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1. Introduction

Crystal nucleation and growth is at the heart of most
things solid, from the inanimate physical world to the
structural components and frameworks of living forms. Not
surprisingly there is an immense interest across disciplines to
gain a fundamental understanding of these processes with a
view to controlling and optimizing them and their conse-
quences, and to possibly predicting their outcomes. A key
focus is the earliest stages of crystallization, which is a major
determinant of the structure and hence the properties of the
resulting product. Despite all the interest, the mechanics of
the earliest stages of the crystallization still remain an
important fundamental problem.[1] The essential difficulty is
that the processes taking place at the atomic scale are barely,
or not at all, accessible to current experimental methods. The
situation, however, is anything but bleak, as computer
simulation based on atomic interactions can now provide
the required molecular resolution with the potential to yield
structural insights, dynamics, and estimates of thermodynamic
quantities, such as nucleation free energy barriers.

We review herein the role of molecular simulation in
underpinning the atomic processes characterizing the earliest
stages of crystallization in both simple and complex systems.
The processes of crystal nucleation and growth, by their very
nature (the former being a rare event while the latter is
characterized by a timescale longer than microseconds),
challenge the mainstay techniques of molecular simulation.
We begin with a brief outline of the main molecular-
simulation techniques indentifying their potential and equally
importantly their limitations for exploring nucleation pro-
cesses. We then focus on the recent exciting advances in
methodology and ingenuity that now enable problems in this
domain to be tackled which were hitherto considered outside
the scope of molecular simulation. The fundamental problems

of formation and stability of emerging
nuclei is an issue which is also common
to nanocrystals. Consequently we
include a section on applications of
simulation to the phase stability of
nanocrystals, and their interaction with
surfactant molecules that serve as
stabilizers. Throughout the Review

we highlight the notable mechanistic insights gained from
simulations.

2. Molecular Simulation

2.1. Molecular-Dynamics and Monte-Carlo Simulation

The basis for molecular simulations is the molecular
forces between atoms and molecules which are now suffi-
ciently well characterized. This knowledge of the forces
enables us to simulate the collective behavior of a specified
system as a function of time (“trajectory”), a system being
comprised of, for example, a collection of solute molecules in
a solvent. This method, known as molecular-dynamics (MD)
simulation, employs Newtonian mechanics to calculate the
evolution of the molecular system, which is dictated by the
interaction forces between the molecules.[2, 3] Simulations can
be carried out at constant temperature and pressure (the NPT
ensemble), hence enabling direct comparison of the results
with those obtained from experiments. Periodic boundaries
can be employed to remove unwanted surface effects. The
trajectories resulting from MD simulations reveal the
dynamic behavior of the molecules in the system and thus
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Exploring nucleation processes by molecular simulation provides a
mechanistic understanding at the atomic level and also enables kinetic
and thermodynamic quantities to be estimated. However, whilst the
potential for modeling crystal nucleation and growth processes is
immense, there are specific technical challenges to modeling. In
general, rare events, such as nucleation cannot be simulated using a
direct “brute force” molecular dynamics approach. The limited time
and length scales that are accessible by conventional molecular
dynamics simulations have inspired a number of advances to tackle
problems that were considered outside the scope of molecular simu-
lation. While general insights and features could be explored from
efficient generic models, new methods paved the way to realistic crystal
nucleation scenarios. The association of single ions in solvent envi-
ronments, the mechanisms of motif formation, ripening reactions, and
the self-organization of nanocrystals can now be investigated at the
molecular level. The analysis of interactions with growth-controlling
additives gives a new understanding of functionalized nanocrystals
and the precipitation of composite materials.
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provide direct mechanistic insights. Thermodynamic averages
are estimated on the basis of the ergodic hypothesis in
statistical mechanics, namely that the time average of
thermodynamic quantities (after the system has equilibrated)
can be related to the configurational average. An implicit
assumption in this case is that the system is able to evolve to
the equilibrium structure from the chosen initial configura-
tion, unhindered. It is pertinent to note that whilst a system in
the NPT ensemble tends towards low (Gibbs) free energy, the
actual value of the free energy cannot be readily obtained
from a standard MD simulation.

If the interest is primarily in equilibrated states or
thermodynamic averages (rather than a trajectory or a
pathway) the alternative approach to molecular dynamics is
Monte-Carlo (MC) simulation. In the MC approach, the
required molecular configurations are generated by means of
random atomic displacement moves, which are then accepted
or rejected using a potential-energy criteria based on
Boltzmann statistics, such as that of Metropolis et al.[4] MC
simulations can be carried out in all the standard ensembles
including NPT.

2.2. Molecular Models

The accuracy of the simulations depends on the accuracy
of the input parameters for the simulation, namely the chosen
description and, if appropriate, the parameterization of the
intermolecular interactions that define the model. The
interaction potential or forces may be calculated using first
principles (ab initio calculations), that is, a quantum-mechan-
ical description (which would be appropriate if, for example,
covalent bond making or breaking were involved), or if the
integrity of the molecule is maintained, using a more
approximate description, such as molecular mechanics. In
molecular mechanics the electrons are not treated explicitly
and the molecules are essentially characterized by a “ball and
spring” description. The form of the model interaction
potential (commonly referred to as the force field) for a
molecular system comprises two components: 1) an intermo-
lecular component, modeled by a van der Waals (typically
Lennard Jones) and a Coulombic term assuming pair-wise
interaction between particles, and 2) an intramolecular com-

ponent that includes bond stretching, angle bending, and
torsional rotation about bonds.[2] The atom-specific parame-
ters therefore include effective radii, well depth for the van
der Waals term, partial charges, and various force constants
for the intramolecular terms.

The force-field parameters are determined or derived from
a variety of sources (experimental and/or ab initio calculations)
and then often optimized empirically on the basis of how well
the simulations reproduced the experimental data. These
force-field parameters directly determine the accuracy of the
simulations. The general philosophy, however, is not to identify
a set of parameters that accurately describe the true interaction
potential for a particular molecule or molecules of interest, but
rather to define a limited set of parameters that are trans-
ferable between differing molecules. This approach, of course,
compromises accuracy for transferability. From the extensive
crystal-structure-prediction studies,[5] where the goal is to
ascertain the crystal structure given the molecular structure,
it appears the accuracy in “off-the-shelf” force fields, such a
AMBER,[6] GROMOS,[7] and CHARMM[8] and UFF[9] can be
variable. At the very least a set of force-field parameters should
be identified that reproduce the known liquid/solution and
solid-state properties of the material of interest to an accuracy
of about 5%. A failure in this respect would require that the
force-field parameters be optimized for the particular material
of interest.[10–12]

More specific force fields perform significantly better in
terms of accuracy, but are limited to dedicated classes of
materials, such as pure metals,[13] or metal halides[14] and metal
oxides.[15] Further up (in terms of scale) from the atom-based
force-field models are the coarse-grained models, where a
group of atoms (typically three to five atoms) are represented
by a single particle. These compromise chemical detail in
favor of more computationally efficient models that provide a
more generic understanding.

The choice of the model depends on the nature of the
problem, but there are technical issues that may effectively
determine this choice. The major limitations of the molecular-
dynamics simulation technique are the system size that can be
simulated and the timescales that can be accessed. Given a
modest computing resource, for a system for which the
electrons need to be considered explicitly, for example, first
principles MD, the current limit is approximately 1000 par-
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ticles simulated for 10–100 ps. For a force-field model the
current typical size is approximately 10 000–50000 particles
and simulation times reaching 10–100 ns. The system size and
simulation time are, of course, coupled that is, fewer particles
can be simulated for a longer time given a fixed computing
resource. So, if the desire is to access long time scales given a
fixed computing resource, then we must either reduce the
number of particles in the systems or reduce the complexity of
the interaction potential so that it is numerically efficient to
evaluate, or both. Coarse graining reduces the number of
particles in the system whilst keeping the number of
molecules fixed.

2.3. The Time- and Length-Scale Problem

Both crystal nucleation and growth challenge standard
brute-force MD simulations, but for different reasons. Crystal
growth is a relatively slow process, but is just accessible to MD
simulations for simple systems. Nucleation on the other hand
is an activated process belonging to a class of rare event
phenomena, and has a spatial dimension. For an aqueous
solution that is 10–20 % supersaturated, the nucleation rate is
of the order of one nucleus per cubic centimeter per second.
In contrast, the system size in simulations is of the order of
100 000 particles that occupy a simulation box with dimen-
sions of about 12 � 12 � 12 nm3 (estimated for an aqueous
solution), that is, we only sample a volume of about 10�24 cm3.
This equates to a nucleation rate of 10�24 s�1, that is, in our
simulation we should observe on average one nucleation
event every 1024 s, which equals 1016 years![16] MD simulations
currently barely access the ms scale. Clearly, a brute-force
approach involving standard MD simulations, where we wait
for the nucleation event to occur, will not work. The issue is
well illustrated by the study of Matsumoto et al.,[17] on the
spontaneous nucleation of ice, where they employed standard
MD to simulate a number of trajectories, each taking several
months on a supercomputing facility, of which only one was
observed to yield ice nucleation.

Given these challenges, can the processes of crystal
nucleation be simulated? More generally, can simulations
still add value to fundamental research on crystal nucleation
and growth? The way forward is to employ more directed
simulation methods and/or to focus on those aspects of the
problem which are amenable to simulation. The objective
then is not to simulate nucleation and/or crystal growth in a
holistic way but rather to employ simulation in a judicious
manner to explore particular amenable aspects of the
problem and then pool the learning.

Directed simulation approaches to nucleation generally
require the use of an order parameter that can distinguish
between a solid and a melt (or a solution). To drive the
simulation model to nucleate, the order parameter is gradu-
ally altered towards that characterizing the solid state using a
specified scheme. These methods can also yield the free
energy of the system as a function of the size of the nucleus,
thus giving access to the activation free energy for nucleation,
the critical radius, as well as structural insights. There are
many variants of directed simulation methods, the most

prominent being umbrella sampling, constrained dynamics,
and metadynamics.

Do we gain something for nothing with these directed
simulations? Apparently not as there is a trade off. In
directing simulations we make certain choices; we choose the
final state as well as the pathway. In reality a system may
nucleate by following an alternative pathway. Clearly, every
effort must be made to utilize order parameters that minimize
the bias in both the final state as well as the chosen pathway.
For example, a good order parameter for nucleation should
enable nucleation of any solid state irrespective of its final
structure, and hence enable the simulations to capture any
phase transformations along the way (a feature of Ostwald�s
rule of stages[18]).

There is an alternative unbiased approach, trajectory path
sampling (TPS), but for this we are required to simulate an
ensemble of trajectories. This method focuses on the nucle-
ation event itself, which occurs in a relatively short time, and
largely ignores the waiting time required for the spontaneous
formation of a nucleus. As a starting point, a single trajectory
that successfully (but see qualifier below) captures the
process of interest, in this case nucleation, from either
brute-force or directed MD, suffices. Further pathways are
explored by perturbing the preceding trajectories and follow-
ing them through both in the forward and backward direction,
giving rise to a MC type of sampling of trajectory space (not
phase space) with some of these trajectories being successful
in leading to a nucleation event. Hence, a manifold of
pathways each covering the nucleation event is obtained by
un-directed iteration. The TPS procedure is rather powerful
as it has been shown that even if the initial pathway is not
realistic (possibly owing to strong directing of the crystalli-
zation process), the procedure nevertheless evolves to
successful pathways with lower free-energy transition states.
Upon convergence of trajectory sampling, or at least ade-
quate relaxation from the initial route, TPS will hence provide
realistic routes for the process of interest that in principle may
be free from any bias.[19,20]

If the crystallization kinetics are not determined by the
formation of a critical nucleus, but are rather hindered by
solute diffusion towards forming an aggregate, focused MD
approaches may help to reduce the computational effort. By
accounting for solute diffusion in an implicit way, MD
simulations may be dedicated just to the important associa-
tion events and the structural relaxation of the aggregate.

