meters are set, and the ‘computational instrument’
delivers the simulated powder X-ray diffraction pro-
file. Similarly, for other X-ray, neutron or electron
diffraction or scattering data, infra-red, UV-vis spec-
tra, EXAFS, high resolution transmission electron
micrographs (HRTEM) etc. (Table 1).

Thirdly, such computational instruments will
become useful broadly only when they are routinely
available, when provided on the experimentalist’s
workbench or desktop; they need to be accessible
alongside the other productivity tools. Even the indus-
trial simulations specialist [114], whose work profile

Table 1
Some experimental sources of structural information when
experiment is combined with appropriate data simulations

Meso—micro scale
Light scattering
Microtomography, NMR imaging

Long range structure

Powder diffraction (X-ray, neutron, electron)

Single crystal diffraction

Fiber, film diffraction

Wide-angle X-ray, neutron scattering

High resolution lattice images (electron microscopy)
Scanning electron microscopy (SEM) micrographs

Surface structures

Scanning tunneling microscopy (STM), Atomic force microscopy
(AFM)

Grazing incidence X-ray diffraction

LEED, RHEED

Local structure

Extended X-ray absorption fine structure (EXAFS)
Solid state NMR

Electron spin resonance (ESR)

Electron spin echo spectrometry

Electronic structure
UV-vis spectra
X-ray photoemission

Structure dynamics
Infra-red, Raman spectroscopy
Inelastic, quasielastic neutron scattering

is dominated by applications of simulation, can benefit
from closer integration between the desktop environ-
ment and their simulations workbench.

3.2.  Satisfying these requirements

Validation is cumulative; it is contributed by the
global simulations community, at least to the extent
that results are disseminated in an open and complete
fashion. Validation enables the design and software
engineering of the ‘computational instrument’. To
permit access from the desktop is ostensibly also a
software engineering issue, but, in practice, it has been
made possible more by the step-change in our
approach to global computation created by the Intra-
and Internet, by the global adoption of the Web
paradigm and of Web technology.
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Fig. 4. Titanocene olefin polymerization catalyst center, with a
growing polythene chain. This image is ‘cut-and-paste’ from the
‘WebLab Viewer and, in the Microsoft Word document from which
the manuscript was printed, is incorporated dynamically via the
OLE?2 protocol.

What might be listed as a first requirement is a
molecular graphics capability that runs natively. Past
protocols that allow a terminal to access the graphics
created on a networked machine, such as X-windows,
have been helpful, but comparatively rudimentary in
performance terms. Fig. 4 is an illustration of a
metallocene catalyst center to which is bonded a
growing polyolefin chain. In this hard-copy printing
the image is static. However, on the PC on which this
text was crafted, this image is embedded via the object
linking and embedding standard protocol (OLE2)'.
The WebLab Viewer used in this particular case, one
amongst several similar types of freely-available
molecular graphics applications, runs natively, hence
avoiding the communication shortfalls of early client—
server configurations for graphics and, at the same
time, benefiting from the impressive throughput of, for
example, the Intel Pentium Pro processor to provide
acceptable molecular modeling performance. For dis-
plays of simple molecules there are many options
currently, mostly at no charge; PC-based display
systems for most heterogeneous catalysts are, at pre-
sent, lacking.

We suggest, as the second requirement, access to an
appropriate suite of validated server methods. Had
Web technology not become accepted as a global
standard, this might have required implementation

"The WebLab Viewer for Macintosh and PC can be downloaded
from http://www.msi.com.

of various methods locally on a PC with what is,
today, still significant limitations on performance, or a
likely esoteric client—server mode. The WWW has
introduced an expectation of truly seamless client—
server architecture. It does not matter ‘where’ the site
providing the data or connection is located. The URL
could be local to the machine running the Browser,
within the same office or building, within the same
campus, within an internal company network pro-
tected by a firewall or geographically remote in the
richness of the Internet. This, we believe, is a boon for
molecular simulation, as the ‘client’, the front end,
need provide only the necessary display, interface and
access capabilities, and the CPU demanding computa-
tions can then be farmed seamlessly to a suitable
machine, perhaps within the security of the corporate
intranet. Many of the key simulation methods are
optimized to run on such a server machine.

An integral component of this network computa-
tional environment recognizes that computer experi-
ments are not intended to stand independently, but
rather to complement the other data gathered in the
lab. Computer networking has facilitated the commu-
nication of data within laboratories; over the past year,
the technology that created the world wide web has
demonstrated its value as both a communication
device and as an infrastructure for data management.
This same technology can be leveraged to provide an
access to the wide range of complementary computa-
tional methods currently accessible to dedicated appli-
cations on scientific workstations.

Computing trends will clearly continue to lower the
access barrier to molecular simulation methods, and
innovative software design is emerging to best lever-
age this progress. However, computer experiments
still require a knowledge base and much further
validation of methodologies is needed. The following
sections describe many of the areas where computer
methods are having an increasing impact on catalyst
research.

4. Quantitative structure-property relationships

4.1. Introduction

Frequently, we are well aware that macroscopic
properties or performance are determined by molecu-
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lar level behavior, but we neither know the details of
this inter-relationship, nor are we able to simulate the
macroscopic properties directly. In such cases corre-
lative methods can be useful [115-118]. Molecular
attributes or ‘descriptors’ are computed for a ‘training’
set of molecules or materials for which properties have
been measured; correlations or patterns are then
sought, by a variety of analytical or statistical tech-
niques, between the determining molecular descrip-
tors and the macroscopic properties. Validation of this
correlative model by prediction of the properties of a
subset of systems measured, but not included within
the training set, helps define the bounds of the
response surface of the system [119,120], within
which the model can be used to predict the properties
of other candidate systems. These correlative methods
are termed quantitative structure property relation-
ships (QSPR) [121] or quantitative structure activity
relationships (QSAR). They have long been used in
drug discovery and lead optimization [115-
118,122,123]. They also have potentially broad
applicability in the materials sciences (Fig. 5). As a
general rule, these methods are applicable within the
compass defined by the training data set; they are

Fig. 5. Configuration of tilted, corner-shared octahedra in a model
perovskite with the corresponding symmetry elements overlaid.
The rich compositional diversity of materials with the perovskite
structure suggests opportunities for correlative methods.

substantially less reliable when applied in any way
that is extrapolative.

4.2.  QSAR, neural nets and expert systems

Traditional or stochastic methods of QSAR analysis
such as forward regression, stepwise regression, prin-
cipal component or factor analyses [115-118] require
that

1. the number of features measured within the
experiment is large compared to the number of
parameters of the model,

2. the descriptor functions are not complex or non-
linear in their response, and

3. the descriptor functions are not strongly interre-
lated.

Recent developments have helped broaden, signifi-
cantly, the applicability of QSAR approaches.

