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Preface

Accelerating materials discovery has been the theme of a number reports from the
Department of Energy’s Office (DOE) of Basic Energy Science (BES), the National
Science Foundation (NSF), the National Academies and other government agencies
and professional societies. As a driver for accelerating materials discovery, the
Materials Genome Initiative, announced by the President, is part of a bold plan to
boost US manufacturing over the next few decades by halving the time it takes
to discover and design new materials. In this plan, accelerating discovery relies on
using in the material sciences large databases, computation, mathematics, and
information science in a manner similar to the way that they were used to make the
Human Genome Initiative a success for the biological sciences. Novel approaches
are therefore being called for that can explore the enormous phase space presented
by complex materials and processes. If we are to achieve the desired performance
gains, then we must have a predictive capability that can guide experiments and
computations in the most fruitful directions by reducing the possibilities that need
to be tried.

Despite advances in computational and experimental techniques to generate
large volumes of data to screen the vast search space, it is clear that the outstanding
challenge remains to integrate information-theoretic tools and materials knowledge,
in the form of constraints imposed by theory, to develop, robust, predictive tools for
materials design and discovery. The rapidly emerging field of materials informatics
provides the critical methodology that enables the discovery, identification, and
harnessing of the materials “genes” for accelerated materials discovery and design.

We provide in this book a collection of articles in this nascent field which inte-
grates contributions from the information sciences and materials communities. The
collection is partly derived from a workshop held at Santa Fe, New Mexico, February
4-7, 2014 that was organized by the editors and sponsored with support from the
Centers for Nonlinear Studies and Information Science and Technology at Los
Alamos National Laboratory and National Science Foundation (Grant #: 13-07811).
It outlines challenges and opportunities in the use of information-theoretic tools and
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evaluates the state of the art on a number of materials-motivated problems. Presented
are contrasting but complementary approaches, such as those based on
high-throughput calculations or experiments, as well as data-driven discovery,
together with the merits and challenges of machine-learning and statistical inference
methods to accommodate searches within a high dimensional feature space.

The book is organized into three parts. In the first part, following a perspective
of the state of the art in materials design and discovery, Chaps. 2—6 focus largely on
information-theoretic tools and how they apply to specific materials problems.
Chaps. 2 and 3 discuss how aspects of decision theory within a Bayesian frame-
work can be used for optimal experimental design. In particular, Chap. 2 discusses
how to decide on the best pair of experiments for inferring the parameters of a given
model, as well as how to choose an experiment to distinguish between competing
models. Chapter 3 discusses strategies based on methods for global optimization for
choosing the next experiment to find a material with a desired property. Proceeding
from problems involving regression to those requiring classification, Chap. 4
focuses on Bayesian methods for classifying objects, especially in the limit of small
samples where classifier design procedures, which work well with large samples,
can have problems when data is limited. The first part of this monograph is
concluded with Chaps. 5 and 6 which deal with different aspects of clustering.
Chapter 5 considers the effectiveness of data visualization algorithms that look for
groupings of features and materials. Chapter 6 discusses how community detection,
studied in statistical physics, can be used to partition a complex system into
decoupled subsets at different spatial and temporal scales.

The focus of the second part of the book, Chaps. 7-12, is the application of
informatics tools to materials science problems. Chapter 7 discusses how param-
eters in the additive manufacturing process may be constrained by combining
simulations and experiments using feature selection and data-driven models.
Learning from high-throughput data generated from electronic structure calcula-
tions is the emphasis of Chaps. 8—11. Techniques such as principal component
analysis (PCA), support vector regression (SVR), partial least squares, and Kriging
using Gaussian process modeling suggest new features and materials with specified
properties. Chapter 8 shows how suitable dopants in an oxide may be identified for
increasing water-splitting processes. Applications in Chap. 9 include the discovery
of cathode materials for lithium-ion batteries and thermoelectrics. Chapter 10
focuses on the layered compounds known as MAX phases, and Chap. 11 discusses
ab initio methods and applied crystallography tools for descriptor development to
establish structure—property relationships. Chapter 12 describes hybrid methods that
integrate statistical learning techniques, to extract features from the density of states
for predicting elastic properties, such as bulk modulus and yet unexplored
chemistries.

The third and final part, Chaps. 13 and 14, discusses high-throughput experi-
ments, which generate large amounts of data. With appropriate characterization
tools, the idea is to quickly identify the subspace of the large parameter space where
a new compound with desired properties may be found. Such experiments, together
with informatics tools, provide opportunities for “combinatorial materials science.”
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Chap. 13 provides a review in the context of multifunctional materials, and
Chap. 14 incorporates aspects of informatics with a focus on solar fuel applications
and multicomponent oxide catalysts.