The choice of an appropriate simulation approach to
investigate crystallization processes depends strongly on the
system of interest and the type of insights that are desired. In
the following, simulation studies of nucleation and phase
stability of nanocrystals are detailed with a focus on the
simulation methodology.

3. Nucleation

3.1. Classical Nucleation Theory and Its Limitations

At the microscopic level, liquids and solutions are
characterized by continual density fluctuations with respect
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to their components. In a supersaturated solution, these
fluctuations are thought to give rise to transient solute clusters
that may either re-dissolve or become stable and grow,
depending on whether they are smaller or larger than a
certain critical size. This situation implies a free-energy
barrier to the nucleation process, which is indeed reflected
experimentally in that liquids can be supercooled well beyond
their freezing points and saturated solutions exhibit a
metastable region in which nucleation does not occur,
provided the solution is free from impurities and is not
perturbed.

At a first glance the thermodynamics of crystallization
appear rather simple, being encompassed by the phase
diagram. Phase diagrams denote whether a compound
should crystallize or remain as a liquid or in solution as a
function of concentration, temperature, and/or pressure.
However, apart from phase stability, kinetic aspects are also
of significant relevance to many crystal-growth scenarios,
particularly when controlling (or possibly engineering) the
internal structure, crystallite size, and/or habitus. A funda-
mental approach to the kinetics of crystallization is given by
the classical nucleation theory (CNT) which is a simple, and
for many systems, an effective way to rationalize crystal
growth on a quantitative basis. More complex crystal-
formation processes which cannot be adequately described
by CNT are denoted as nonclassical nucleation and will be
addressed later. We focus herein on homogeneous nucleation;
for heterogeneous nucleation we refer the reader to a very
accessible account by Sear.[21]

Within CNT the energetic balance of crystal nucleation is
modeled by two competing terms as a function of solute
aggregate size. What favors the formation of a crystalline
phase is the gain in free energy (enthalpy if investigated at
constant pressure) that results when the material is organized
so as to yield the lowest energy structure. This process
requires the formation of an interface—between either the
nucleus and the melt or the nucleus and the solvent. The
overall energy is hence associated with an unfavorable
surface-energy term and a favorable bulk term that accounts
for the difference in chemical potential between the bulk
crystal and the melt or the solution.

In most applications of CNT, the nuclei are taken to be
spherical and the two energy terms are written as a function of
the radius. Since nuclei need not be spherical and could
exhibit a variety of morphologies, we outline a shape-
independent formulation of CNT. For this purpose, the
surface- and the bulk-energy terms are considered as a
function of the number of particles N in the aggregate. For all
regular shapes (e.g. cubes, polyhedra, spheres, cylinders,
prisms), N scales linearly with the volume whilst the surface
area scales with N2/3. This approach allows a shape independ-
ent description of the free energy per particle [Eq. (1)] where
m is the bulk energy per particle.

G Nð Þ ¼ csurfaceN2=3 � mN ð1Þ

Depending on the shape of the crystallite, this expression
may be transformed to the conventional notation based on
the radius of the nucleus. Hence, the conventional form of

CNT for a spherical aggregate shape is expressed by

N ¼ 1
4
3

p r3 and 4p r2g ¼ csurfaceN2=3

enabling Equation (1) to be rewritten as Equation (2)

G Nð Þ ¼
ffiffiffiffiffiffiffiffi

36p
3
p

� 1�2=3
� �

� g �N2=3 � m �N ð2Þ

where 1 is the particle density and g is the surface energy
density. Taking the derivative of this expression with respect
to the aggregate size defines the number of particles that
comprise a critical nucleus and the corresponding free-energy
barrier to nucleation [Eq. (3)].

0 ¼ dG Nð Þ
dN

�

�

�

�

Ncrit

) Ncrit, DG* ¼ G Ncritð Þ ð3Þ

The probability for the formation of a nucleus (hence the
rate) is then given by Equation (4)

Inucleation ¼ I0 exp �DG*

kBT

� �

ð4Þ

where I0 denotes the kinetic prefactor. The kinetic prefactor
may be assessed from investigating the average relaxation
time needed for the critical nucleus configuration to reach a
stable state (inverse of the decay rate). The direct assessment
of such relaxation times may prove very demanding in terms
of computational resources. We consider the alternative
approach developed by Auer and Frenkel to be more
effective.[22–24]

The central merit of CNT is that it links the kinetics of
nucleation to the interfacial and bulk free energies, and hence
provides a simple rationalization of what is in fact a very
complex process.[25] Whilst the theory has served well in
rationalizing experimental observations involving homoge-
neous and heterogeneous nucleation and yielding insights
into fundamental mechanisms, it often fails when it comes to
detail and quantitative comparisons. A core issue with CNT is
that it utilizes bulk thermodynamic quantities, the volume and
surface/interface free energies, and yet applies them to
clusters comprising tens to hundreds of atoms. We are
learning, in particular from simulations, that we cannot treat
emerging nuclei as tiny crystallites with bulk properties. At
the atomic scale, the picture of an idealized periodic structure
is not only a drastic simplification, but perhaps completely
wrong. For such small structures we are probably dealing with
a manifold of transition states, which might be poorly
represented by just a single critical-nucleus configuration.
Furthermore, simulations show that the nucleus–melt or
nucleus–solvent interface tends to be diffuse adopting a
structure that minimizes the interfacial free energy.[26] There is
increasing evidence that solvents pre-select particular molec-
ular motifs (growth units or synthons) that go on to appear in
the crystalline form, rather than the solvent just affecting the
interfacial free energy of the emerging nuclei in a general
way.[27] Also, it remains difficult to rationalize how trace
impurities promote or inhibit nucleation within a framework
based on CNT.
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Perhaps the biggest challenge to face CNT is the idea that
nucleation can be a multi-stage process. There is a large body
of experimental data which indicates that under certain
circumstances, nucleation of crystallites appears to occur by at
least two distinct stages, the formation of a stable disordered
cluster or a mesocrystal and subsequent nucleation of the
crystalline phase within the cluster (by a structural trans-
formation).[28–31] This nonclassical nucleation behavior may be
considered as a special case of Ostwald�s step rule[18] (with
Stranski�s and Totamov�s qualification[32]), which proposes
that the phase that first nucleates is that with the lowest
energy barrier, and the system then evolves stepwise to the
most stable phase. The subsequent evolution of different
crystalline structures involving solid–solid phase transitions
must involve a nucleation step at each stage, albeit in a solid
matrix. How this occurs and the associated energetics largely
remain a mystery, though recent studies have started to shed
some light on this issue. Indeed, for directed MD approaches
relying on a liquid–solid order parameter, many aspects of
such processes are elusive and might simply remain unnoticed
because free-energy differences can only be calculated along
the model reaction coordinate. Solid–solid transformations
may not give rise to changes in the order parameter even
though the free energy is not constant. Hence, in such cases,
the free-energy profile obtained may be severely wrong.
Clearly, to deal with the various limitations of CNT and
nonclassical aspects of crystal nucleation we need to focus on
the microscopic nature of molecular clustering and even on
individual molecular interactions.

3.2. Brute-Force Molecular Dynamics Simulations of Pre-
Nucleation Processes and of Nucleation

3.2.1. Realistic Models

Despite the acknowledged difficulty of observing nucle-
ation in MD simulations, researchers continue to explore the
possibility, often making some judicious decisions regarding
the choice of system and variables (e.g. supersaturation,
under-cooling) in a bid to make the process accessible to
simulation. Perhaps the most celebrated study is that of
spontaneous nucleation of ice,[17] which required years (sum
total) of supercomputing resource. Homogenous nucleation
of ice at the subsurface for a system with a water–vapor
interface has also been simulated,[33] as has nucleation of NaCl
from the melt in nanodroplets.[34] Other notable studies
include simplified models of acetic acid in carbon tetrachlor-
ide (no ordered structures were observed)[35] and NaCl in
water (simulations yielded crystallites of rocksalt struc-
ture),[36] for both of which solute aggregation was promoted
by enabling the solvent to evaporate.

More promising is to employ MD simulations to under-
stand the molecular interactions and clustering that may
precede nucleation. A number of studies on a variety of small
molecules including saccharin, sulphathiazole, and dihydroxy-
benzoic acid, suggest that particular molecular-packing motifs
that appear in the resulting crystals may in fact be present in
solution prior to nucleation.[27] In protein crystallization, there
are examples of the crystallizing units being oligomers rather

than monomers; insulin is known to exist as either dimers or
hexamers in supersaturated solutions.[37] Further, it appears
that a particular solvent may in fact pre-select a motif, for
example, dimers, and hence determine the resulting crystal-
line form. A better understanding of the molecular pre-
assembly may enable us to manipulate nucleation by way of
solvent choice. Other than a few simulation studies, the
notable ones being concerned with solution chemistry and
crystal formation of tetrolic acid[38, 39] and 5-fluorouracil,[40]

this area of research remains largely unexplored by simula-
tions.

Furthermore, studies related to pre-nucleation processes
are of considerable value for the rationalization of nucleation
hindering by additives in the solution. A prominent example
of such investigations employing realistic models is given by
the work of Parrinello and co-workers on the precipitation of
CaCO3 from aqueous solution and the effect of polyacrylate
ions. In this work, the detailed exploration of the association
of just a few ions proved sufficient to provide conclusive
mechanistic insights.[41,42]

3.2.2 Simple Generic Models

The simplest model employed in molecular simulations of
crystallization is the hard sphere. This model is often
considered as academic, but it has an experimental analogue,
the hard-sphere colloid, the crystallization of which has been
extensively studied experimentally.[43] The next level of
sophistication is a soft particle with a continuous short-
ranged interaction potential, a specific version being the
Lennard-Jones (LJ) particle with a 12-6 potential (the
repulsion scales by r�12 and while attraction scales r�6). The
choice of the exponents in the interaction potential deter-
mines the degree of softness of the particle; higher values of
the exponents yield a harder particle. The LJ potential (12-6)
itself corresponds to the noble gases. These models offer
computational efficiency but may also provide correspond-
ence with a particular class of materials (rather than a specific
material).

The earliest MD simulations of nucleation utilized both
hard spheres as well as Lennard-Jones particles and focused
on nucleation from the melt.[44] To investigate crystal nucle-
ation from solution, the identification of an appropriate
model is somewhat more challenging.[45, 46] At least two
species of particles are required to mimic the solute and the
solvent. Moreover, at a defined temperature and pressure
only the solute must crystallize whilst the solvent remains in
the liquid state. This situation was successfully implemented
by characterizing the solute and solvent species as LJ particles
but with differing parameters.[45] The key to selecting the
appropriate parameters was the LJ phase diagram which had
been calculated earlier[47] (a simulation tour de force in its
own right). Thus the parameters and thermodynamic con-
ditions could be chosen such that the solute species yielded
the solid phase, whilst the solvent remained in the liquid
phase.

Starting from a configuration in which the solute particles
were interdispersed in the solvent, Anwar and Boateng
observed the rapid clustering of the solute species to form an
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amorphous structure.[45] The amorphous structure then under-
went self-organization in favor of crystalline motifs. These
formed in a sequential manner, hinting at an Oswald step rule
type of process. The observation of an amorphous liquid-like
structure in these and other simulations is significant, being
now linked with similar observations in real systems, such as
“oiling out” in crystallization of small organic solutes,[28] dense
liquid-like phases observed during protein crystallization,[30]

and the direct observation of a dense liquid-like precursor in a
2D colloidal model system.[29]

The combined insights from simulation coupled with
experimental data have now led to a new perspective on the
mechanics of nucleation. The idea implied in CNT, that the
fluctuations in density that cause nucleation are simultane-
ously coupled with ordering of the solute molecules has been
relegated to being only applicable to a specific case. The
insights suggest de-coupling of the density fluctuations from
the ordering of the solute molecules. Thus, a density fluctua-
tion may give rise to a metastable high-density liquid-like
phase (stabilized by a low interfacial free energy) rather than
directly to an ordered structure. The segregated solute then
proceeds to order in a subsequent process.[30] Hence two
barrier crossing events are encountered 1) the barrier to
solute segregation and 2) the nucleation barrier.

