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ABSTRACT Innovations in computational nanoscience have traditionally come in conjunction with
experimental innovations, but uncertainty often surrounds the trustworthiness of in silico studies. While
the accuracy of simulations has been improving every year, considerably less attention has focused on dealing
with increasing complexity, which may be the source of concern. Creating more realistic virtual experiments
(without sacrificing theoretical and numerical accuracy) remains challenging, particularly when we are
confronted with the polydispersivity characteristic of extra silico samples. Fortunately, there are various

theoretical methods that can be used in conjunction with first-principles simulations, not the least of which are
the statistical tools and techniques promised by the emerging fields of materials informatics and data-driven

sciences.

cientists are traditionally among the

early adopters of most new technol-

ogies, and with the advent of com-
puters, it was not long before scientists
began converting their theories and equa-
tions into “ones and zeros”. The first com-
putational studies of materials began to
emerge in the 1970s, but it was perhaps a
decade later before we could claim the birth
of a new scientific domain, around the same
time that nanoscience and nanotechnology
were gaining momentum. The timing was
fortuitous. Unlike computational predeces-
sors in chemistry (physics, biology, and ma-
terials science), computational nanoscience
is unique in that it evolved alongside its
experimental counterpart and, for better or
worse, shared in (and contributed to) the
early years of uncertainty and serendipity of
the field as a whole.

Beyond the excitement that accompa-
nied the common struggle to understand
matter and phenomena at the nanoscale,
we were blessed with time and length scales
that were mutually accessible. The early
years also coincided with the convergence
of increased resolution in experimental
nanoscience, with massively parallel high-
performance computing, and collaborations
flourished. Given this environment, it was
perhaps inevitable that we initially found
ourselves attempting to recover some of
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the familiarity of conventional laboratories in
our virtual domain—recreating established
and experimental methods in cyberspace.
The term in silico is not truly Latin, but is
acknowledged as originating from work by
the mathematician Pedro Miramontes in
1989 to refer to experiments performed
in or on a computer, in analogy to the Latin
phrases in vivo, in vitro, and in situ. Although
popularized for describing virtual screening
experiments, it is now accepted that this
expression encompasses a variety of well-
established simulation methods, length/
time scales, and underlying theories, all of
which conceptually follow the Input = Un-
derstanding of the problem/Output = Data
paradigm. The outcomes of in silico studies
contribute to the body of understanding
when the information contained in the result
is greater than the information required to
describe the problem in the first place, the
same as in any other area of science.
However, even though computational
chemistry, computational physics, and com-
putational materials science have been con-
tributing to knowledge in the field for
decades, it is my impression from discus-
sions with colleagues all over the world that
these contributions are still regarded with
some skepticism. This is perplexing, since
in silico studies can be exactly repeated in
any virtual laboratory using the same codes
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In this Perspective, I
will explore the concept
of truth in
computational
nanoscience and
identify some of the
challenges that are
different than those

of computational
chemistry and

computational physics.

and parameters, whereas the repro-
ducibility of experimental studies is
hampered by variability in samples,
equipment, and the laboratory con-
ditions. Poorly calibrated equip-
ment is just as damaging to results
as poorly converged simulations,
and yet they are viewed differently.
Even among computational scientists,
we discuss “validating” a model
against an experiment, but “explain-
ing” an experiment with a model, the
implication being that the experiment
is already “valid”. | think it is time we
took an objective look at this issue,
and ask ourselves—is it justified?

In this Perspective, | will explore
the concept of truth in computational
nanoscience and identify some of the
challenges that are different than
those of computational chemistry
and computational physics. Drawing
from some of my own research on
metal oxide nanoparticles, which lam
perhaps more qualified to reframe
and to criticize than the work of
others, | will attempt to describe
some of the ways that theoretical
and computational nanoscience is
striving to have impact, and to con-
tribute more effectively to some of
the grand challenges facing science
and society today.