A computational neural net (CNN) [123-125]
represents a system containing many highly inter-
linked nodes that captures the complex interrelation-
ships between an input set of data, the molecular
descriptors in this case, and the output, the corre-
sponding properties. A neural net is initially ‘trained’
on a set of ‘experiences’, input and output responses.
Neural nets have been applied to a broad range of
optimization problems, such as of refinery operation,
smart weapons targeting and traffic patterns (see, e.g.,
[126,127]. They have also been used to relate mixed
metal oxide compositions and characteristics to cat-
alytic performance [128]. Two key disadvantages,
though, of CNNs are opacity and irreproducibility —
even a net that has predictive reliability often yields
little insight into the fundamental physics of the
problem, and each training run will typically yield a
different network, even based on the same set of input
data.

Non-linear or non-stochastic models have been
used in a range of expert systems for the prediction
of performance and process variables, such as in steel
manufacturing, automotive design, and chemical pro-
cessing, in navigation and global positioning, pattern
recognition, such as for satellite image interpretation,
optical character recognition (OCR) in fax machines
and palm top computers, and in financial modeling
for guiding stock trading and equity flow (see, e.g.,
[129-131]).
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Genetic algorithms (GAs) mutate a discrete set of
parameter values for a given function, propagating
those mutations which represent a ‘fitter’ or lower cost
parameter set, and hence converging by ‘natural selec-
tion’ over a large number of ‘populations’ to the
optimal parameter values [122]. Genetic function
algorithms (GFAs) [125] mutate not only the para-
meters within a defined analytical expression, but also
the functions that comprise the analytical expression
itself and can therefore accommodate non-linear,
complex and even noisy data [119]. They output,
however, sets of simple descriptive functions that
can often be interpreted on a physical basis and
highlight the nature of any non-linearities. The effec-
tiveness of these simple functions can then often be
easily tested.

4.3.  QSAR for property prediction

QSAR is a proven vehicle for predicting a broad
range of macroscopic properties, including solution
phase behavior, partition functions, and diverse
polymer properties [132] such as glass transition
temperature [120], Young’s modulus and thermal
expansion  coefficient.  Non-linear = modeling
methods such as GAs and CNNs have been applied
to ceramics, semi-conductors, metals and alloys,
and matrix composites. CNNs and GAs have also
been used in calculations of potential energy sur-
faces for chemical reactions, by interpolating the
complex energy hypersurface, sampled at a small
number of discrete points by quantum or experi-
mental methods, using splines and non-linear
expressions. Blank et al. [133], for example, studied
the reaction surface for diffusion of chemisorbed
CO on Ni(1 11). Neural nets have been applied to
reactions that include Markovnikoff and Saytzeff
eliminations, and cyclo-, and Diels—Alder additions.
Recent advances in GAs and ring counting analyses
using Kier and Hall indices have also allowed QSAR
methods to be applied to metallocene polyolefin
catalysts.

4.4.  QSAR in analytical studies
Non-linear modeling methods such as CNNs, GAs

and clustering methods can assist in data classification
and pattern matching, applicable in areas such as

spectroscopy and chemometrics [134]. Munk and
coworkers [135] identified, for example, infra-red
(IR) peaks characteristic of particular side groups
and then used their occurrence in spectra to identify
the species present. Other spectroscopic applications
[136] include NMR [137], atomic absorption, IR and
UV spectroscopies. Spectral analysis tasks include
instrument geometry optimization, feature and differ-
ence feature identification, curve fitting and peak
decomposition. Non-linear fitting has, for example,
been used to interpret the laser spectroscopy of
alkanes, the near infra-red spectra of polysaccharides
and the Mossbauer spectra of iron containing minerals
[138]. In chromatography, various QSAR methods
have been used to relate the retention characteristics
on a particular column phase to the molecular char-
acteristics of the eluent [139,140]. Similarly, QSAR
models have been used to correlate the fragmentation
and charging patterns reflected in mass spectra with
molecular structural features. GAs have also been
exploited in structure solutions and predictions
[141-144].

4.5. QSAR summary

Linear and non-linear correlative methods, in com-
mon with other function optimization procedures, find
diverse applications; in the present context, this is,
indeed, one of their attractions. Some topical areas
include the use of CNNs and GAs for ‘experimental
design’ [145]; it is conceptually interesting to consider
applying statistical methods to the library of solutions
that a genetic function algorithm (GFA) yields, to
explore parameters such as diversity or consensus,
and to base choices for subsequent experiments on the
degree to which they are, based on a correlative
analysis, most likely to extend our knowledge of
the system.

Process design and optimization, as well as on-line
process control, require optimization of overall per-
formance by altering layout or operating conditions
and, possibly, feedstock composition, subject to a
complicated set of constraints. Such optimization
problems are well primed for the deployment of
correlative methods and exemplary application areas
encompass semi-conductor processing, steel rolling,
resin composite formulation, and catalytic reactor
optimization.
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Correlative methods, as embodied in QSAR tech-
niques, have a substantial history of successful appli-
cation in the rational drug design field. This well-
validated framework, extended by developments in
CNNs, GAs, GFAs and expert systems tools, offers a
fresh approach to many materials research and devel-
opment problems. Some early materials examples
validate this potential and set the stage for what is
expected to be an expanding number of practical
applications.

5. Building structural models to focus
experiment

5.1. Structure characterization

An atomic-level structural model is a usual starting
point, not only for further simulation work, but also as
the basis for any fundamental understanding or ratio-
nalization of catalytic behavior. Further, structural
characterization at the atomic level will likely be
required more and more frequently, in the process
of describing or defining a material or materials
class, such as is required for a composition of matter
patent application. Crystal structure determinations
are already generally required for drug molecule
patent applications, and the deeper insights into ana-
Iytical or performance characteristics that stem from
an atomic-level structural understanding can be an aid
in the patenting of inorganic materials also (e.g.,
[146]).

As noted above, simulation has been applied
broadly to structural characterization, which, for many
classes of catalytic materials can be difficult. For
example, planar faulting, to which several crystalline
microporous solids are prone, complicated the ana-
lyses of ETS-10 [147] and zeolite beta [148,149].

Cumulative structural data provide a rich founda-
tion for crystal structure model development, analysis
and design. Several crystallographic databases are
readily available, including the Cambridge Structural
Database (CSD) [150], the inorganic crystal structure
database and more specialized compilations such as
the metals and alloys databases, the database of sur-
face structures and the on-line atlas of zeolite structure
types (access to all of these data is possible via the
Internet; a suitably phrased search will yield the

URL’s for these sites and several others). The data
from each of these databases can be imported directly
into crystallographic modeling and simulation
packages, providing starting points for edits and other
model design approaches.