More recently, the Lennard-Jones nucleation study has
been complemented by including designer additives into this
solute–solvent system, which has enabled the elucidation of
the general mode of action and design rules for additives that
promote or hinder crystal nucleation.[45] This result is quite a
breakthrough given that this area of research was essentially
devoid of testable ideas, except for the predominant (but
inappropriate) view that nucleation modulators acted in much
the same way as crystal-growth modulators that is, molecular
recognition being the important feature. The key determi-
nants of an additive that can modulate crystal nucleation
appear to be 1) its strength of interaction with the solute, 2) its
disruptive (which may be steric, entropic, or energetic-based)
or templating ability, and 3) its interfacial properties. For
example, an effective nucleation inhibitor should have a
strong interaction with the solute and have a structure that is
able to disrupt the periodicity which characterizes the
emerging nucleus. A strong affinity for the solute (relative
to solvent and itself) not only ensures that the additive
molecules end up within the emerging solute aggregates, but
also serves to disrupt the crystal packing by forcing the solute
particles to align themselves around the additive at the
expense of the solute–solute interactions and packing. These
pre-requisites of having a strong affinity for the solute and a
disruption capability are quite different from those required
for crystal-growth inhibition. Figure 1a illustrates the effect of
a large single-particle additive in disrupting the emerging
lattice and inhibiting nucleation, whilst Figure 1b shows an
amphillic dimer molecule that promotes nucleation.

A somewhat similar study was performed by Cacciuto and
Frenkel focusing on colloid nucleation on a variety of
template surfaces.[48] This work also describes an extension
of CNT to nucleation on surfaces, aspects of which we
consider to be applicable to heterogeneous nucleation
scenarios in general.

While these studies demonstrate the potential of simpli-
fied models, the time- and length-scale problem persists even
for these computationally efficient particle systems. Indeed,
the standard MD simulations described above were per-
formed at strong supersaturations to accelerate the crystal-
lization. The occurrence of rare events such as nucleation, can
indeed be enhanced by subjecting the system to a high
chemical potential (by way of supercooling, application of
pressure, or supersaturation) but care has to be taken in
interpreting the results. Insights from simulations at a high
chemical-potential difference may, for example, be applicable
to typical production conditions, such as batch crystallizers or
crystallization by spray drying, but are unlikely to character-
ize protein crystallization where the thermodynamic driving
force may be lower and crystallization occurs over days to
months. Excessive driving of a process may easily lead to
important intermediates being skipped or even cause the
system to follow completely different mechanistic routes from
those important at a low chemical-potential difference.

3.3. Directed Simulations of Nucleation

About ten years ago, Frenkel and co-workers pioneered
the study of nucleation from the melt by means of directed
simulation methods. The initial studies utilized hard spheres
and LJ particles,[22–24,49] but later studies have included
NaCl.[50] Other researchers have used the methodology to
study nucleation in ice,[51–53] diamond,[54] and aluminum.[55]

Figure 1. Case studies of aggregation from solution in the presence of
additives. a) solute-philic additives (gray spheres) of a misfitting
(large) radius disturb the ordering within the emerging solute nucleus
(red spheres) by forcing the solute particles to align themselves
around the additive at the expense of the solute–solute interactions
and packing. b) additive dimers (gray) of amphiphilic character lower
the solvent–aggregate interface energy and hence promote crystal
nucleation. For clarity, the solvent is not shown in both pictures.[45]
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Directed simulations employ an order parameter F, which
is a function of the coordinates of the crystallizing species. A
particular value of the order parameter F = n0 would
characterize the disordered structure, that is, liquid or solute
randomly dispersed in a solvent, whilst another value F = n1

would characterize a crystalline structure. Directed simula-
tions systematically coerce the system to follow a structural
evolution from the disordered to the ordered state, as the
value of the order parameter is ramped up from n0 to n1. It is
critical that the chosen order parameter clearly discriminates
the disordered liquid or solution state from the end-state
crystalline structure. While the optimal choice of the order
parameter F would be the real reaction coordinate for
nucleation, lacking such detailed information, the order
parameter, and hence the model reaction coordinate, must
be predefined as a reasonable guess. As mentioned earlier,
this is a crucial issue as the desired free-energy profile can
only be assessed as a function of the model reaction
coordinate, and poor reaction-coordinate models will lead
to energy profiles that are not representative of the nucleation
process. Examples of F are the radius of the nucleus or the
number of solute molecules that are separated from solution;
these in turn are, of course, a function of the criteria for
identifying whether a specific particle is in the solid state or
otherwise, which also is not a trivial task. Frenkel and co-
workers employed more versatile order parameters based on
spherical harmonics to describe nearest-neighbor interactions
using a local bond-order concept that takes into account both
distance and the angular distribution of the interactions[49,56]

For simulating the nucleation of NaCl from the melt[50] the
number of solid-like particles in an emerging cluster was
assessed using the Steinhardt local bond-order parameter
Q4.[56]

In a directed simulation, the standard method (be it MD
or Monte Carlo) is complemented with a bias potential,
typically a harmonic term of the form U = (F�F0)

2, to drive
the simulation to a desired value of the order parameter, F0.
A particular value of F0 identifies a desired state somewhere
between the liquid (or solution) and the formed crystal. A
series of such simulations (or a single set of parallel
simulations exploiting efficiency-enhancing techniques, such
as parallel tempering) are carried out to sample the entire
nucleation process. The generic application of a bias potential
is termed “umbrella sampling” and hence the above method-
ology goes under the same name. A recent variation on this
technique is metadynamics,[57] which explores the configura-
tional manifold of a system with a small set of descriptive
coordinates. The metadynamics approach continuously dis-
favors regions in phase space such that otherwise stable states
are abandoned. However an important limiting factor is that
the free-energy profiles are obtained as a function of the
previously chosen set of descriptive coordinates. A series of
applications have been reported mainly for crystal-structure
prediction,[58–60] but there is also a recent application to ice
nucleation.[61]

The directed simulation studies, particularly of Frenkel
and colleagues, have provided extensive insights into the
nucleation process. These simulations have highlighted and
confirmed some of the limitations of CNT, namely, that the

interface between nucleus and melt need not be sharp but is
more likely to be diffuse, that the structure of the interfacial
atoms may be consistent with one phase (to reduce interfacial
free energy) whilst the inner core of the nucleus could be
another phase,[24] and that the nucleus is often not spherical
and in some cases is strongly faceted.[55] Some of these
features are borne out in experiments on colloidal particle
systems for which nucleation can be observed directly.[29]

A particularly notable contribution employing directed
simulations concerns the origin of the “crystallization
window” in protein crystallization.[62] At low supersaturations,
crystallization is rarely observed while at higher supersatura-
tions, above a certain limit, amorphous precipitation occurs. It
appears that the crystallization window is linked to a
particular region in the protein phase diagram.[63] The
behavior of colloids in solution can be mapped onto a
molecular phase diagram with the dilute colloidal phase
corresponding to the vapor, the dense phase to the liquid, and
the colloidal crystal to the solid phase (Figure 2). The phase
diagram of globular proteins does not show a vapor–liquid,
that is, a fluid (low density)–fluid (high density), coexistence
line or a triple point. This feature does not rule out a
metastable fluid–fluid coexistence line below the stable fluid–
solid curve. The simulations employed a modified LJ
potential to model a globular protein and calculated the
free-energy barrier to nucleation at four distinct points on the
protein phase diagram as indicated in Figure 2. The results
were significant in that the nucleation barrier decreases and
hence the kinetics of nucleation are considerably enhanced
close to the metastable fluid–fluid critical point because of the
presence of large density fluctuations, confirming the crystal-
lization window and suggesting a strategy for identifying
optimum conditions for protein crystallization. The increase

Figure 2. A) Typical phase diagram of a molecular substance charac-
terized by a Lennard-Jones potential (inset); dashed line: triple point;
^ vapor–liquid critical point. B) Phase diagram of a protein colloid
with short-ranged attraction (inset), which does not show a stable
fluid–fluid coexistence (corresponding to the vapor–liquid coexistence
in a standard phase diagram) or a triple point. The dashed curve
in (B) indicates the metastable fluid–fluid coexistence. Crystal-nuclea-
tion barriers were computed for the selected points (&). The nuclea-
tion barrier was found to be significantly lower (indicating an
enhanced nucleation rate) in the vicinity of the metastable critical
point. Figure reproduced from Ref. [62] with kind permission of
Science.
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in protein nucleation rate in the vicinity of the metastable
fluid–fluid critical point has been confirmed in experiments
on lysozyme.[64]

Another success story of directed simulations is the
simulation of ice nucleation. Radhakrishnan and Trout
employed a combination of the Steinhardt two-body (Q6)
and a three-body tetrahedral bond-orientation order param-
eters to nucleate ice and to calculate the associated free-
energy barrier for the TIP4P model of water using umbrella
sampling.[51, 52] The hexagonal form of ice Ih was observed in
all cases. The nucleation barrier was calculated to be to be 54,
58, and 63 kB T at temperatures of 140, 160, and 180 K, which
as expected is significantly higher than the corresponding
value for Lennard-Jones fluids which is approximately 20kB T.
The freezing point of the TIP4P water model is 232 K at
1 bar.[65] The process of ice nucleation was also tackled using
the alternative method of metadynamics with a similar set of
order parameters but also including potential energy, again
using the TIP4P water model.[61] These simulations yielded a
higher nucleation barrier, 79 kB T at 180 K and the cubic ice
phase Ic, rather than the hexagonal phase Ih observed by
Radhakrishnan and Trout. The differences have been largely
attributed to the small system sizes simulated relative to the
size of the nucleus, and the consequent effect of the periodic
boundaries of the simulation cell.

Despite these successful applications, a consistent under-
standing of the nucleation of ice clearly still eludes us. There
remain issues of what might be an appropriate order
parameter for enabling competitive growth of the two ice
phases Ih and Ic.[53] Also, simulation systems need to be larger
to minimize periodic boundary effects. The physical picture
being proposed is that of a two-stage process.[53] Initially, short
tetrahedrally arranged threads and rings of water molecules
emerge and become correlated to form a diffuse ice-genic
network. Later, hydrogen-bond arrangements within the
amorphous ice-like structure gradually settle down and
�tune-in� neighboring water molecules, resulting in an ice
core that spreads throughout the system.

While the application of directed approaches to nuclea-
tion is elegant they remain technically challenging, we note
that there are no applications to molecular crystals of any
significant size, other than ice nucleation. The essential
challenge lies in identifying an appropriate order parameter
that can discriminate between the liquid/solution state and
the solid, without specifying a particular crystalline structure.
The point is that it is essential not to predefine a model
reaction coordinate that yields a particular crystalline form.
In the real world the system may not nucleate directly to this
structure and the choice of the model reaction coordinate
could be inappropriate. Therefore, although the system is
being directed to nucleate, the choice as to which solid-form,
crystalline or otherwise, nucleates, whatever precedes nucle-
ation, and subsequent transitions post nucleation should be
left unbiased. To make matters worse order parameters tend
to be system specific. While Frenkel et al. have been
successful in identifying “unbiased” forms of order parame-
ters for the close-packed structures of colloids that have been
investigated, identification of an appropriate order parameter
for water, for instance, still remains a challenge.[51–53,61]

Despite the progress, for many systems, comparisons with
experiment (particularly kinetics based on CNT) reveal
severe shortcomings, and it is not entirely apparent whether
the problem lies with simulation methods or the applicability
of CNT. Even a simple generic model of polar soft spheres has
a complex nucleation mechanism involving different types of
ordered structures.[49] Whilst, in principle, the underlying
competition between different crystalline motifs is accessible
to directed MD simulations, the choice of the order parameter
however remains an unresolved problem. Hence, to inves-
tigate the evolution of different structures in the spirit of
Ostwald�s step rule, or the formation of an amorphous or a
mesostructure and its subsequent reorganization, unpreju-
diced approaches are desired.