More Than a Matter of Trust. When
thinking about “truth” in terms of
computer simulations, there are
two definitions that come to mind:
accurate and realistic. Experimental
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methods probe entire samples of
nanoparticles that have a distribu-
tion of sizes, shapes, and defects,
and so provide an approximate so-
lution to an exact problem because
the results are an average over all of
the different structural variations
within a sample. In contrast, indivi-
dual computer simulations in the
field apply physicochemical the-
ories to individual structures to pro-
vide exact solutions, but due to
the inherent complexity in realistic
systems, they are usually restricted
to approximations of the problems.
This gives the impression that rea-
lism is sacrificed at the altar of ac-
curacy, and in the case of ab initio
simulations, this is a fair judgment.
Alternatively, there are other simu-
lation methods that deliberately
coarse-grain over the fine details so
that the system can become more
experimentally realistic. Both appro-
aches are valid, and focusing on one
aspect at the expense of the other is
usually necessary to make a unique
contribution to the field. One of the
greatest advantages of collabora-
tions between conventional experi-
ments and “virtual experiments” is
that they provide complementary
information, rather than simply try-
ing to replicate one another.

However, accuracy and realism
are not mutually exclusive, and one
of the great challenges to computa-
tional nanoscientists is how to achieve
both, effectively and simultaneously.
One approach is to use a hierarchy
of established methods,? building on
a foundation of ab initio electronic
structure simulations, and applying
increasing amounts of structural, che-
mical, and environmental realism as
possible (or required). To illustrate this,
let us follow a case study of titanium
dioxide photocatalysts with which |
have been involved over the past
10 years, where humble beginnings
were systematically refined to de-
liver insight regarding their use in
commercial sunscreens. This case
study is conceptually represented in
Figure 1.

At the beginning of this study, there
was already considerable literature
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on the structure and properties of
titania, both experimentally and co-
mputationally, and the issue of size-
dependent selectivity between the
anatase and rutile polymorphs had
already been considered.* The pre-
vious work had drawn on classical
simulations, so the first step was to
increase the accuracy of the input
parameters by using higher order ab
initio simulations.” These parameters
largely consisted of a collection of
surface properties, and as both ana-
tase and rutile are crystalline materi-
als, it was necessary to employ a more
sophisticated multivariate phenom-
enological model® that treated the
nanoparticles as faceted polyhedra.”
This actually represented a consider-
able innovation at the time, as pre-
vious similar studies were content to
approximate nanoparticles as spheres.
As a result, a more detailed relation-
ship between the size, shape, and
solid phase was uncovered, and
it was shown that, depending on
the particle shape, the characteristic
anatase-to-rutile phase transforma-
tion could be expected anywhere
from ~8 to ~18 nm in average
diameter.2 While this was theoreti-
cally and computationally satisfying,
in truth, it merely explained the source
of the error bars in related experi-
ments, which were conducted on
samples with considerable structural
polydispersivity.”

At the time, the principal criti-
cism of this work was a lack of
realism. The ab initio simulations
were conducted at T~ 0K, in vacuo,
and the surfaces were reconstruc-
ted but assumed to be “clean”.
While being accepted approxima-
tions among computational scien-
tists (who often aim for exact solu-
tions to approximate problems),
the inconsistency with experimental
systems was undoubtedly a source
of skepticism. Therefore, using the
same flavor of ab initio simulations, a
much larger set of parameters was
generated, which explicitly included
different types of surface chemistry,
characteristic of different types of
local chemical environments.'® This
facilitated a new investigation of
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Figure 1. Conceptual representation of the progression of the six year case study on titania photocatalysts: beginning with a
comparison of (a) “spherical” nanoparticles of anatase (red) and rutile (green) and (b) faceted polyhedral of the same.
Reprinted with permission from ref 7. Copyright 2004 American Physical Society. (c) The introduction of diverse surface
chemistry. Reprinted with permission from refs 10 and 11. Copyright 2005 Elsevier, American Chemical Society, respectively.
(d) The encapsulation of and extension of this information in a size—temperature phase diagram. Reprinted from ref 13.
Copyright 2008 American Chemical Society. (e) Mapping this diagram to the number density of surface cations, to create a
structure/property map of maximal photocatalytic activity. Reprinted with permission from ref 14. Copyright 2011 Royal
Society of Chemistry. (f) The combination of the photocatalytic structure/property map with complementary maps of the
associated optical properties, for the assessment of titania nanoparticles in sunscreens. Reprinted with permission from ref
18. Copyright 2010 Nature Publishing Group.