Structural edits may range from the adjustment of
atom types to account for atomic substitutions, to the
construction of supercells or derivative structures to
accommodate defined adsorbates or critical elements
of a particular system. As many analytical finger-
prints, such as powder diffraction, can be computed
dynamically from the developing model (Table 1), the
degree to which such edits increase the match of the
model with the characteristics of a measured system
can be gauged.

Crystallographic modeling tools have become stea-
dily more accessible and more useful [151], allowing
application to accelerated crystal structure design and
development [11]. Additionally, automated, Monte
Carlo based approaches to model development or
structure solution are quite promising. Notably, simu-
lated annealing techniques have been employed in the
determination of zeolite structures [9,10,152,153] and
in analogous applications [154—158] (Fig. 6). Recent
progress in using MC, MD and structure optimization
techniques for the location of non-framework cations
or anions within inorganic framework structures was
noted above.

For more disordered structures or amorphous struc-
tures, such as silicate glasses, microporous carbons
and transition aluminas, structural models are less
easily validated. A variety of methods, such as mole-
cular dynamics (MD), Monte Carlo (MC) or reverse
Monte Carlo (RMC) can be applied to general trial
structures. Geometric information, readily obtained
from the computer-generated models, such as bond
angle distributions (BAD) and radial distribution func-
tions, can then be compared with interpretations of
NMR, wide-angle X-ray or neutron scattering, or
spectroscopic data [159].

Validated in application to models of the crystal-
lographic bulk, classical and quantum mechanical
methods can be applied to local defect and surface
structures. Quantum mechanical treatments are dis-
cussed further below. Force field technology has been
applied frequently to calculate the relative energetics
involved in the creation of a variety of different
surfaces, the quantitative bases for predicting details
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Fig. 6. One of the many viable framework models developed as models for a new zeolite material (upper; stereoview, framework atoms drawn
as connections with adjacent nodes) and the corresponding simulated powder X-ray diffraction profile (lower: computed using apical oxygen

atoms introduced, automatically, at the mid-points of the T-T vectors).

of crystal habit and morphology [13,160]. The effect
of defect and sorbent interactions on such surface
stabilities may then be investigated [161].

5.2.  Hypothetical models

A prime advantage of simulation, and, in terms of
identifying ultimate materials properties, what may be
the most impactful advantage, is that it can be applied
as readily to hypothetical models as to those validated
for real materials. The reader can explore computa-
tionally which geometrical configuration will maxi-
mize the HOMO-LUMO difference, or yield the
maximal difference in interaction energies between
physisorbed molecules, or prevent attainment of a
transition state along an undesired reaction pathway.
These calculations may be performed whether or not a
synthetic route to instantiate the configuration is avail-
able; the results of the analysis should indicate

whether, indeed, such a synthetic pursuit would be
warranted.

There are few examples of this kind as yet in the
literature, largely because of a global emphasis on
validating molecular simulations directly against var-
ious direct experimental data. Santilli et al. [162] used
simulation to probe the influence of pore dimension on
the product selectivities obtained in hydrocracking of
long-chain alkanes in Pd-loaded zeolites with one-
dimensional channels. In the ratios of computed sorp-
tion heats for n-hexane and dimethylbutane, and in the
corresponding production of these isomers in hydro-
cracking, they observed a preference towards the
branched isomer at intermediate channel sizes, a
phenomenon they termed inverse shape selectivity.
Certain pore diameters, however, were not represented
in the slate of materials available. They therefore
performed the sorption heat calculations on hypothe-
tical models with the ‘missing’ dimensions, helping to
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identify whether a synthetic program targeted to pro-
duce materials with such pore dimensions would be
worthwhile.

6. Confidence in predicting local and extended
structure by density functional methods

6.1. Density functional theory background

Progress in first-principles quantum mechanical
methods has culminated in an unprecedented capabil-
ity to predict atomistic structures of molecules, solids,
and surfaces. Compared with experiments, present
theoretical and computational approaches allow the
prediction of interatomic distances with an accuracy
of some 0.04 A and bond angles within some 4° for a
wide variety of compounds. This confidence is based
on a large number of calculations for molecules and
ordered crystalline compounds, where accurate
experimental data are available. It is reasonable to
assume that the same level of accuracy is achieved for
defects, surfaces, and clusters or for systems at high
pressures, where experimental data are less accessible.

This current status is the result of systematic and
actually quite predictable developments over the past
decades. Three major milestones characterize this
progress, namely

1. the accurate calculation of the electronic structure
for molecules, solids, and surfaces containing any
element in the periodic table,

2. the evaluation of total energies and forces, and

3. the combination of molecular dynamics with ab
initio electronic structure methods.

Density functional theory (DFT) provides the
necessary framework to meet all of these require-
ments. This theory was originally intended for
extended systems such as bulk solids and surfaces,
but has proven to be successful also for isolated
molecules (e.g., [163]). It is this unifying aspect of
DFT which makes this approach particularly suited for
problems in heterogeneous catalysis.

Practical DFT implementations use either an all-
electron approach as, for example in methods such as
Dmol [164,165], Dgauss [166], deMon [167], Turbo-
mole-DFT [168] and Gaussian [170], and ESOCS, that
employs the atomic sphere approximation and aug-

mented spherical wave basis functions [170], and the
full-potential linearized augmented plane wave
(FLAPW) method [171] or pseudopotentials as imple-
mented in Turbomole [172] and plane wave programs
such as CASTEP [79]. For an overview of the various
methods, the reader is referred to articles such as
[78,79]. A notable feature of these various programs
is their availability, either as academic codes or with
full commercial support.

By now, these approaches are well understood and
tested. Density functional theory and the local density
approximation were formulated over thirty years ago;
the use of pseudopotentials dates back to the early
days of band theory; plane waves have gone hand-in-
hand with pseudopotentials since then. The first den-
sity functional total energy calculations on bulk solids
and surfaces were performed around 1980. However,
present calculations are distinguished in at least three
major aspects:

1. the level of confidence,
2. the computational efficiency, and
3. the inclusion of dynamical aspects.

The accuracy is mainly governed by the functional
used (local, non-local or hybrid), the type and quality
of the basis set(s) and pseudopotentials, if employed,
and the choice of other computational parameters such
as numerical integration grid, the density fit or the high
energy cut-off in the plane wave case. Both local
(LSD) and non-local (NLSD) versions of the method
allow for an efficient computer implementation. For a
system of N atoms (or, strictly, basis functions), the
computational time is expected to scale as some N°,
whereas the Hartree—Fock (HF) ab initio method and
the hybrid DFT-HF adiabatic connection method
(ACM) scale as N*. In the limit of large N, both
methods scale as Nz; however, for densely packed
systems representing heterogeneous catalysts, such as
surfaces or clusters, the LSD or NLSD approach can
be implemented as much faster algorithms than is
possible for the HF or ACM methods. Semi-empirical
programs are orders of magnitude faster than DFT
algorithms, but they are restricted in application, like
force fields, to the types of system for which they were
parameterized. On the other hand, DFT methods can
be applied to molecules, clusters and surfaces includ-
ing all the elements from periodic table. No adjust-
ment of DFT parameters is needed and an already
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large and growing applications literature validates the
useful accuracy of the DFT approach.