3.4. Unbiased MD Simulation Approaches to Nucleation
Processes

The direct investigation of structural changes of an
aggregate whose evolution follows Ostwald�s step rule
would imply long-term MD simulations. As these are
unfeasible for most systems, an intuitive way to promote the
crossing of the energy barrier(s) to induce reorganization is
given by imposing strain or by simulated elevated temper-
ature. Such strategies may also be used to obtain realistic final
configurations from artificially prepared states. A demon-
strative example of this strategy was recently given by Thi
et al.[67] for the formation of a nanocrystal from an amorphous
structure. By inducing tension and high temperature to a
cubic block of MnO2 the model was first amorphized and then
allowed to recrystallize whilst lowering temperature and
switching off the tension. On this basis, nanocrystals may be
promoted to an amorphous (or even molten) state of high
atomic mobility. The subsequent recrystallization is not
biased by constraints along a predefined order parameter,
but it is clearly heavily influenced by the rapid nucleation
from a state that is strongly disfavored thermodynamically.

Many of the limitations of brute force methods and
directed approaches mentioned above may be overcome by
the method of transition-path sampling (TPS), introduced by
Chandler and co-workers[68, 69] or its variations, such as
transition interface or forward flux sampling. These tech-
niques have been developed specifically for so-called rare
events such as nucleation, where there can be a long wait for
the process to initiate, but once initiated the process goes to
completion relatively quickly. TPS focuses the MD simula-
tions on the rare event itself, that is, the relatively short time-
interval in which the process of interest takes place and
largely ignores the lengthy waiting period required for the
process to initiate, which is typically inaccessible by uncon-
strained simulation.

As a prerequisite to TPS iterations, a starting trajectory (a
set of configurations each comprising atomic coordinates and
velocities as a function of time) of the rare event is needed.
The initial trajectory or pathway need not be a favorable one
and is typically prepared artificially. During a path-sampling
iteration, a configuration of the system at a particular time is
taken from the preceding transition pathway and perturbed
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either by slightly modifying the atomic coordinates or the
velocities whilst keeping the total momentum, torque, and
free energy of the system unchanged. The modified config-
uration is then propagated in both directions in time by MD
simulations and the resulting trajectory is checked to see
whether it does span the process or event of interest. In the
case that the desired event is covered by the new trajectory,
this trajectory is then chosen for generating further trajecto-
ries. Harvesting successful trajectories in an iterative manner
leads to a manifold of dynamic pathways, each reflecting a
possible transition route.[68,69]

To study nucleation an individual configuration from an
earlier nucleation simulation would be taken. This configu-
ration may be from a directed simulation utilizing a biased
potential or an order parameter to induce nucleation. The
configuration is then slightly perturbed and propagated using
MD in the forward and backward directions in time. A
successful trajectory would be one which bridges the initial
disordered state (liquid or solution) and the nucleated state.
Unsuccessful trajectories would be those that converge to a
disordered state in both the backward and forward directions,
nucleate in the forward direction but do not converge to a
disordered state in the backwards direction, or vice versa. The
successful trajectory would then be perturbed for the next
iteration. The collection of successful trajectories represents
the possible pathways by which nucleation could proceed.

This sampling of transition pathways reflects a Monte-
Carlo simulation in trajectory space and—after conver-
gence—the likelihood of a specific mechanism may directly
be related to its probability of occurrence in the manifold of
successful transition pathways. Less-preferred pathways or
mechanisms are associated with larger barriers and would
appear only rarely during conventional transition-path sam-
pling. Unlike the first nucleation pathway which needs to be
prepared artificially, the mechanistic analysis is performed
after convergence of the transition-path sampling procedure
and is therefore not biased from predefinitions. This feature
makes transition-path sampling a very powerful tool using
MD simulations for investigating reaction mechanisms of rare
events or processes.

TPS is particularly suitable for crystallization processes
which are not limited by diffusion, but triggered by a single
energy barrier. Such characteristics may be encountered for
nucleation from the melt, but typically not for aggregation
from solution. For example, Moroni et al. investigated crystal
nucleation from the melt using TPS yielding an insightful
analysis of the corresponding transition-state regime.[70] The
analysis revealed considerable differences in both size and
shape of the critical nuclei for the various different crystal-
formation pathways. Hence, the often used picture of a single
critical nucleus (that forms the basis of CNT) appears to be a
rather gross simplification, which needs to be replaced by a
manifold of transient states resulting from a collection of
different crystallization pathways.

TPS simulations have also been extended to investigate
the interaction of impurities with nucleation processes. A
recent TPS study explored the interplay of crystal nucleation
and impurity segregation[71] in molten NaCl, incorporating F�

and Br� ions as impurities. Comparing the eutectic system

(NaCl/NaF) to nucleation of pure sodium chloride or solid
solutions (bromide incorporation) the underlying atomistic
mechanisms were identified. In particular, crystal nucleation
was found to occur in regions of the melt that are sparse of
unfavorable impurities, with subsequent crystal growth and
impurity diffusion being strongly correlated so that incorpo-
ration of the impurity in the crystal is avoided.

Although there is one study on transition-path sampling
of ion aggregation from solution,[72] there are strong limita-
tions imposed by diffusion-controlled processes. This problem
is absent for crystallization from pure melts, and of minor
importance for melts comprising only a few impurities, but
becomes a critical issue when exploring nucleation from
solution, particularly of materials with low solubility. Indeed,
Zahn�s work on NaCl aggregation from an aqueous solution
could only offer insights into the very early stages of ion
association and motif formation.[72] After the formation of
even a small nucleus, the uptake of further ions requires the
transport of solutes to the aggregate. For this the diffusion of
solutes must be considered which cannot be accomplished by
direct MD simulations without provoking unreasonable
computational effort.

Crystal formation from dilute solution is mainly diffusion
controlled, that is, it is slowed down by random walks over
small (but many) energy barriers. While transition-path
sampling performs excellently for single barrier crossing, the
tackling of diffusion-controlled crystal formation requires a
different approach.

3.5. Simulation Approaches to Diffusion-Controlled Aggregation

Compounds with low solubility constants impose a rather
different precipitation scenario than that envisaged by CNT.
The crystallization of these compounds is restricted to very
dilute solutions even at relatively high supersaturations. We
will illustrate this issue for CaF2 crystallization from aqueous
solution. To dissolve just one formulae unit of fluorite, about a
million water molecules are required. In this case, the ion–ion
interactions are markedly stronger than the ion–water
interactions and, in terms of potential energy, aggregate
growth is exothermic from the very beginning, that is, for the
formation of an ion pair. Thermodynamically, precipitation
can only be avoided by a considerable gain in entropy through
ion dispersion in a large volume (solution). Such demands
imply enormous amounts of solvent molecules. Direct simu-
lation approaches, therefore, do not only need to cope with
large model systems, but—much worse—they need to provide
extremely long trajectories to ensure proper statistics. This
scenario may easily exceed the scope of available super-
computing resources by 5–10 orders of magnitude.

This challenge has been addressed recently by Zahn and
co-workers who developed a specific method in which
diffusion processes are mimicked in an approximate
manner, which avoids the need for large systems and long
simulations.[73] The uptake of a solute molecule by a forming
aggregate is modeled using an inexpensive docking-type
approach, whilst the incorporation of the associated solute
into the aggregate is explored by a detailed atomistic
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simulation. Hence, the simulation protocol is divided into
several steps each focusing on (and in some instances
reducing) the different aspects of system complexity. The
aggregate growth is explored particle-by-particle within an
iterative procedure, starting typically from the very begin-
ning, that is, the association of a pair of atoms or ions.

While there might not be a barrier to ion association,
there may well be barriers to aggregate reorganization. Hence
kinetic hindering may prevent full relaxation of the aggregate
structure to the global energy minimum and realistic
approaches to aggregate growth must also consider transient
structures which reflect local energy minima. As an important
feature of the Kawska–Zahn approach, the applied relaxation
procedure does not necessarily involve global energy mini-
mization after each growth event, but instead describes crystal
growth as a series of structurally related configurations which
may also represent local energy minima. In the spirit of
Ostwald�s step rule, a continuous evolution of the aggregate
structure during crystal growth is observed.[73, 74]

Such studies of ion association and aggregate growth from
solution can yield details of the interplay of the solvent
molecules with the forming aggregate. Moreover, a combined
quantum/classical MD scheme was developed to explore
ripening reactions during crystal growth. A prominent
example for such processes is given by the nucleation of
ZnO from ethanolic Zn2+/OH� solutions. In the embryonic
stage of aggregate formation a metastable agglomerate of
Zn2+ and OH� ions is formed. However, instead of forming a
Zn(OH)2 crystal, proton-transfer reactions lead to the
formation of O2� ions (Figure 3, left) and the nucleation of
a ZnO domain in the aggregate core (Figure 3, right).[75]

3.6. Nucleation of Nanocomposites

The importance of nanocrystal–polymer composite mate-
rials has inspired considerable theoretical effort towards

revealing both structural insights as well as understanding the
mechanisms of self-assembly in these systems.[76] The self-
assembly issue is typically explored from investigating nano-
crystals embedded in a polymer melt or (anticipating
solidification from the melt) directly within a solid polymer
matrix.[77–83] To reduce system complexity, implicit models
were developed for the polymer matrices. Using such focusing
on the nanocrystal arrangement only, the phase behavior at
the nano- to mesoscale became accessible. Along this line,
Sides et al. identified the arrangement of nanocrystals in
polymer and co-block polymer matrices in convincing agree-
ment with experiment.[77]

For nanocomposite precipitation from solution, the gap
between experimental advance and the development of
suitable simulation protocols for exploring synthesis mecha-
nisms is particularly large. Indeed, most simulation studies are
dedicated to the interaction of single surfactant molecules
with specific surfaces of a given nanocrystal as described in
Section 4.2. While this approach may form at least a starting
point for understanding the precipitation of nanocrystals that
are stabilized by surfactant molecules, additive molecules that
directly act as nucleation seeds require different simulation
approaches. The explicit consideration of such additives in
investigations of the nucleation process using generic models
was outlined by Anwar et al. (Ref. [45] see also Figure 1), a
study that has been discussed in Section 3.2. For an explicit
model dedicated to apatite–collagen composite formation,
Zahn and co-workers demonstrated the interplay of ion
association to collagen and the formation of hierarchical
composites.[84–86]

The importance of apatite–collagen composites as the
predominant component of bone and teeth has motivated a
large number of (biomimetic) experimental and theoretical
studies.[87–90] To cope with the enormous complexity of
metabolic processes, setups of biomimetic synthesis were
developed to focus on only the key aspects of composite
nucleation.[87] In a somewhat similar fashion, atomistic

Figure 3. Nucleation of ZnO from ethanolic solution (solvent not shown). Left: Aggregation of Zn2+ and OH� ions and pre-ordering of octahedral
motifs until ripening sets in. The ripening reaction formally reflects an OH� + OH�!O2� + H2O proton transfer which is however, strongly
promoted by the Coulombic interaction that is due to Zn2+ ions nearby. The resulting water molecule migrates into the ethanolic solution. Right:
nucleation of ZnO motifs and growth of ZnO/Zn(OH)2 core–shell nanoparticles.[75]
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simulations too have focused on model systems that account
for individual aspects of the complex interplay of inorganic
matter with biomolecules. For example, model studies
mimicking the association of single ions to collagen fibers in
aqueous solution provided an atomistic understanding of
collagen stiffening or bending by calcium or phosphate pre-
impregnation, respectively, which accounts for changes in the
growth mechanisms governing the composite’s form develop-
ment at the mesoscale.[84]