The book is aimed at an interdisciplinary audience as the subject spans aspects of
statistics, computer science, and materials science and will be of timely appeal to
those interested in learning about this emerging field. We are grateful to all the
authors for their articles as well as their support of the editorial process.

Los Alamos, USA Turab Lookman
Los Alamos, USA Francis J. Alexander
Buffalo, NY Krishna Rajan
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Chapter 1
A Perspective on Materials Informatics:
State-of-the-Art and Challenges
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Abstract We review how classification and regression methods have been used on
materials problems and outline a design loop that serves as a basis for adaptively
finding materials with targeted properties.
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1.1 Introduction

There has been considerable interest over the last few years in accelerating the process
of materials design and discovery. The Materials Genome Initiative (MGI) [1], Inte-
grated Computational Materials Engineering (ICME) [2] and Advanced Manufac-
turing [3] initiatives have spurred considerable activity and brought new researchers
into the nascent field of materials informatics which includes the accelerated design
and discovery of new materials. The activity has also highlighted some of the open
questions in this emerging area and our objective here is to provide a perspective of
the field in terms of general problems and information science methods that have
been used to study classes of materials, and point to some of the outstanding chal-
lenges that need to be addressed. We are guided here by our own recent work at the
Los Alamos National Laboratory (LANL).

One of the earliest-studied problems in modern materials informatics relates to the
classification of AB solids into their stable crystal structures, based on key attributes
of the chemistry and properties of the individual A and B constituents. The empha-
sis was on finding features that can give rise to easily visualized two-dimensional
structural maps by “drawing” boundaries between classes. The problem was first
studied in the 1960s [4] but Chelikowski and Phillips [5], studying the same problem
in 1978, recognized the connections to information science. Realizing that energy
differences between structures were rather small, they observed that “from the point
of view of information theory, ...the available structural data already contain a great
deal of information: about 120 bits, in the case of the AB octet compounds. Thus one
can reverse the problem, and attempt to extract from the available data quantitative
rules for chemical bonding in solids.” They realized that suitable combinations of
orbital radii of the individual A and B atoms were appropriate features for predicting
the crystal structure of the AB solids. Over the last few years, this problem has been
revisited with a variety of machine learning methods (decision trees,support vector
machines, gradient boosting, etc.) [6—8] and there have been a number of studies that
have classified different materials classes, such as perovskites [9]. Feature selection
from data remains a fundamental exercise and here principal component analysis and
correlation maps have been widely employed. Recently, high-throughput approaches
have been utilized to form combinations of features from a given set and then certain
key combinations are down-selected [6].

The problem of materials design is about predicting the composition and
processing of materials with a more desired targeted property and therefore involves
regression that leads to an inference model from training data. For example, for
ferroelectrics one may wish to discover lead-based or lead-free piezoelectrics with
a high transition temperature or high piezoelectric coefficient. For shape memory
alloys, one may seek compounds with reduced dissipation or low hysteresis. Typi-
cally, such materials are usually found in an Edisonian fashion using intuition and
time-consuming trial and error. In recent years, theory has become powerful enough
to predict very accurately some material characteristics, for example, ab initio cal-
culations predict elastic constants, inter-atomic distances, crystal structure, polar-
ization, etc. However, the parameter space is just too large and there are too many
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possibilities, and even if nature rules out many of the possible combinations, the
numbers are still staggering. Moreover, physical and chemical constraints make the
realization of many theoretically possible materials impossible. Thus, one needs to
successively improve or learn from available data candidate materials for further
experiments and calculations. Recently, a number of studies have utilized regression
methods to predict materials with given properties. However, most research in mate-
rials design has been based on high throughput approaches using electronic structure
calculations. Typically, a large database is assembled with calculated properties and
this is successively screened for materials with desired properties. High-throughput
experiments have also been undertaken more recently to screen for candidate mate-
rials for further experiments [10, 11]. When it comes to multicomponent alloys or
solid solutions, these methods have limitations. Moreover, very few studies have
combined statistical inference with the high-throughput approach.

1.2 Statistical Inference and Design: Towards Accelerated
Materials Discovery

Figure 1.1 illustrates our vision for the overall materials informatics/design problem.
This shows a feedback loop that starts with the available assembled data (box 5),
which may be obtained from multiple sources, including experiments or calculations.
Materials knowledge (box 1) is then key in selecting the features and prescribing the
constraints amongst them. Our aim is to train a statistical inference model that esti-
mates the property (regression) or classification label with associated uncertainties
(box 2). Classification models answer categorical questions: Is a compound stable?