For molecules and clusters, the relatively new
hybrid DFT-HF adiabatic connection method
(ACM) appears to represent a significant advance
[173]. As implemented in Turbomole-DFT [168] or
its equivalent called B3P or B3LYP in Gaussian [169],
this hybrid scheme combines elements of Hartree—
Fock and Kohn—Sham methods. It was initially pro-
posed by Becke [174] as a semi-empirical combina-
tion of various density functionals together with a term
representing the exact exchange. The coefficients of
this formula were determined by the best fit to the
experimental data from Pople’s G1 set [175]. The
significant theoretical effort which followed provided
rigorous justification of the ACM approach within
exact DFT theory (see references in [173]).

The confidence in the DFT results is based on a
large body of calculations on bulk solids, surfaces, and
molecules. Accurate LSD calculations give equili-
brium bond distances typically within about 0.02 A
compared with experiment, except for weakly bonded
systems such as those involving hydrogen bonds or
van der Waals interactions, where computed bond
lengths tend to be too short. Relative energies, for
example between two similar adsorption sites of an
atom on a surface, are significant to within several
kcal molfl, or even better, on the LSD level. Current
gradient corrected density functionals give absolute
binding energies typically within several kcal mol ™'
and result often in better geometries for weakly
bonded systems.

The computational efficiency is the result of the
development of methods such as the pseudopotential
plane wave approach using conjugent—gradient tech-

niques for obtaining the LSD eigenstates. Additional
approximations, as introduced by the pseudopotentials
and truncations in basis sets, have been validated by
comparison with accurate all-electron approaches
such as the full-potential linearized augmented plane
wave (FLAPW) [171] and are thus well controlled.

6.2. Geometries — chemisorption on metal surfaces

Although the nature of the model to be simulated
guides the first choice of method, decisions about the
level of approximation to employ impact significantly
the computational cost and, frequently, the accuracy of
the results. Calculations on the simple, but technolo-
gically important process of hydrogen adsorption on
the Pd(1 0 0) surface, are illustrative of such issues in
probing chemisorption on metal surfaces (analogous
calculations on optimized cluster models have been
reported previously [88]). Several clusters were
employed (Fig. 7) to simulate H atom adsorption over
the 4-fold site of Pd(1 0 0), (C-position); 2-fold site
(B-position) and 1-fold site (A-position). The clusters
contain 5, 8 and 9 palladium atoms, for C, B and A-
positions, respectively (see Fig. 7). In each case all the
first neighbors in the surface surround the H adsorp-
tion site. Certainly, the size of the cluster and its mode
of termination may significantly influence results,
particularly for binding energies, which are known
to converge slowly with the size of the clusters [88].
Howeyver, these clusters are a reasonable test case on
which to compare relative adsorption sites as calcu-
lated by using various DFT-approaches.

Calculations were performed by using the Turbo-
mole-DFT program [168]. Local (Vosko—Wilk—Nusair
(VWN)), non-local (Becke—Perdew (BP)) and adia-

C-site B-site

A-site

Fig. 7. Cluster models of the immediately local environments of H atom adsorption on the prime sites on a Pd(1 0 0) surface; the C (PdsH:
C4v), B (PdgH: C2v) and A (PdoH: C4v) positions reflect 4-, 2- and 1-fold sites, respectively, for the H atom adsorption.
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batic-connection (ACM) spin-polarized calculations
were performed for clusters with and without hydro-
gen. The position of the H atom above the surface was
optimized in each case; the Pd atoms were fixed at the
(100) unreconstructed surface geometry. A split
valence+-polarization basis set for hydrogen and rela-
tivistic pseudopotential for Pd were used. The 4s, 4p,
4d, were active in the valence space, giving a total of
18 electrons per Pd atom. A standard numerical
integration grid and default convergence parameters
were used. The energies of clusters without hydrogen
were calculated using the spin-restricted DFT
approach and the same basis sets and other parameters
as in the case of presence of hydrogen. The results are
presented in Table 2.

The results from Table 2 clearly indicate that the
geometry of H in each adsorption site studied depends
little on the level of theory employed in the DFT-
calculations. The maximum differences are within
0.01, 0.02 and 0.03 A for C, B and A-positions,
respectively. Clearly, for many practical applications
this level of agreement is more than adequate and
indicates that the simplest DFT approach, the local
spin density method, may be used successfully to
study geometries of adsorbed species on palladium
clusters.

All the DFT-methods find the same 4-fold position
(C-position) to be the most stable adsorption site. This
is in full agreement with the experimental results
which indicate that the 4-fold sites are the preferred
hydrogen chemisorption sites on Pd(1 0 0) surfaces.
The B-position is less preferable by about

Table 2

Optimized geometry of H in C, B, and A positions above the Pd
cluster and the relative binding energies in kcal mol ' as a function
of the DFT-approach used

DFT method Adsorption site

C B A
Distance H-nearest Pd atom (A)
VWN 1.956 1.638 1.530
BP 1.962 1.649 1.543
ACM 1.957 1.629 1.513

Relative binding energies (kcal mol ")

VWN 0 12 33
BP 0 11 29
ACM 0 14 37

12 kcal mol ™" according to VWN calculations and
14 kcal mol ™' from the ACM study. Again the spread
of results of some 2 kcal mol ™' is probably not sig-
nificant. The A-position is clearly the least stable and
here the results from the different theory levels vary
somewhat more, by as much as 8 kcal mol ', Further
examination of the results for A-site absorption
reveals that for the BP case, the lowest electronic
state for the clusters was probably not yet attained, as
the Fermi statistics are not precisely maintained in BP
calculations (although they are in the ACM case). The
16al orbital of spin beta for PdgH (C4v) should
probably be occupied instead of the 6a2 orbital. This
results in a somewhat different electronic structure for
the ACM and BP clusters, which may contribute
somewhat to the binding energy difference between
the BP and ACM calculations. The lower binding
energy of BP corresponds to the longer bond distances
of H-Pd. Further optimizations of the electronic
structures of these clusters using BP functionals are
in progress, but the qualitative conclusions of this
work are not expected to change.