In a subsequent study, the mechanisms of aggregate
formation and of growth-control by collagen fibers at the
atomistic scale were investigated.[86] This study was dedicated
to the embryonic stage of the nucleation process—both in
water and in aqueous solutions containing collagen molecules.
In this way the (self)organization in different environments
and the elaborate atomistic interplay governing the formation
of apatite–collagen composites were explored. The studies
addressed ion aggregation promoted by “capture” of ions in
the tails of a collagen fiber and calcium phosphate nucleation
at the triple-helical backbone of collagen. Both aspects were
explored in separate simulation setups and contrasted to a
third model system corresponding to calcium, phosphate, and
fluoride ion aggregation from aqueous solution in the absence
of collagen molecules. From this comparative approach, the
preferred Ca3F motifs (highlighted in Figure 4) induced by
incorporation into the triple-helix during the embryonic stage
of ion association could be identified. These peculiar motifs
represent nucleation seeds for the formation of the apatite
crystal structure oriented in accordance to the alignment of
the collagen fibers—a microscopic phenomenon giving rise to

hierarchical composite growth on the mesoscale.[85] Accord-
ingly, ion association to collagen followed by motif design and
orientation is suggested as an atomistic mechanism of growth
control governing the nucleation of apatite–collagen compo-
sites.[86]

4. Nanocrystals

4.1. Simulations of Nanocrystal Stability and Phase
Transformations

Nanocrystals and their composites can exhibit markedly
different properties with respect to bulk phases and hence
offer new opportunities for materials design. For example, for
pharmaceuticals, nanocrystals promise to resolve the issue of
poor bioavailability of poorly soluble drugs.[91] Their immense
surface area enables these crystals to dissolve much quicker,
resulting in higher bioavailability. Other examples of impor-
tant nanocrystal applications include nanoelectronics, opto-
electronics, photonics, and heterogeneous catalysis. These
applications result from new electronic and optical properties
at this length scale, as well as enhanced mechanical properties
in the case of nanocomposites. The difficulty in exploiting
these new perspectives is the technical challenge of generat-
ing and stabilizing nanocrystals. Empirical development of
methods to generate nanocrystals and nanocomposites is
severely limited by the lack of a theoretical framework, which
in principle could be developed using molecular simulation.
Technological needs include the ability to rationally select

Figure 4. Nucleation of a biocomposite from aqueous solution with collagen proteins acting as seeds. Left: Aggregation of calcium (blue),
phosphate (red), and fluoride (green) ions. Middle and Right: nucleation and growth of apatite-type motifs induced by a collagen triple-helix.[86]
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appropriate surfactants, polymers, or a matrix to stabilize
nanoparticles of a particular size in a required phase for a
given substance.

Going down the length scales gives rise to some new
physics with respect to phase stability. As a crystal decreases
in size, its surface or interfacial free energy (the choice
depends on whether the crystal is stand alone or surrounded
by some medium) becomes significant relative to its bulk free
energy and the thermodynamics of the crystal are now
determined by the interplay of these two energies. Depending
on the crystal size, the surface (interfacial) energy can favor a
particular phase that otherwise may be unstable in the bulk,
or even an entirely new phase, hence enabling phase stability
to be modulated. The phase stability issue prompts a number
of fundamental questions: How does the phase diagram for a
system exhibiting multiples phases vary as we go down the
length scale? At what length scale do the macroscopic ideas
of bulk free energy (periodic structure) and surface (inter-
facial) free energy break down? How are the kinetic barriers
to phase transformation influenced by length scale?

From the molecular simulation perspective, the emer-
gence of nanotechnology has in a way, referring to the adage
“can�t see the wood for the trees”, returned the focus from the
wood (the bulk system, which was always a challenge to
molecular simulation) back to the tree (the nanosystem,
which has been accessible to simulation). Thus nanosystems,
and in the current context, nanocrystals, particularly at the
lower size scale, can be investigated by molecular simulation.
Whilst the formation of nanocrystals using a bottom up
approach (in contrast to top down processing, such as milling)
is a nucleation issue and hence presents specific challenges to
molecular simulation, the other key nanocrystal issues
including phase stability, tendency to aggregate, and mor-
phology can all be studied to some extent using standard
simulation methods.

We alert the reader to a distinction between nanocrystals
and molecular clusters that sometimes go under the term
nanoparticles in the literature. Molecular clusters may exhibit
symmetry but do not show periodicity, and each lowest-
energy configuration for a given number of molecules can be
unique. Phase stability of molecular clusters can provide
invaluable insights into pre-nucleation clustering. An algo-
rithmic challenge in this case is to find the lowest free-energy
configuration (a global optimization problem), which very
quickly becomes intractable as the number of molecules and/
or their complexity increases. The general area and technical
details of the methods employed are reviewed in a recent text
by Wales.[92] Whilst each global energy minimum reflects the
most stable structure of a cluster of a given size, a growing
aggregate is nevertheless unlikely to follow a pathway where
it adopts only its global energy minimum configurations. A
continuous evolution by structurally related local energy
minima appears much more reasonable (cf. Ostwald�s step
rule). Using the example of copper clusters Milek and Zahn
recently outlined the study of continuous structural evolution
between particularly stable high-symmetry cluster configura-
tions.[74] This involved a series of structural transitions from
icosahedra/dodecahedra with fivefold symmetry to face-
centered cubic (fcc)-type motifs and vice versa (the trans-

formations between high-symmetry clusters and fcc-crystal-
lites reflect the competition between bulk (favoring fcc-
structure) and surface (favoring polyhedra) energy and can be
observed only for small nanocrystals with less than around
10000 atoms).[74]

While bulk crystals generally transform through multiple
nucleation events leading to multiple domains and a poly-
crystalline product, nanocrystals appear to transform coher-
ently in a single nucleation event. This makes nanocrystals
excellent models for investigating transformation mecha-
nisms that might otherwise be obscured. Indeed, simulations
of phase transitions in nanocrystals as a function of environ-
ment, temperature, and pressure is an area of considerable
interest. Notable studies include the molecular mechanism of
the pressure-induce transformation of wurtzite (B1) to rock
salt (B4),[93–95] and the temperature-induced phase trans-
formation behavior of tetrolic acid as a function of crystallite
size.[96] Note that when exploring effects of high pressure on
nanocrystals, it is necessary to include a pressure-transmitting
fluid akin to high-pressure experiments. Typically the fluid is a
binary Lennard-Jones mixture that does not crystallize under
high pressure.[93–95]

The idea that the phase diagram can show particle size
dependency, particularly as we go down the length scale to
nanocrystals, has attracted considerable attention. Experi-
mental observations reveal that phase stability can indeed be
modulated for a number of materials in the nanoparticle
domain including the metal oxides TiO2, ZrO2, and Al2O3

[97–99]

as well as carbon.[100] As yet there are no examples for small
organic molecules, though the possibility has been suggested
from potential-energy calculations.[101] A key issue with the
above observations is whether the observed nanocrystal
phase is truly thermodynamically stable or just highly
metastable. Nanocrystals, having few if any potential nucle-
ation sites, tend to require a greater driving force (super-
cooling/superheating or excess pressure) to induce a trans-
formation, indicative of a high barrier. To address the issue of
metastability it is necessary to either experimentally deter-
mine or to calculate the surface and bulk free energies. These
thermodynamic quantities are accessible by both experiment
and simulation, but not without technical difficulty. Research-
ers often resort to potential energies but while these can serve
as a reasonable approximation, they neglect entropy and
hence would be inappropriate for surfaces that show exten-
sive disorder.

Whilst molecular simulations (MD or MC) in the constant
temperature constant volume (NVT) or constant temperature
constant pressure (NPT) ensembles tend towards low free
energy, the actual value of the free energy of the system is not
readily available and explains the widespread use of potential
energy as an alternative to free energy. The free energies
(Gibbs G, Helmoltz F) belong to the thermal class of quanti-
ties (rather than mechanical) and depend on the accessible
volume of phase space; they are not just explicit functions of
phase-space coordinates. The implication is that free energy
cannot generally be obtained as an ensemble average.
Consequently its determination is both conceptually and
technically challenging, and demanding with respect to
computational resource.
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Whilst there is an array of methods for estimating the free
energy, which include direct evaluation of the partition
function, the so-called perturbation method, thermodynamics
integration, and probability or histogram methods,[3,102] many
of the general methods are not applicable to solids. At the
same time, in some respect, solids do represent a conceptually
easier case, as for such systems the configurational space is
severely limited because the atoms are restrained to their
lattice sites and diffusional motion is assumed to be absent.
The two general methods for estimating free energies of solids
include lattice dynamics using the quasi-harmonic approx-
imation;[103] and thermodynamic integration involving the
Einstein crystal approach.[3,104, 105]

In the lattice-dynamics approach the partition function is
directly calculated from an estimate of the phonon density of
states. The density of states is obtained by transforming the
coupled motion of the atoms about their lattice positions into
normal coordinates (modes). The method is limited by the
harmonic approximation, restricting applications to low
temperatures but good results have been obtained up to
about two thirds of the melting point of the investigated solid.
The Einstein crystal approach involves the setting up of an
Einstein crystal where the individual atoms or molecules are
tethered to their lattice sites using a harmonic potential and
do not interact with each other. For such a system the
partition function and hence the free energy can be calculated
analytically. To get the free energy of the real system, the free
energy of the Einstein crystal is added to the free-energy
difference obtained from thermodynamic integration from
the Einstein crystal to the real system. Example studies using
the lattice-dynamics approach include the calculation of free
energies for MgO, MgF2, and polyethylene.[103] Notable
studies of the Einstein-crystal approach include NaCl[105]

and ice.[65] More significant and broader applications of
free-energy calculation of the solid phase include the
determination of the phase diagrams of iron at the high
temperatures and pressures of the Earth�s mantle,[106] and ice
as a function of temperature and pressure.[65]

The discussion above refers largely to the calculation of
bulk free energies. Calculation of the surface free energy
follows the conceptual route of estimating the work done for
creating a surface of a unit area. The procedure is to calculate
the bulk free energy of the crystalline solid using either lattice
dynamics or the Einstein approach and then to remove the
simulation periodic boundaries along the axis perpendicular
to the surfaces of interest to create a slab, and repeat the
calculation. The surface free energy is then given by the
difference between that of the crystal slab and the periodic
system (note that both systems contain the same number of
molecules, hence there is no need to normalize) divided by
the created surface area, that is, the two created faces. Whilst
such calculations have been carried out for key surfaces of
various materials,[107, 108] there have been no applications to
characterizing the overall surface energy of a nanocrystalline
system that rigorously take into account the free energies and
the surface areas of all the dominant faces.

Surface, or more precisely, the interfacial free energy is
also the key quantity for characterizing nanocrystals that are
stabilized by embedding within a sugar or a polymer matrix,

and for nucleation in confined spaces. Clearly, the ability to
calculate these quantities from molecular simulation will be
central to understanding the role of the surface and interfaces
in stabilizing emerging nuclei and resultant nanocrystals (both
stand alone and in confinement). Thus, molecular simulations
may help to identify appropriate surfaces or materials for
enhancing (heterogeneous) nucleation of materials that are
difficult to crystallize, selective nucleation of particular
polymorphs, and for nanocrystal stabilization.

4.2. Nanocrystal–Surfactant Interactions

In general terms, simulations of the interaction of nano-
crystals with stabilizing molecules, such as surfactants or
specific capping molecules, can be tackled by standard
simulation methods, but can still be challenging in terms of
the size of system required. There is another important issue
that arises as a result of the choice of materials being studied.
Whilst we have good force fields for various classes of
materials including organic and inorganic species and metals,
modeling the interactions of organic molecules with metals is
far from straight-forward as the application of conventional
mixing rules leads to poor accuracy. Hence, the investigation
of metal nanocrystals with surfactant molecules (an area of
much research interest) by simulation has been problematic.