the relationship between particle
shape and chemical environment,
and suggested ways that selective
passivation could be used in the
context of shape engineering.' More-
over, by exploiting the applicability
and versatility of ab initio thermo-
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dynamics,'? it was possible to extend
the new parameters to include the
impact of variations in the surround-
ing temperature and the supersatura-
tion of the chemical reservoir. This led
to the development of the first envir-
onmentally sensitive phase diagram of
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nanoscale titania, which mapped the
equilibrium shape and phase as a
function of size and temperature,’
and located the conditions for a “co-
existence zone” where phase transfor-
mations would be accompanied by
surface reactions.
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One of the greatest
advantages of
collaborations between
conventional
experiments and
“virtual experiments”
is that they provide
complementary
information, rather
than simply trying to

replicate one another.

This combination of techniques is
now referred to as thermodynamic
cartography, and over the years, it
has been used to map the relation-
ship between the size and shape of
any inorganic nanostructure as a
function of “environmental para-
meters”, such as temperature, pres-
sure, or even humidity, based on a
limited set of material-specific input
parameters that can be obtained
accurately. However, the greatest
benefit comes in the application of
the predictions contained in these
maps, as a basis for more versatile
structure/property relationships. In
this case study, the environmentally
sensitive phase diagram underpinned
the development of a structure/
property map of the photocatalytic
activity, characterized by the density
of cationic surface sites where reactive
oxygen species (ROS) can be gene-
rated.™ This can only be done when
the materials in question are crystal-
line, the shapes are polyhedra, and
the fractional area and atomic struc-
ture of each facet are known at all
points in the phase diagram, as it was
in this case.

Structure/property maps of this
type are useful in guiding deci-
sion making, identifying the most
(physically or economically) efficient
options, and anticipating how stable
it is likely to be under a range of
different conditions. However, since
some properties of nanomaterials are
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undesirable (such as the generation
of ROS™9) it is also possible to in-
corporate these predictions into tech-
nology assessment activities.'”” A
fitting example is the final part of this
case study, where the additional rea-
lism in the simulations assisted in the
assessment of titania nanoparticles in
sunscreen.'® The desirable optical pro-
perties of metal oxide nanoparticles
can make sunscreen more aestheti-
cally pleasing to consumers (thereby
increasing adoption), and offer a high-
er sun protection factor (SPF), but the
photocatalytic generation of ROS at
the surfaces could have undesirable
side effects.'®? It has been estimated
that 4000—6000 t of sunscreen wash
off swimmers annually in oceans
worldwide,?' and so understanding
the potential hazards posed by the
nanoparticles when they are released
from the topical matrix can assist in
product design. The results of this case
study suggested that (among the pro-
perties considered) there are certain
nanoparticle sizes and concentrations
that manufacturers should avoid
to mitigate this risk, leaving many
other size/concentration combina-
tions that can still deliver a sustainable
product.

If we want to describe
realistic nanomaterials
and phenomena
accurately in silico,
then we must confront
the need to include
more complete spectra
of all possible states of
the systems, and treat
the problem
probabilistically.

This is a simple example, with scope
for further advancement, but it
serves to illustrate the point. A dis-
crete set of accurate results can be
combined with suitable descriptions
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of more realistic conditions, to con-
tribute in a meaningful way to real
world problems.