The present calculations indicate that the geometry
of the simple chemisorbed species, such as H, on metal
clusters is likely to be described well with the simplest
DFT-approach — the local spin density approximation.
Since all the methods confirm the 4-fold position to be
the most stable for H-chemisorption, we can have
confidence in using the more economical DFT calcu-
lations, such as in Dmol or FastStructure, to answer
basic questions on the geometry of chemisorbed spe-
cies or to locate preferred adsorption sites. Most likely,
use of a finite cluster model of the periodic surface, the
influence of which can be assessed by using larger
clusters or slab models, can impact results more than
that the improvement in the DFT Hamiltonian. These
conclusions may not hold if more complicated mole-
cules chemisorb on the surface and do, in general,
apply only to geometries, not energetics, particularly
when high accuracy is needed.

6.3. Structures via first principles molecular
dynamics

The inclusion of dynamical aspects is made possi-
ble by the accurate calculation of the forces acting on
each atom. This is particularly efficient in the frame-
work of pseudopotentials and plane waves, but it is
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also possible for all-electron localized basis set meth-
ods. This capability has opened the field of ab initio
molecular dynamics.

Since the original paper by Car and Parrinello [176],
progress on this frontier has been steady, but three
obstacles have now become clear:

1. current ab initio calculations are limited to
relatively small systems containing of the order
of 100 atoms,

2. only short time intervals, of the order of several
pico-seconds, can be simulated by ab initio MD
within a reasonable computational effort, and

3. the accuracy in energies still requires improve-
ments, especially in the calculation of reaction
barriers.

The size limit is not a hard boundary and systems of
over 1000 atoms have been tackled. Ab initio
dynamics has even been carried out for unit cells of
zeolites with methanol containing over 250 atoms
[75], albeit with a considerable investment in super-
computer time. Progress in computer hardware and
linearly scaling methods will extend this frontier
continuously. The limitation of very short time inter-
vals is perhaps more serious, and is often overlooked.
The pico-second range of ab initio molecular
dynamics methods compares with actual reaction
events which are infrequent and which can be 10
orders of magnitude slower. Few chemical conver-
sions are barrierless, and all processes that entail a
significant activation barrier are poorly sampled by
molecular dynamics. For this reason, our own appli-
cations of brute force molecular dynamics focus more
on determining structure and sampling low energy
conformations than on attempting, in an unconstrained
manner, to simulate chemistry.

In order to gain information about possible struc-
tures and conformations, ab initio calculations are, and
will remain, computationally demanding and time
consuming, especially as one needs to explore the
many degrees of freedom of a complex system such as
a catalytically active surface. While quasi-classical
methods based on empirical potentials work fairly
well for organic molecular systems and for ionic
compounds, it is hard to anticipate the possible errors
of these methods, especially for systems where little
experimental information is available. For these rea-
sons, significant efforts have been dedicated to the

development of methods which are rooted in rigorous
quantum mechanics, but introduce a sequence of well-
controlled approximations which allow one to find the
optimal balance between computational speed and
accuracy. A promising method is based on the Harris
functional [177].

As an illustration of this approach, we present a
simulated annealing study of the reconstruction of a C-
terminated B-SiC(0 O 1) surface [178]. Silicon carbide
offers an intriguing combination of mechanical, elec-
tronic, thermal and chemical properties. The com-
pound is well known for its great hardness, its high
thermal stability and melting point, and its chemical
stability. SiC exists in a cubic a-form as well as a
hexagonal B-form with over 170 polytypes with sig-
nificantly varying electronic properties. For these
reasons, SiC and its surfaces represent a fascinating
topic for experimental and theoretical studies. Despite
significant effort, many of the surface reconstructions
of SiC are not known or understood.

The 3-SiC(0 0 1) surface is modeled by a nine-layer
slab which is two-dimensionally periodic in the form
of a (2x2) supercell. The slab is repeated in the
direction perpendicular to the surface thus forming
a super-slab geometry.

The simulation is commenced from an ideal, unrec-
onstructed surface which is created by truncating the
bulk crystal (Fig. 8). Without bias, the simulated
annealing procedure leads to a dimerization of the
surface C atoms thereby creating a (2x1) structure
(Fig. 8). In this calculation, only superposed spherical
atomic densities are used to construct the effective
potential and the charge density is not iterated to self-
consistency [93,177]. Given the mixed covalent and
ionic character of SiC, this is a rather crude approx-
imation. It is surprising and reassuring to see that this
model already captures the major features of the
bonding mechanism, although the details of the geo-
metric parameters deviate from self-consistent calcu-
lations. For example, the C—C bond distance is found
to be about 1.20 A compared with the value of 1.36 A
reported for accurate self-consistent pseudopotential
calculations using Gaussian-type basis sets [179]. The
Si—C back-bond between the surface and sub-surface
atoms is obtained to be 1.94 A compared with 1.86 A
from the self-consistent calculations. In the interior of
the slab, the Harris functional gives a Si—C distance of
1.84 A compared with the experimental value of
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Fig. 8. Determination of the reconstruction of the C-terminated $-SiC(0 0 1) surface by the Harris functional methods implemented in the
FastStructure program. The left panel shows the unreconstructed surface and the right panel displays a snapshot of the simulated annealing

close to the final geometry.

1.883 A. The non-self-consistent Harris functional
approach gives the correct topology and deviations
between 0.04-0.10 A in bond distances compared
with fully self-consistent density functional calcula-
tions. This demonstrates that simplified, but para-
meter-free quantum mechanical approaches based
on the Harris functional can be used to identify the
topology of low-energy structures. Further geometry
optimizations using more accurate (and more time
consuming) methods can be applied subsequently to
refine the details of a structure and to obtain reliable
energies.

7. Probing reactivity, reaction mechanisms,
barriers and kinetics by density functional
methods

Post Hartree—Fock methods that employ high levels
of electron correlation yield the most accurate results
for relative energies, for the reaction profiles and
kinetics. They scale, however, as N", n>5, and can
be applied only to tiny models. Density functional
methods offer useful accuracy within practical time-
frames, and have been used to study a number of gas
phase and surface reactions that are prototypical of
reactions on heterogeneous catalysts. Development of
analytic gradients and force constants accelerates the
calculation of potential energy surfaces (PES)
[164,166,180].

The adiabatic connection method can improve the
accuracy of reaction barrier predictions significantly.
The OH+H,—H,0+H reaction, for example, exhi-
bits a barrier only at the ACM level of calculations;
other DFT approaches are clearly wrong in this spe-

cific case. The caliber of the ACM results depends on
the basis set used, the use of very extensive basis sets
lowering the ACM barrier for this specific reaction to
about 1 kcal mol™' which is now only in a qualitative
agreement with experiment.

7.1.  Using DFT to compute molecular reactivity

DFT is frequently used to predict qualitative proper-
ties of reactive species. Various properties, such as
volumetric displays of electron densities, electrostatic
potentials and Fukui functions, simulated optical spec-
tra, etc. help in the characterization of reactive sites
and species. For example, the evaluation and visuali-
zation of the electrostatic potentials in ketones [181]
or Fukui functions in amines [182] predict the sites in
the molecules susceptible to electrophilic attack.