The interaction of a single surfactant molecule with a
specific surface of a metal nanocrystal, being a relatively small
system can in fact be modeled by means of accurate quantum
calculations. Such calculations, however, are simply too
demanding to investigate large systems in which the relaxa-
tion of metal nanoparticles as a result of surfactant interaction
occurs.

Within the last few years, Schapotchnikow and Vlugt
presented a series of studies which we feel reflects a
particularly successful story of investigating metal nanocrys-
tal–surfactant systems by molecular simulations. A key
contribution was the creation of a force field for gold–gold
and gold–surfactant interactions to enable the modeling of
gold nanocrystals with a surface coverage of alkylthiol
molecules.[109] Based on this force field, MC simulations
were then used to explore the structure of a self-assembled
monolayer (SAM) of alkylthiol molecules on gold icosahe-
dra.[110] Within a grand-canonical approach this included
attempts to insert/remove surfactants in parallel with struc-
tural relaxation. As a consequence, unbiased simulation
models of nanocrystal–SAM colloids were obtained in good
agreement with experiment. This approach paved the way to
detailed investigations of colloid–colloid interactions offering
unique insights into the interplay between the surfactant
SAMs of approaching nanocrystals.[111] Using explicit solvent
models, the association of pairs and triples of nanocrystals
were investigated.[112]

Clearly, even such small agglomerates of nanocrystals
imply considerable computational demands and we are still
far from the precipitation of a composite material. However,
through coarse graining of the models (which to some extent
has already been done[109]) and the application of suitable
algorithms for tackling nucleation processes as described in

Crystal Nucleation and Growth

2009Angew. Chem. Int. Ed. 2011, 50, 1996 – 2013 � 2011 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim www.angewandte.org

http://www.angewandte.org


Section 2, the understanding of gold nanocrystal–alkylthiol
SAM composite formation from molecular simulations
appears in reach.

5. Future Perspectives

It is clear from the above discussion that there has been
considerable progress in recent years in our understanding of
crystal nucleation, coming both from elegant experiments
(many of them on colloids) and new molecular simulation
techniques. Yet, it must be acknowledged that at best we are
still essentially scratching at the surface. Whilst we have a
handle on the mechanics and thermodynamics aspects of
nucleation in simple spherical model systems, more complex
systems, such as ice nucleation, still challenge us. The gap
between the more fundamental systems and molecules or
materials of technological interest is of course vast, making
the prospect of engineering crystals to design, from a given a
chemical or molecular structure, outside our reach for some
years to come. The enhanced understanding of fundamental
systems obtained to date is however not just of academic
interest, but is and will continue to influence the design of
experiments in crystal engineering, thus limiting the factorial
space to fewer and more dedicated experiments.

To date much of the molecular-simulation work dedicated
to nucleation has focused on method development and the
investigation of case studies. Clearly, alongside the research of
the fundamental kind we must move from proof-of-principle
studies to realistic models describing actual syntheses of
crystalline materials of immediate interest. Additional prior-
ity must be to link and bridge our current fundamental
knowledge to real problems, a domain where a range of open
questions remains to be answered. How can simulations aid
the design of optimal crystallization setups? Could we predict
suitable seeds and contact surfaces for heterogeneous nucle-
ation processes? In addition, apart from controlling shape and
size of crystallites, a mechanistic understanding from atom-
istic simulations could be a key to controlling polymorphism.
As the fate of a forming solid material is often determined at
the early stage of structure development, insights into
nucleation mechanisms remain of crucial importance. The
technological implications are immense—being able to selec-
tively promote desired polymorphs or enantiomorphs of a
given chemical, or maybe the deliberate inhibition of an
unwanted polymorph could deliver great benefits to pharma-
ceutical production processes, for example.

We expect the continued, almost exponential, increase in
computing power and greater parallel processing to drive
brute-force approaches. It is possible to envisage a rather
large number (of the order of 100s) of parallel simulations of a
critical system using commodity computing (a grid based on
PCs) with view to identifying nucleation pathways in an
unbiased manner. Coupled to computing power we expect to
see implementation of algorithmic efficiencies into simulation
codes, and a better representation of models, that is, more
accurate force fields and associated parameters to specify the
chemistry of our systems. An area of much current activity is
that of order parameters as structural descriptors: important

issues being addressed include how to assess order parameters
for a particular system, how to deal with the multidimensional
aspects, minimizing bias and yet being able to drive a system
to a particular endpoint. We expect a greater, more unified
understanding of nucleation to result from such generic order
parameters, coupled with an increased use of them in
associated approaches.

A key concept in computer modeling and simulation is
that of scaling. The length and time scales of processes such as
nucleation and crystal growth span many orders of magnitude
making it difficult for a given modeling technique to capture
all aspects, suggesting a need for multi-scale modeling. Thus
some critical interactions between molecules may be modeled
using quantum mechanics, which are then mapped into a
molecular mechanics force field. The force-field method is in
turn employed to simulate the process of interest to ascertain
the critical properties, which are then characterized by
parameters that become the input for the next higher level
modeling. This approach is well illustrated by the study of
Gale and colleagues to characterize the kinetics of crystal
growth for urea from various solvents at the micron scale.[113]

They estimated rates of transitions for molecule attachment
by direct counting during crystal growth in an MD simulation
and then linked these to probabilities in a higher-level kinetic
Monte-Carlo simulation to model the kinetics of crystal
growth in the micron-size range, and in so doing were able to
reproduce and rationalize the experimentally observed crys-
tal morphologies. Apart from kinetic Monte-Carlo
approaches, phase-field modeling[114] is a prominent approach
for exploring crystal growth on the mesoscale and may
similarly benefit from multi-scale modeling starting from the
atomistic level of detail.

We expect a greater interplay between higher and lower
level modeling approaches, both bottom up and top down. In
the bottom-up manner (as discussed earlier) the approach
would be hierarchical, going from, for example, atomistic to
coarse-grained resolution. A good illustration of the useful-
ness of such de-focusing is the elucidation of the potential of
mean force (the free-energy change along a reaction coor-
dinate) for two aggregates or nanocrystals to come together.
This situation can be modeled at an atomistic level,[112,115]

which then serves as the nanocrystal–nanocrystal interaction
potential in higher level modeling to enable the investigation
of nanocrystal aggregation. The converse, top-down
approach, could be equally productive, it may be possible to
identify a critical event/issue from coarse-grained modeling
and then focus on it using a fully atomistic model.

With respect to complex materials, while the age of man-
made nanomaterials is still in its infancy, hierarchical bio-
composites, such as teeth, bones and exoskeletons, already
demonstrate the new and enhanced materials properties that
are within reach. We feel that if the rational design of such
and other complex (nano)materials is to become accessible,
the way forward must be paved by a capability of character-
izing interfacial free energies and a more profound under-
standing of the mechanisms of nucleation and growth.
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6. Summary

Molecular simulation is a powerful tool that complements
experiment by way of providing mechanistic understanding at
atomic resolution and enabling the estimation of kinetic and
thermodynamic quantities. Whilst the potential for modeling
crystal nucleation and growth processes is immense, there are
technical challenges specific to modeling these processes, the
key issue being the limited time and length scales that can be
accessed by conventional molecular-dynamics simulations.
Indeed, in general rare events, such as nucleation, cannot be
simulated using a brute-force approach. Despite this con-
ceptual difficulty, there have been a number of exciting
advances in methodology and ingenuity in tackling problems
that were considered outside the scope of molecular simu-
lation.

In terms of general insights and features the approach of
representing molecules in a coarse grained way has been
extremely successful, now enabling relatively complex pro-
cesses, such as the role of additives in inhibiting or promoting
nucleation or crystal growth, to be studied. Coupled to this
advance has been the development of various methods that
are specific but highly efficient and effective for particular
problems. These newer methods and approaches, which
include umbrella sampling using complex order parameters
to characterize nucleation, transition-path sampling and its
variants, and kinetic Monte-Carlo or combined Monte-Carlo/
molecular-dynamics simulation methods, are able to inves-
tigate many aspects of the entire domain of crystal engineer-
ing, albeit still only for judiciously chosen problems. Thus
realistic crystal nucleation scenarios with direct relation to
solid-state chemistry have become accessible. Starting from
the association of single ions in solvent environments, insights
range from the mechanisms of motif formation, ripening
reactions, and the self-organization of nanocrystals, to inter-
actions with growth-controlling additives. The latter issue
yields a new perspective toward understanding the structure
of functionalized nanocrystals and the precipitation of hybrid
materials. In addition to explicitly modeling nucleation, smart
algorithms, pioneered by Jansen and co-workers allow the
efficient prediction of crystal structures from simulation.[117]

Thus, molecular simulation is now a mature technique and
ready to play a significant role in the rational design and
engineering of crystalline products.

Finally it is important to convey that the ultimate test of
any insights gained from molecular simulation is the con-
frontation with experimental data. Whilst accessing the
earliest stages of crystal growth is still a challenge for
experimental methodology, there have been significant
advances in this respect too,[115] often driven by hypotheses
or theoretical ideas emerging from a molecular perspective.
This interplay of experiment and theory coupled with
respective in-tandem developments is absolutely vital in
addressing many of the outstanding problems in crystal
nucleation and growth.

Received: January 26, 2010
Published online: && &&, 2010

[1] Special issue on crystal growth and nucleation: Faraday
Discuss. 2007, 136, 1 – 426.

[2] M. P. Allen, D. J. Tildesley, Computer Simulation of Liquids,
Oxford University Press, Oxford, 1987.

[3] D. Frenkel, B. Smit, Understanding Molecular Simulation:
From Algorithms to Applications, 2nd ed., Academic Press, San
Diago, 2002.

[4] N. Metropolis, A. W. Rosenbluth, M. N. Rosenbluth, A. H.
Teller, E. Teller, J. Chem. Phys. 1953, 21, 1087.

[5] S. L. Price, Acc. Chem. Res. 2009, 42, 117 – 126.
[6] W. D. Cornell, P. Cieplak, C. I. Bayly, I. R. Gould, K. M.

Merz, Jr., D. M. Ferguson, D. C. Spellmeyer, T. Fox, J. W.
Caldwell, P. A. Kollman, J. Am. Chem. Soc. 1995, 117, 5179 –
5197.

[7] C. Oostenbrink, A. Villa, A. E. Mark, W. F. van Gunsteren, J.
Comput. Chem. 2004, 25, 1656 – 1676.

[8] A. D. MacKerell Jr. et al., J. Phys. Chem. B 1998, 102, 3586 –
3616.

[9] A. K. Rappe, C. J. Casewit, K. S. Colwell, W. A. Goddard,
W. M. Skiff, J. Am. Chem. Soc. 1992, 114, 10024 – 10035.

[10] S. Tuble, J. Anwar, J. D. Gale, J. Am. Chem. Soc. 2004, 126, 396 –
405.

[11] J. Chatchawalsaisin, J. Kendrick, S. C. Tuble, J. Anwar, Crys-
tEngComm 2008, 10, 437 – 445.

[12] H. de Waard, A. Amani, J. Kendrick, W. L. J. Hinrichs, H. W.
Frijlink, J. Anwar, J. Phys. Chem. B 2010, 114, 429 – 436.

[13] M. S. Daw, S. M. Folies, M. I. Baskes, Mater. Sci. Rep. 1993, 9,
251 – 310.

[14] F. G. Fumi, M. P. Tosi, J. Phys. Chem. Solids 1964, 25, 31 – 43.
[15] G. V. Lewis, C. R. A. Catlow, J. Phys. C Solid Phys. 1985, 46,

1149 – 1161.
[16] D. Frenkel, personal communication.
[17] M. Matsumoto, S. Saito, I. Ohmine, Nature 2002, 416, 408 – 413.
[18] W. Ostwald, Z. Phys. Chem. 1897, 22, 289 – 330.
[19] P. G. Bolhuis, D. Chandler, C. Dellago, Annu. Rev. Phys. Chem.