Diversity and Complexity. An assump-
tion that is preserved throughout this
example is one that has its roots in
chemistry: that all of the nanoparticles
are the same. This is understandable,
since one of the great advantages
in the field of chemistry is the oppor-
tunity to purify samples, but is it just-
ifiable? In a sample of water, it is
effectively possible to achieve ~100%
concentration of H,O molecules,
and all H,O molecules are identical
(instantaneous vibrational configura-
tions aside). This is not the case in
nanoscience, even if chemical purity
could be achieved. In a sample of
nanoparticles, the structures are not
identical. Considerable effort has been
directed to producing “monodispersed”
nanoparticle systems, but in almost all
cases (and certainly all economically
feasible cases), structural polydispersiv-
ity persists. Omitting this complexity
diminishes the realism, and could cer-
tainly be considered a failure of the case
study described above. A more opti-
mistic perspective to take, however, is
that it has left room for improvement.

Embracing this complexity does,
however, present a problem for com-
putational nanoscience, which has
gained acceptance on the promise
that predictions could be extrapo-
lated based on accurate simulations
of a given “model” structure in the
ground state. For many methods, and
many researchers, this has been our
distinguishing feature, our unique va-
lue proposition. Remember that the
vast majority of researchers have
been striving to achieve greater ac-
curacy. However, the conditions un-
der which any molecule, material, or
nanostructure will actually be in the
ground state are very rare (in vacuo,
at low temperature, and entirely iso-
lated from any external fields). All of
the realism described above will per-
turb the system, so the true ground
state of the system will only be
achieved instantaneously, if at all. This
issue is well-known to those working
with classical molecular dynamics, for
example.
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If we want to describe realistic
nanomaterials and phenomena ac-
curately in silico, then we must con-
front the need to include more co-
mplete spectra of all possible states of
the systems, and treat the problem
probabilistically.?? Most characteriza-
tion experiments do not measure the
relative stability of different morphol-
ogies, they infer it from the observed
populations of different morpholo-
gies. Moreover, most devices will
not operate under equilibrium condi-
tions, so performance is not contin-
gent on what is most stable, only
what is most probable. Perhaps it is
this lack of diversity, and the rarity of
computational studies that success-
fully combine accuracy and realism,
that fuels mistrust of many computa-
tional results.

Welcoming the Next Generation. Deal-
ing with the complexity of ensembles
of diverse nanostructures may seem
overwhelming, so we are fortunate
that a new paradigm is emerging, to
redefine the meaning of in silico.
Data-driven science is now maturing
beyond established fields such as
genomics and bioinformatics, and
material informatics is providing new
tools and new ways of thinking about
solids state physics, materials science,
and inorganic chemistry. The US.
Materials Genome Initiative (MGI),
launched in June 2011 by President
Barack Obama, is an exemplary ma-
terials informatics platform and similar
programs are beginning across the
world. These programs represent new
opportunities, but like any new re-
search domain, there will be a period
of adjustment as researchers em-
brace the new perspective: Input =
Data/Output = Better understanding
of the problem.

For nanoscience this formula is
just what we need. The statistical
methods inherent in data-driven
science will provide the ideal tools
to study the collective behavior of
entire ensembles of polydisperse
nanostructures, characteristic of ex-
tra silico samples. We will be able to
reproduce the outputs generated
by conventional experiments more
closely, and to quantify the roles of
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distributions in determining proper-
ties and performance. We can apply
these tools to simulation data col-
lected combinatorially, in a return to
our origins;' or to experimental data
generated with high-throughput
methods, extending our scope, en-
couraging deeper collaboration, and
enriching the in silico domain.

As we enter this new era of in
silico science, it is important to keep
all of these issues in perspective.
Just as traditional simulation-based
modeling suffered from widespread
skepticism until the body of bench-
marks, standards, and validation pro-
cedures gained strength, so too mat-
erials informatics—and, one can only
speculate, a future subfield of materi-
als informatics, such as “nanoinfor-
matics"—will need time to grow. By
treating ensembles of structures that
combine the theoretical/numerical ac-
curacy with chemical/environmental
realism, we will be working in the right
direction to overcome this barrier, and
come one step closer to providing
exact solutions to exact problems. This
is our new frontier.
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