A quantitative understanding of reaction mechan-
ism requires calculation of the potential energy sur-
face (PES) from which, by transition state theory
(TST), rate constants can be calculated. Potentially,
therefore, the efficiency of a catalytic process might be
predicted, although applications to date have been for
quite simple reactions, without, as far as we are aware,
any direct computation of catalytic effect. Transition
state theory permits the calculation of the PES to be
focussed on the reactant, product and transition states,
although it may be necessary to calculate the reaction
path connecting those points, and properties of the
PES in its vicinity. Fortunately, the absolute accura-
cies in the predicted structures and energies of reac-
tant, product and transition states are less important
than their relative positions on the PES.

The simplest, local functional (LSD) of DFT theory,
is capable of reproducing, for example, rotational
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barriers in hydrocarbons [166] or of identifying the
correct ordering of CO adsorption sites on a Pd surface
[183]. However, deficiencies of the LSD approxima-
tion are numerous, particularly when significantly
different points on a PES are compared, or when weak
intermolecular interactions are important. The pro-
blem seems to be more acute for chemistry, when
systems with very different electron densities are
compared, than for studies of the solid state, in which
cases the electron density is more uniform and com-
plies better with the prime LSD assumption of a
homogeneous electron gas. The LSD model assumes
that the exchange and correlation effects are indepen-
dent of inhomogeneities in the electron density, and
that they are short range; long-range dispersion forces
are absent in DFT calculations [184].

A significant improvement in accuracy of DFT
method to calculate PESS was achieved with the
advent of gradient corrected (known as NLSD or
GGA) DFT functionals [185-188]. The NLSD func-
tional includes gradients of the density in computing
the exchange and correlation terms, in addition to the
density alone. The most popular versions of NLSD,
such as BLYP [187,188] or BP [187,189] have con-
tributed to many successes of the NLSD approach. For
example, reactions involving 1,3-dipolar cycloaddi-
tions have unphysical, negative barrier heights at the
LSD level, whereas NLSD results lead to barriers
within 2 kcal mol™" of accurate, yet incomparably
more expensive MP4 calculations [190]. This and
other work [191,192] indicates that the NLSD
barriers are uniformly lower than those obtained from
high level ab initio calculations, such as MP4, poten-
tially reflecting an intrinsic inaccuracy of the DFT
approach.

The energies of the optimized structures of the
isomers and the transition states for various transfor-
mations of diazene [191,192] are compared in
Table 3. Clearly, all the barriers for internal rotation,
isomerization trans—cis and dissociation to H, and N,
are much lower than the MP4 results. Calculations by
Smith [193] using the G2 method, which appeared
about the same time, confirmed the initial NLSD
predictions. The G2 method [194] is considered the
most accurate method for small molecules and it is
capable of predicting the reaction energetics with an
accuracy of +2 kcal mol~'. This is a case where the
NLSD method performs well, in agreement with the

Table 3
Relative energies (in kcal mol ") for isomers and transition states
(ts) of diazene

Molecule VWN BP ACM MP4 G2
H,N=N 21 22 22 29 24
Isomerization ts 66 73 75 79 70
trans-HN=NH 0 0 0 0 0
Internal rotation ts 46 50 50 56 50
cis-HN=NH 5 5 5 6 5
Dissociation ts - 72 79 82 -

DFT calculations performed using Dmol (VWN, BP) and
Turbomole-DFT (ACM); MP4 and G2 calculations with Gaussian
92.

best ab initio calculations. LSD results predict quite
accurate relative energies of isomers, although the
transition states are somewhat less accurate.

Studies on several transition metal complexes have
confirmed the reliability of the ACM method in cal-
culating structures, energies and transition states. Such
systems can be considered prototypical of organome-
tallic homogeneous catalysts and heterogeneous cat-
alysts. Some of the systems investigated were: M ™,
MH*, MCH; ", MCH, ", M(CO),, where M spans all
of the first-row transition metals (see, the references in
[173]).

Although NLSD has been successfully overall in
predicting the reactivity of many organic and inor-
ganic processes, a growing number of failures have
been reported over the last few years, indicating a need
for more reliable functionals. For example, Raghava-
chari et al. [195] reported a complete reversal of the
energy ordering (in excess of 100 kcal mol ") for the
isomers of C,y, between MP2 and NLSD. NLSD
predicts barriers which are typically too low, and
disappear completely for reactions with low barriers
involving radicals. Neither LSD nor NLSD [196] were
able to predict the existence of a barrier in the radical
reaction OH+H,—H,O+H, for which a barrier of
3.0-4.6 kcal mol " is observed experimentally. LSD
(VWN) yields a completely attractive curve, of
—12 kecal mol ™! in the vicinity of the transition state
calculated ab initio. NLSD results are not much better,
the BLYP functional yielding a PES that is entirely
attractive, whereas BP at the 6-31G" basis set level
leads to a transition state with an insignificant barrier
of about 0.1 kcal mol ™', A calculation with a better
basis set removes even this tiny barrier.
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7.2.  Relative energies of different points on the
potential energy surface

A recent validation project has established the
limits of the ACM method in calculating various
points on a PES, including the relative energies of
isomers, binding energies and transition states
[168,173]. One hundred and eight small molecules
comprised of H, first- and second-row atoms were
calculated using several DFT functionals and various
basis sets. From the energies of the molecules and
corresponding atoms, the heats of more than 300
chemical reactions were computed. The reactions
include: atomization, bond dissociation, hydrogena-
tion, oxygenation, isomerization and isodesmic pro-
cesses. Overall, the ACM method as implemented in
Turbomole-DFT [168,172] is found to be superior for
geometries and energies. The results are summarized
in Table 4.

The Hartree—Fock method fails when bond break-
ing occurs or when different types of bonds occur in
reactants and products. Only for the hydrogenation
reactions are the results of an accuracy comparable
with other methods. The VWN (LSD) method is
inferior for all but isomerization and oxygenation
processes, but LSD is notably better in describing
the oxygenation reactions. Combustion processes
cause notorious problems for quantum chemistry
methods, including even the sophisticated G2 method
[194]. Analysis of the reaction components, namely,
0,, CO, and H,0, indicates that the atomization

Table 4
Mean absolute theory vs. experiment errors of heats of reactions
obtained using a large uncontracted Dunning basis set (kcal mol ")

Method AT BD HY (0),4 ISM ISD
HF* 119.2 58.8 8.5 44.5 6.9 2.5
MP2* 22.0 8.8 7.0 11.2 5.1 3.0
VWN 56.4 23.7 8.5 11.7 5.5 4.7
BLYP 7.1 52 73 15.0 45 29
BP91 7.0 5.4 53 15.9 39 33
ACM 4.1 44 3.7 14.6 4.1 3.0

Calculations were performed with the Turbomole-DFT program.
? These calculations were performed using smaller basis set, 6-
31G™.