2002, 53, 291 – 318.
[20] D. Zahn, J. Chem. Theory Comput. 2006, 2, 107 – 114.
[21] R. P. Sear, J. Phys. Condens. Matter 2007, 19, 033101.
[22] S. Auer, D. Frenkel, J. Chem. Phys. 2004, 120, 3015 – 3029.
[23] S. Auer, D. Frenkel, Annu. Rev. Phys. Chem. 2004, 55, 333 – 361.
[24] S. Auer, D. Frenkel, Nature 2001, 409, 1020 – 1023.
[25] R. S. Aga, J. R. Morris, J. J. Hoyt, M. Mendelev, Phys. Rev. Lett.

2006, 96, 245701.
[26] S. Auer, D. Frenkel, Nature 2001, 413, 711 – 713.
[27] R. J. Davey, K. Allen, N. Blagden, W. I. Cross, H. F. Lieberman,

M. J. Quayle, S. Righini, L. Seton, G. J. T. Tiddy, CrystEng-
Comm 2002, 4, 257 – 264.

[28] P. E. Bonnett, K. J. Carpenter, S. Dawson, R. J. Davey, Chem.
Commun. 2003, 698 – 699.

[29] T. H. Zhang, X. Y. Liu, Angew. Chem. 2009, 121, 1334 – 1338;
Angew. Chem. Int. Ed. 2009, 48, 1308 – 1312.

[30] P. G. Vekilov, Cryst. Growth Des. 2004, 4, 671 – 685.
[31] J. Anwar, P. K. Boateng, J. Am. Chem. Soc. 1998, 120, 9600 –

9604.
[32] I. N. Stranski, D. Totomanow, Z. Phys. Chem. 1933, 163, 399 –

408.
[33] L. Vrbka, P. Jungwirth, J. Phys. Chem. B 2006, 110, 18126 –

18129.
[34] T. Koishi, K. Yasuoka, T. Ebisuzaki, J. Chem. Phys. 2003, 119,

11298 – 11305.
[35] A. Gavezzotti, Chem. Eur. J. 1999, 5, 567 – 576.
[36] M. Mucha, P. Jungwirth, J. Phys. Chem. B 2003, 107, 8271 –

8274.
[37] E. N. Baker, T. L. Blundell, J. F. Cutfield, S. M. Cutfield, E. J.

Dodson, G. G. Dodson, D. M. C. Hodgkin, R. E. Hubbard,
N. W. Isaacs, C. D. Reynolds, K. Sakabe, N. Sakabe, N. M.

Crystal Nucleation and Growth

2011Angew. Chem. Int. Ed. 2011, 50, 1996 – 2013 � 2011 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim www.angewandte.org

http://dx.doi.org/10.1063/1.1699114
http://dx.doi.org/10.1021/ar800147t
http://dx.doi.org/10.1021/ja00124a002
http://dx.doi.org/10.1021/ja00124a002
http://dx.doi.org/10.1002/jcc.20090
http://dx.doi.org/10.1002/jcc.20090
http://dx.doi.org/10.1021/ja00051a040
http://dx.doi.org/10.1021/ja0356131
http://dx.doi.org/10.1021/ja0356131
http://dx.doi.org/10.1021/jp9052665
http://dx.doi.org/10.1016/0920-2307(93)90001-U
http://dx.doi.org/10.1016/0920-2307(93)90001-U
http://dx.doi.org/10.1016/0022-3697(64)90159-3
http://dx.doi.org/10.1146/annurev.physchem.53.082301.113146
http://dx.doi.org/10.1146/annurev.physchem.53.082301.113146
http://dx.doi.org/10.1021/ct0501755
http://dx.doi.org/10.1088/0953-8984/19/3/033101
http://dx.doi.org/10.1063/1.1638740
http://dx.doi.org/10.1146/annurev.physchem.55.091602.094402
http://dx.doi.org/10.1038/35059035
http://dx.doi.org/10.1038/35099513
http://dx.doi.org/10.1039/b203521a
http://dx.doi.org/10.1039/b203521a
http://dx.doi.org/10.1039/b212062c
http://dx.doi.org/10.1039/b212062c
http://dx.doi.org/10.1002/ange.200804743
http://dx.doi.org/10.1002/anie.200804743
http://dx.doi.org/10.1021/cg049977w
http://dx.doi.org/10.1021/ja972750n
http://dx.doi.org/10.1021/ja972750n
http://dx.doi.org/10.1021/jp064021c
http://dx.doi.org/10.1021/jp064021c
http://dx.doi.org/10.1063/1.1622371
http://dx.doi.org/10.1063/1.1622371
http://dx.doi.org/10.1002/(SICI)1521-3765(19990201)5:2%3C567::AID-CHEM567%3E3.0.CO;2-6
http://dx.doi.org/10.1021/jp034461t
http://dx.doi.org/10.1021/jp034461t
http://www.angewandte.org


Vijayan, Philos. Trans. R. Soc. London Ser. B 1988, 319, 369 –
456.

[38] A. Gavezzotti, G. Filippini, J. Kroon, B. P. van Eijck, P.
Klewinghaus, Chem. Eur. J. 1997, 3, 893 – 899.

[39] J. Chen, B. L. Trout, J. Phys. Chem. B 2008, 112, 7794 – 7802.
[40] S. Hamad, C. Moon, C. R. A. Catlow, A. T. Hulme, S. L. Price,

J. Phys. Chem. B 2006, 110, 3323 – 3329.
[41] F. Bruneval, D. Donadio, M. Parrinello, J. Phys. Chem. B 2007,

111, 12219 – 12227.
[42] G. A. Tribello, C. Liew, M. Parrinello, J. Phys. Chem. B 2009,

113, 7081 – 7085.
[43] C. Sinn, A. Heymann, A. Stipp, T. Palberg, Prog. Colloid

Polym. Sci. 2001, 118, 266 – 275.
[44] W. C. Swope, H. C. Anderson, Phys. Rev. B 1990, 41, 7042 –

7054.
[45] J. Anwar, P. K. Boateng, R. Tamaki, S. Odedra, Angew. Chem.

2009, 121, 1624 – 1628.
[46] S. R. Williams, C. P. Royall, G. Bryant, Phys. Rev. Lett. 2008,

100, 225502.
[47] R. Agrawal, D. A. Kofke, Mol. Phys. 1995, 85, 43 – 59.
[48] A. Cacciuto, D. Frenkel, Phys. Rev. E 2005, 72, 041604.
[49] P. R. Ten Wolde, M. J. Ruizmontero, D. Frenkel, Phys. Rev.

Lett. 1995, 75, 2714 – 2717.
[50] C. Valeriani, E. Sanz, D. Frenkel, J. Chem. Phys. 2005, 122,

194501.
[51] R. Radhakrishnan, B. L. Trout, J. Am. Chem. Soc. 2003, 125,

7743 – 7747.
[52] R. Radhakrishnan, B. L. Trout, Phys. Rev. Lett. 2003, 90,

158301.
[53] A. V. Brukhno, J. Anwar, R. Davidchack , R. Handel, J. Phys.

Condens. Matter 2008, 20, 494243.
[54] L. M. Ghiringhelli, C. Valeriani, E. J. Meijer, D. Frenkel, Phys.

Rev. Lett. 2007, 99, 055702.
[55] C. Desgranges, J. Delhommelle, J. Am. Chem. Soc. 2007, 129,

7012 – 7013.
[56] P. J. Steinhardt, D. R. Nelson, M. Ronchetti, Phys. Rev. B 1983,

28, 784 – 805.
[57] A. Laio, M. Parrinello, Proc. Natl. Acad. Sci. USA 2002, 99,

12562 – 12566.
[58] P. Raiteri, R. Martonak, M. Parrinello, Angew. Chem. 2005, 117,

3835 – 3839; Angew. Chem. Int. Ed. 2005, 44, 3769 – 3773.
[59] A. R. Oganov, R. Martonak, A. Laio, P. Raiteri, M. Parrinello,

Nature 2005, 438, 1142 – 1144.
[60] R. Martonak, A. Laio, M. Bernasconi, C, Ceriani, F. Zipoli, M.

Parrinello, Z. Kristallogr. 2005, 220, 489 – 498.
[61] D. Quigley, P. M. Rodger, J. Chem. Phys. 2008, 128, 154518.
[62] P. R. ten Wolde, D. Frenkel, Science 1997, 277, 1975 – 1978.
[63] D. Rosenbaum, P. C. Zamora, C. F. Zukoski, Phys. Rev. Lett.

1996, 76, 150 – 153.
[64] O. Galkin, P. G. Vekilov, Proc. Natl. Acad. Sci. USA 2000, 97,

6277 – 6281.
[65] C. Vega, E. Sanz, J. L. F. Abascal, J. Chem. Phys. 2005, 122,

114507.
[66] P. Rein ten Wolde, D. Frenkel, Phys. Chem. Chem. Phys. 1999,

1, 2191 – 2196.
[67] X. Thi, T. Sayle, C. R. A. Catlow, R. R. Maphanga, P. E.

Ngoepe, D. C. Sayle, J. Am. Chem. Soc. 2005, 127, 12828 –
12837.

[68] P. G. Bolhuis, C. Dellago, D. Chandler, Faraday Discuss. 1998,
110, 421 – 436.

[69] C. Dellago, P. G. Bolhuis, F. S. Csajka, D. Chandler, J. Chem.
Phys. 1998, 108, 1964 – 1978.

[70] D. Moroni, P. R. ten Wolde, P. G. Bolhuis, Phys. Rev. Lett. 2005,
94, 235703.

[71] D. Zahn, J. Phys. Chem. B 2007, 111, 5249 – 5253.
[72] D. Zahn, Phys. Rev. Lett. 2004, 92, 040801.

[73] A. Kawska, J. Brickmann, R. Kniep, O. Hochrein, D. Zahn, J.
Chem. Phys. 2006, 124, 024513.

[74] T. Milek, P. Duchstein, G. Seifert, D. Zahn, ChemPhysChem
2010, 11, 847 – 852.

[75] A. Kawska, P. Duchstein, O. Hochrein, D. Zahn, Nano Lett.
2008, 8, 2336 – 2340.

[76] A. Haryono, W. H. Binder, Small 2006, 2, 600 – 611.
[77] C. W. Sides, B. J. Kim, E. J. Kramer, G. H. Fredrickson, Phys.

Rev. Lett. 2006, 96, 250601.
[78] J. U. Kim, B. O�Shaughnessy, Phys. Rev. Lett. 2002, 89, 238301.
[79] Q. Wang, P. F. Nealy, J. J. de Pablo, J. Chem. Phys. 2003, 118,

11278 – 11285.
[80] J. Huh, V. V. Ginzburg, A. C. Balazs, Macromolecules 2000, 33,

8085 – 8096.
[81] A. J. Schultz, C. K. Hall, J. Genzer, Macromolecules 2005, 38,

3007 – 3016.
[82] A. C. Balasz, V. V. Ginzburg, F. Qui, G. Peng, D. Jasnow, J.

Phys. Chem. B 2000, 104, 3411 – 3422.
[83] V. V. Ginzburg, C. Gibbons, F. Qiu, G. Peng, A. C. Balasz,

Macromolecules 2000, 33, 6140 – 6147.
[84] H. Tlatlik, P. Simon, A. Kawska, D. Zahn, R. Kniep, Angew.

Chem. 2006, 118, 1939 – 1944; Angew. Chem. Int. Ed. 2006, 45,
1905 – 1910.

[85] P. Simon, D. Zahn, H. Lichte, R. Kniep, Angew. Chem. 2006,
118, 1945 – 1949; Angew. Chem. Int. Ed. 2006, 45, 1911 – 1915.

[86] A. Kawska, O. Hochrein, J. Brickmann, R. Kniep, D. Zahn,
Angew. Chem. 2008, 120, 5060 – 5063; Angew. Chem. Int. Ed.
2008, 47, 4982 – 4985.

[87] R. Kniep, P. Simon, Top. Curr. Chem. 2006, 266, 73 – 125.
[88] D. Zahn, O. Hochrein, A. Kawska, J. Brickmann, R. Kniep, J.