AT: atomization; BD: bond dissociation; HY: hydrogenation; OX:
oxygenation; ISM: isomerization; ISD: isodesmic.

energy errors for these systems are both small and
of comparable magnitude, 1-3 kcal mol~'. However,
the signs of the errors are such that they are additive
and combustion reactions may exhibit a large error of
some 25 kcal mol™'. This is also the case for the
following combustion reaction calculated at the
ACM level.

CH;—CH=CH, + %02 — 3CO, + 3H,0

These examples demonstrate that a uniform error in
the PES energies is key to achieving accurate reaction
energies. The MP2 method is less accurate than the
NLSD and ACM methods for reactions involving
bond breaking. The two NLSD approaches are of
similar quality and, on average, exhibit larger errors
than the ACM method. However, the ACM method is
not an improvement over the NSLD methods for
certain classes of reactions such as oxygenation, iso-
merization or isodesmic conversions.

8. Data for process models

Designing, selecting and optimizing a chemical
process is a complicated endeavor involving a balance
between the laws of nature, manufacturing costs, and
the quality of the product produced. In order to screen
the possible engineering and operational space, pro-
cess simulation is employed [197]. Process simulation
programs allow the chemical engineer to construct a
virtual prototype of a chemical plant, assembling the
engineering for the underlying chemical processes by
connecting a sequence of unit operations that corre-
spond, e.g., to distillation columns, extraction units,
reactors, or mixers. In order to simulate the behavior
of any one of these operations, thermodynamic,
kinetic and mechanistic information is usually a
necessary input. Such data has historically come from
direct experimental measurements, from empirical
correlations, or by estimation.

Such data is calculable via atomistic models. Given
the cost of obtaining accurate experimental data, the
limitations of correlative methods, and the ever
improving price:performance ratio of computation,
the use of molecular models to predict thermochemi-
cal and thermophysical properties is becoming stea-
dily more attractive.
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8.1. Thermochemistry

Thermochemistry is a quantitative measure of che-
mical reactivity. The thermochemical change asso-
ciated with a chemical reaction is an important
indicator of whether a reaction is favorable, a com-
pound is hazardous, how much heat is released in a
reaction, or the stability of a material. Due to the rapid
development of novel chemical compounds and the
experimental challenges associated with measuring
their thermochemical data, theoretical estimates are
becoming the first source of this important informa-
tion for new materials. Typical thermochemical quan-
tities such as AH and AG of reactions and formation
can be estimated by both quantum mechanical and
group contribution methods.

Semi-empirical, density functional and traditional ab
initio levels of quantum mechanical theory have been
used to predict thermochemical data. MOPAC, using the
MNDO type Hamiltonians developed by Dewar and co-
workers [198,199], is the most widely applied semi-
empirical package. MOPAC is extremely fast at calcu-
lating heats for formation, AHj, and can handle mole-
cules comprised primarily of first and second row
elements. While fast, its accuracy is variable and

MOPAC is most useful for obtaining rough estimates
quickly and for qualitative trends. For greater accuracy
in thermochemical estimates, first principles quantum
methods [175,194] must be employed.

As noted above, DFT has become a valuable route
to thermochemical data (Fig. 9), with an accumulating
applications portfolio. The ACM has been found [168]
to be the most accurate DFT functional for predicting
the enthalpy changes for a series of chemical reactions
comprised of molecules containing first- and second-
row elements (Table 4). The mean absolute deviations
from experiment for 56 atomization reactions using
the best basis set was 3.0 kcal mol ™! (Table 4), which
is quite reasonable agreement considering the cost of
the calculations. The standard Becke—Perdew (BP)
functional using the same basis set on the same set
of atomization reactions gave results with an absolute
deviation of 5.2 kcal mol ™"

First principles approaches beyond Hartree—Fock
theory that include electron correlation effects (like
MP2, CI, MCSCF, GVB and CC) are necessary for
accurate energy calculations. These achieve higher
accuracy in predicting thermochemical information,
but at substantial computational expense relative to
DFT methods. It is becoming popular to take specific

Fig. 9. Key steps involved in the catalytic conversion of CH;I to CH3(CO)I by trans-Rh(CO),I,, which is used in the commercial production
of acetic acid from methanol (all activation energies given in kcal mol ™).
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combinations of these high level methods for geome-
try optimization, energy evaluation and frequency
calculation. The G1 [175] and G2 [194] methods
predict absolute errors for the same set of atomization
reaction of 1.6 and 1.2 kcal mol ', respectively. How-
ever, the computational cost of these approaches limits
them to small systems.

Empirical schemes have been used for many years
to estimate thermochemical data. Benson’s group
additivity method assumes that AH; can be estimated
by summing the contributions from individual groups
in a molecule. A group is defined as an atom or
collection of atoms and the types of atoms bonded
to it. This method is extremely fast to calculate and, in
general, yields good results when suitable group data
are available. Leveraging the value of high level, first
principles calculations, several studies have reported
Benson group parameters derived from G2 calcula-
tions rather than from experiment [200].

8.2. Kinetics

To estimate the rate of a reaction from first princi-
ples remains challenging. First, to estimate an overall
rate constant, the mechanism and the full set of
corresponding elementary reaction steps must be
determined. Next, for the each significant elementary
reaction step the transition state structure and energy
must be determined, preferably using quantum
mechanics. At this point there are essentially three
levels of sophistication for predicting an actual rate
constant. In basic transition state theory (TST) the rate
constant, k, is defined by the following equation:

k= QtS/QrseXp(_Ea/RT)v (1)

where E, is the activation energy for the elementary
step and Q, and Q, are the vibrational partition
functions of the transition and reactant state species,
respectively. This relatively simple theory provides a
first order estimate of k; in many instances it is the only
practical method. Even at this most basic level of
theory it is evident that the rate constant is acutely
sensitive to the value of E,, which must therefore be
estimated as accurately as possible. This level of
transition state theory was used, for example, to
estimate the rates of NO dissociation and recombina-
tion on cluster models of a copper surface (Fig. 3)
[91,92].

More sophisticated extensions, like RRKM theory,
include the effect of collisions between molecules in
the gas phase. This method was used in a recent study
of the reaction pathways for the decomposition of
GeH, [201]. Typically, for reactions in which the
potential energy surface is relatively flat near the
transition state (reactions with long lived transition
states) simple TST and RKKM theories begin to break
down. Information about the nature of the transition
state beyond its activation energy and vibrational
frequencies must be included. Variational transition
state theory accounts for higher order effects although,
unfortunately, it is limited to fairly small molecules.

8.3.  Thermophysical properties

Several approaches to calculating thermophysical
properties are available, including group contribution
methods, molecular based equation of state estimates,
and molecular mechanics methods.

Force fields provide an empirically parameterized
representation of the molecular potential energy sur-
face of isolated molecules and molecules in condensed
phases. In particular, Class II force fields have been
developed with the intent of representing molecules
well in all environments including the condensed
phase, and of supporting computations of finite tem-
perature behavior, such as equations of state, that are
useful quantitatively [202,203]. Molecular dynamics
calculations have been successful in calculating prop-
erties like solubility parameters, densities, and equa-
tion of state for liquids and polymers [204]. Monte
Carlo methods have been used to directly calculate
vapor-liquid and liquid-liquid phase equilibria using
the Gibbs ensemble method, a technique with promise
for being able to predict phase equilibria for a wide
variety of systems, especially those for which experi-
mental data are absent or which are difficult to access
experimentally.

9. Other opportunity areas
9.1. A systems view

A working catalyst exemplifies well two parallel
and general principles.

First, a significantly beneficial research result repre-
sents only one link in a long chain of steps that must be
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taken towards ultimate commercial implementation in
the field Fig. 9 (see, e.g., [205,206]).

Secondly, it illustrates the importance of a systems
view. The performance of a given catalytic system
represents the combination of a set of properties. A
given property is dependent on the geometrical struc-
ture of the total system, and of its components, both at
the atomic level (the ground state electronic structure
being defined by the geometrical structure) and at
longer length scales such as the mesoscopic. Structure
is controlled by the conditions of synthesis and pro-
cessing.

This systems view highlights the desirability, not
only of detailing each of these separate facets of the
system, but, particularly, of understanding the inter-
facet links, how the synthesis and processing condi-
tions affect the various structural attributes, how the
individual properties are controlled by the structural
details, how the combination of a defined set of
properties governs the overall catalyst performance.

9.2.  The challenge of synthesis

The reader can today design catalysts on the com-
puter. As in de novo drug design, software that is
readily available allows a user to construct, for exam-
ple, viable new zeolite frameworks with specific
compositions and pore architectures [10,11], to design
particular non-framework cation configurations, and,
in what is still today a small number of cases, predict
the likely chemical properties of a defined structure.
Molecular simulation can help identify the key dis-
crete features necessary for activity and responsible
for selectivity, and allow the effect of changes in these
features to be assessed.

Although catalyst design can be approached by
simulation, we are rarely able to implement such a
design and a design, no matter how elegant, is, without
a recipe for producing a material with those attributes,
purely hypothetical. Our knowledge and level of
control of synthesis is, in general, insufficient to
permit this translation into practice. Bulk synthesis
routes are diverse and include traditional ‘heat-and-
beat’ solid-state chemistry, post synthesis modifica-
tion by redox, by ion exchange, by adsorption or by
loading with other promotional centers such as dis-
persed noble metals. Perhaps most opaque, at least at
the molecular level, however, is the hydrothermal

synthesis of zeolites and other mixed metal oxides
[207]. Molecular level simulation, combined opti-
mally with the latest experimental insights, is expected
to be a major contributor to a growing understanding
of the molecular mechanisms of hydrothermal synth-
esis.

9.3.  Process improvement and troubleshooting

Often, the goal in a catalyst improvement study that
is benefiting from molecular simulation is not com-
plete replacement of a current system, but rather
reduced cost, improved activity or selectivity, greater
catalyst longevity, or better environmental compat-
ibility. Mechanistic insight into deactivation yielded
by molecular simulation might reasonably be
expected to provide pointers to routes to control or
circumvent catalyst deactivation by particular, identi-
fied mechanisms.

9.4. Accelerated experimental screening

The revolution in the pharmaceutical industry is
fueled not only by the emergence of genomics and by
the coming of age of molecular simulation, but also by
new, parallel and high-throughput approaches to
organic synthesis and screening. Combinatorial chem-
istry makes tractable the synthesis of large libraries of
different compounds, by the introduction of many
different possible substituents at each of several sub-
stitution points on a molecular scaffold.

Certain of these synthesis approaches and, particu-
larly, high throughput parallel screening methods will
have direct or indirect value in heterogeneous catalysis
research. As in the organic domain, the value of high
band-width experimental routes is enhanced dramati-
cally by complementary computational techniques for
library design and diversity assessment, for collating
and interpreting, on a sound atomic-level foundation,
synthesis and property evaluation results, and for
identifying attractive target areas for a shotgun experi-
mental chemistry approach.

9.5. Catalyst fabrication
Although the chemistry of heterogeneous catalysis

is fundamentally a molecular level phenomenon, prac-
tical implementation typically requires that, for exam-
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ple, catalyst formulation, support and matrix issues be
considered. As yet little considered from a molecular
simulation perspective, this area presents interesting
questions and opportunities.

9.6. A structured approach to bringing molecular
simulation to bear

Molecular simulation has been an already substan-
tial contributor to several areas of heterogeneous
catalyst research and development. To obtain best
value from molecular simulation as a technology,
however, demands a substantial level of expertise.
Specifically, to apply molecular simulation to helping
solve industrial problems requires that the appropriate
methods be brought to bear on the appropriate issues,
in the appropriate way. A general framework for this
process has been described [114], based both on direct
and anecdotal data. What is often key, is the initial
analysis of the clearly stated research problem or
business target [114]. The more complete this initial
analysis, and the better phrased the questions and the
corresponding follow-up items, the greater the like-
lihood of success in the overall project.

10. Conclusion

Combined with the other papers in this volume,
even this quite cursory overview highlights that het-
erogeneous catalysts have already been the topic of a
large number of molecular simulation studies. In one
sense, however, we are still at an early stage of
application. We are still accumulating fundamental
information about active sites from various new and
established experimental probes; many details are still
sketchy. We are only now beginning to have the
simulation tools needed to probe true catalytic chem-
istry; even today this technology is restricted to rela-
tively simple, carefully chosen models and they are
probably best applied by experienced practitioners.

Without any question, developments in methodol-
ogy and application will continue to be rapid, steadily
extending the complexity of systems that are tractable.
The several areas considered here, amongst others, are
well positioned to benefit from such developments.
Notably, however, the molecular simulation technol-
ogy that is already available can contribute substan-

tially to a catalyst R&D program, if it is applied
suitably to the appropriately phrased questions and
combined with the relevant experimental approaches.

When, five years hence, we look back over the
preceding period we will probably be at least as
impressed by the many innovative and practical appli-
cations of current capabilities as we are by the devel-
opment of new hardware and new software methods.
Given the typical time delay that separates an indus-
trial catalyst innovation from its discussion in the open
literature, it is, indeed, quite likely that several such
applications of molecular simulation are already
underway or completed.
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