Mater. Sci. 2007, 42, 8922 – 8973.
[89] R. Bhowmik, K. S. Katti, D. R. Katti, J. Mater. Sci. 2007, 42,

8795 – 8803.
[90] N. Almora-Barrios, K. F. Austen, N. H. de Leeuw, Langmuir

2009, 25, 5018 – 5025.
[91] B. E. Rabinow, Nat. Rev. Drug Discovery 2004, 3, 785 – 796.
[92] D. J. Wales, Energy Landscapes, Cambridge University Press,

Cambridge, 2003.
[93] B. J. Morgana, P. A. Madden, Phys. Chem. Chem. Phys. 2006, 8,

3304 – 3313.
[94] M. Gr�nwald, C. Dellago, P. L. Geissler, J. Chem. Phys. 2007,

127, 154718.
[95] J. Frenzel, G. Seifert, D. Zahn, Z. Anorg. Allg. Chem. 2009, 635,

1773 – 1776.
[96] G. T. Beckham, B. Peters, B. L. Trout, J. Phys. Chem. B 2008,

112, 7460 – 7466.
[97] M. R. Ranade, A. Navrotsky, H. Z. Zhang, J. F. Banfield, S. H.

Elder, A. Zaban, P. H. Borse, S. K. Kulkarni, G. S. Doran, H. J.
Whitfield, Proc. Natl. Acad. Sci. USA 2002, 99, 6476 – 6481.

[98] R. C. Garvie, J. Phys. Chem. 1978, 82, 218 – 224.
[99] J. M. McHale, A. Auroux, J. Perrotta, A. Navrotsky, Science

1997, 277, 788 – 791.
[100] C. C. Yang, S. Li, J. Phys. Chem. C 2008, 112, 1423 – 1426.
[101] R. B. Hammond, K. Pencheva, K. J. Roberts, J. Phys. Chem. B

2005, 109, 19550 – 19552.
[102] Free Energy Calculations; Theory and Applications in Chemis-

try and Biology Series (Eds.: C. Chipot, A. Pohorille), Springer,
Berlin, 2007 (Series in Chemical Physics, Vol. 86).

[103] N. L. Allan, G. D. Barrera, T. H. K. Barron, M. B. Taylor, Int. J.
Thermophys. 2001, 22, 535 – 546.

[104] D. Frenkel, A. J. C. Ladd, J. Chem. Phys. 1984, 81, 3188 – 3193.
[105] J. Anwar, D. Frenkel, M. Noro, J. Chem. Phys. 2003, 118, 728 –

735.
[106] D. Alf�, M. J. Gillan, G. D. Price, Nature 2000, 405, 172 – 175.
[107] P. Smith, R. M. Lynden-Bell, Mol. Phys. 1999, 96, 1027 – 1032.
[108] M. B. Taylor, C. E. Sims, G. D. Barrera, N. L. Allan, Phys. Rev.

B 1999, 59, 6742 – 6751.

J. Anwar and D. ZahnReviews

2012 www.angewandte.org � 2011 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim Angew. Chem. Int. Ed. 2011, 50, 1996 – 2013

http://dx.doi.org/10.1098/rstb.1988.0058
http://dx.doi.org/10.1098/rstb.1988.0058
http://dx.doi.org/10.1002/chem.19970030610
http://dx.doi.org/10.1021/jp7106582
http://dx.doi.org/10.1021/jp055982e
http://dx.doi.org/10.1021/jp0728306
http://dx.doi.org/10.1021/jp0728306
http://dx.doi.org/10.1021/jp900283d
http://dx.doi.org/10.1021/jp900283d
http://dx.doi.org/10.1007/3-540-45725-9_57
http://dx.doi.org/10.1007/3-540-45725-9_57
http://dx.doi.org/10.1103/PhysRevB.41.7042
http://dx.doi.org/10.1103/PhysRevB.41.7042
http://dx.doi.org/10.1002/ange.200804553
http://dx.doi.org/10.1002/ange.200804553
http://dx.doi.org/10.1080/00268979500100921
http://dx.doi.org/10.1103/PhysRevLett.75.2714
http://dx.doi.org/10.1103/PhysRevLett.75.2714
http://dx.doi.org/10.1063/1.1896348
http://dx.doi.org/10.1063/1.1896348
http://dx.doi.org/10.1021/ja0211252
http://dx.doi.org/10.1021/ja0211252
http://dx.doi.org/10.1088/0953-8984/20/49/494243
http://dx.doi.org/10.1088/0953-8984/20/49/494243
http://dx.doi.org/10.1021/ja072260n
http://dx.doi.org/10.1021/ja072260n
http://dx.doi.org/10.1103/PhysRevB.28.784
http://dx.doi.org/10.1103/PhysRevB.28.784
http://dx.doi.org/10.1073/pnas.202427399
http://dx.doi.org/10.1073/pnas.202427399
http://dx.doi.org/10.1002/ange.200462760
http://dx.doi.org/10.1002/ange.200462760
http://dx.doi.org/10.1002/anie.200462760
http://dx.doi.org/10.1038/nature04439
http://dx.doi.org/10.1063/1.2888999
http://dx.doi.org/10.1126/science.277.5334.1975
http://dx.doi.org/10.1103/PhysRevLett.76.150
http://dx.doi.org/10.1103/PhysRevLett.76.150
http://dx.doi.org/10.1073/pnas.110000497
http://dx.doi.org/10.1073/pnas.110000497
http://dx.doi.org/10.1063/1.1862245
http://dx.doi.org/10.1063/1.1862245
http://dx.doi.org/10.1039/a809346f
http://dx.doi.org/10.1039/a809346f
http://dx.doi.org/10.1039/a801266k
http://dx.doi.org/10.1039/a801266k
http://dx.doi.org/10.1063/1.475562
http://dx.doi.org/10.1063/1.475562
http://dx.doi.org/10.1021/jp068766u
http://dx.doi.org/10.1063/1.2145677
http://dx.doi.org/10.1063/1.2145677
http://dx.doi.org/10.1002/cphc.200900907
http://dx.doi.org/10.1002/cphc.200900907
http://dx.doi.org/10.1021/nl801169x
http://dx.doi.org/10.1021/nl801169x
http://dx.doi.org/10.1002/smll.200500474
http://dx.doi.org/10.1063/1.1575207
http://dx.doi.org/10.1063/1.1575207
http://dx.doi.org/10.1021/ma000708y
http://dx.doi.org/10.1021/ma000708y
http://dx.doi.org/10.1021/ma0496910
http://dx.doi.org/10.1021/ma0496910
http://dx.doi.org/10.1021/ma991065t
http://dx.doi.org/10.1002/ange.200503610
http://dx.doi.org/10.1002/ange.200503610
http://dx.doi.org/10.1002/anie.200503610
http://dx.doi.org/10.1002/anie.200503610
http://dx.doi.org/10.1002/ange.200504465
http://dx.doi.org/10.1002/ange.200504465
http://dx.doi.org/10.1002/anie.200504465
http://dx.doi.org/10.1002/ange.200800908
http://dx.doi.org/10.1002/anie.200800908
http://dx.doi.org/10.1002/anie.200800908
http://dx.doi.org/10.1007/s10853-007-1914-1
http://dx.doi.org/10.1007/s10853-007-1914-1
http://dx.doi.org/10.1021/la803842g
http://dx.doi.org/10.1021/la803842g
http://dx.doi.org/10.1039/b604390a
http://dx.doi.org/10.1039/b604390a
http://dx.doi.org/10.1002/zaac.200900260
http://dx.doi.org/10.1002/zaac.200900260
http://dx.doi.org/10.1021/jp710192u
http://dx.doi.org/10.1021/jp710192u
http://dx.doi.org/10.1073/pnas.251534898
http://dx.doi.org/10.1021/j100491a016
http://dx.doi.org/10.1126/science.277.5327.788
http://dx.doi.org/10.1126/science.277.5327.788
http://dx.doi.org/10.1021/jp076049+
http://dx.doi.org/10.1021/jp053546m
http://dx.doi.org/10.1021/jp053546m
http://dx.doi.org/10.1023/A:1010783000570
http://dx.doi.org/10.1023/A:1010783000570
http://dx.doi.org/10.1063/1.448024
http://dx.doi.org/10.1063/1.1522375
http://dx.doi.org/10.1063/1.1522375
http://dx.doi.org/10.1080/00268979909483045
http://dx.doi.org/10.1103/PhysRevB.59.6742
http://dx.doi.org/10.1103/PhysRevB.59.6742
http://www.angewandte.org


[109] P. Schapotschnikow, R. Pool, T. J. H. Vlugt, Mol. Phys. 2007,
105, 3177 – 3184.

[110] R. Pool, P. Schapotschnikow, T. J. H. Vlugt, J. Phys. Chem. C
2007, 111, 10201 – 10212.

[111] P. Schapotschnikow, R. Pool, T. J. H. Vlugt, Nano Lett. 2008, 8,
2930 – 2934.

[112] P. Schapotschnikow, T. J. H. Vlugt, J. Chem. Phys. 2009, 131,
124705.

[113] S. Piana, M. Reyhani, J. D. Gale, Nature 2005, 438, 70 – 73.
[114] Y. Qin, K. A. Fichthorn, J. Chem. Phys. 2003, 119, 9745 – 9754.

[115] I. Singer-Loginova, H. M. Singer, Rep. Prog. Phys. 2008, 71,
106501.

[116] N. Pienack, W. Bensch, Angew. Chem. 2011, DOI: 10.1002/
ange.201001180; Angew. Chem. Int. Ed. 2011, DOI: 10.1002/
anie.201001180.

[117] C. Sch�n, M. Jansen, Angew. Chem. 1996, 108, 1358 – 1377;
Angew. Chem. Int. Ed. 1996, 35, 1286 – 1304; M. Jansen, Angew.
Chem. 2002, 114, 3896 – 3917; Angew. Chem. Int. Ed. 2002, 41,
3746 – 3766; M. Jansen, J. C. Sch�n, Angew. Chem. 2006, 118,
3484 – 3490; Angew. Chem. Int. Ed. 2006, 45, 3406 – 3412; M.
Jansen, K. Doll, J. C. Sch�n, Acta Cryst. A 2010, 66, 518 – 534.

Crystal Nucleation and Growth

2013Angew. Chem. Int. Ed. 2011, 50, 1996 – 2013 � 2011 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim www.angewandte.org

http://dx.doi.org/10.1080/00268970701802432
http://dx.doi.org/10.1080/00268970701802432
http://dx.doi.org/10.1021/jp071491d
http://dx.doi.org/10.1021/jp071491d
http://dx.doi.org/10.1021/nl8017862
http://dx.doi.org/10.1021/nl8017862
http://dx.doi.org/10.1063/1.3227043
http://dx.doi.org/10.1063/1.3227043
http://dx.doi.org/10.1038/nature04173
http://dx.doi.org/10.1063/1.1615493
http://dx.doi.org/10.1088/0034-4885/71/10/106501
http://dx.doi.org/10.1088/0034-4885/71/10/106501
http://dx.doi.org/10.1002/ange.19961081204
http://dx.doi.org/10.1002/1521-3757(20021018)114:20%3C3896::AID-ANGE3896%3E3.0.CO;2-Z
http://dx.doi.org/10.1002/1521-3757(20021018)114:20%3C3896::AID-ANGE3896%3E3.0.CO;2-Z
http://dx.doi.org/10.1002/1521-3773(20021018)41:20%3C3746::AID-ANIE3746%3E3.0.CO;2-2
http://dx.doi.org/10.1002/1521-3773(20021018)41:20%3C3746::AID-ANIE3746%3E3.0.CO;2-2
http://dx.doi.org/10.1002/ange.200504510
http://dx.doi.org/10.1002/ange.200504510
http://dx.doi.org/10.1002/anie.200504510
http://dx.doi.org/10.1107/S0108767310026371
http://www.angewandte.org