©) 16)) .
Domain knowledge | | Statistical 4, %,
. q )
Physics models ) J% inference
e
i
® | 1 :
MATERIALS Adaptive
PROJECT, etc experimental
w 7 design
-

Materials
synthesis and

characterization
Success

Fig. 1.1 Statistical Inference and design: A feedback loop to find a material with a desired targeted
property. Prior or domain knowledge, including features, provide input to an inference model that
predicts a label or a property with uncertainty. An experimental design or decision making module
balances trade off between exploiting information or further exploring the high dimensional search
space where the desired material may be found. A material is suggested for experimentation or
calculation and the process repeats itself incorporating updated information
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Isitapiezoelectric? Whatis its crystal symmetry? Regression models produce numer-
ical estimates: What is the material’s piezoelectric coefficient? What is its transition
temperature? Because there usually is a limited quantity of training data, and because
the space of possibilities is so high-dimensional, incorporation of domain knowl-
edge is of potentially great value. Here explicitly Bayesian approaches, in which
this knowledge is coded into prior probability distributions, and more traditional
machine learning algorithms (such as support vector machines) in which case the
domain knowledge could be incorporated as constraints or folded into the kernel
design, become important [12].

Much existing work is essentially based on going from box 1 to box 4 in Fig. 1.1.
A case in point are projects such as the Materials Project [13] and AFLOWLIB [14]
focused on establishing databases using electronic structure calculations to make
predictions. However, there are a few studies that use inference to make predictions.
Examples include predictions of melting temperature [7, 8, 15] or piezoelectrics
with high transition temperatures [16]. The search for piezoelectrics serves as a good
example to contrast the two approaches. Extensive ab initio calculations were per-
formed on a chemical space represented by 63> = 3969 possible perovskite ABOj3
(up to Bi but excluding a few such as H and inert gases) end structures [17]. The
number of possibilities were filtered down to 49 by discarding compounds that are
nonmetallic or whose structures have small energy barriers to distortions across the
morphotropic phase boundary (MPB) according to preset values. Almost no opti-
mization or learning tools are used other than what may be involved in seeking an
optimal minimum energy solution at zero temperature. All the physics is contained
in this first-principles calculation, and we are not aware if any of this group’s pre-
dictions of piezoelectricity have been verified experimentally. On the other hand,
the approach of Balachandran et al. [16] on the same type of problem was to focus
on a given subclass of piezoelectrics (e.g. Bi based) with known crystallographic
and experimental data and use off-the-shelf inference tools to obtain candidates with
high transition temperatures and that were formable. The tools included principal
component analysis (PCA) for dimensionality reduction, partial least squares (PLS)
regression for predicting transition temperatures and recursive partitioning (or deci-
sion trees) with a metric such as Shannon entropy for classification. The training
data sets for PCA or regression studies were rather small (about 20 data points, 30
features) but data sets with 350 data points were also used to identify stable/formable
perovskite compounds. Two new compounds were predicted, of which one has been
synthesized [18], with the predicted transition temperature differing by 30-40 %.
However, a key element lacking is the issue of uncertainties in predictions.

In Fig. 1.2, we demonstrate using an example, where we have used bootstrap
methods (i.e. sampling with replacement) to estimate prediction uncertainties. Here,
we took the same Bi-based piezoelectrics data set as that utilized in the work of
Balachandran et al. [16] We generated a large number of bootstrapped samples (as
opposed to using just one in the earlier work of Balachandran et al.) and utilized sup-
port vector regression (SVR) for predicting the Curie temperature (7¢). Our results
with uncertainties are shown in Fig. 1.2. On average, we obtained a standard devi-
ation of 37°C from the mean value of predicted 7c. More importantly, we also
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Fig. 1.2 Predictions using support vector regression (SVR) with uncertainties from bootstrap
method. The piezoelectric data set of Bi-based PbTiO3 solid solutions was used for machine learn-
ing. Tc (in °C, y-axis) is the predicted ferroelectric Curie temperature at the morphotropic phase
boundary (MPB). We use the SVR model and predicted 7¢ for two new compounds, BiLuO3-
PbTiO3 and BiTmO3-PbTiO3, to be 552.5 79 and 564.2 £ 97 °C, respectively. Experimentally,
Tc for BiLuO3-PbTiO3 was measured as 565°C [18]

predicted the 7¢ for two new compounds, BiLuO3-PbTiO3; and BiTmO3-PbTiOs3,
to be 552.5 +79 and 564.2 97 °C, respectively with 95 % confidence. Experimen-
tally, T¢ for BiLuO3-PbTiO; was measured as 565 °C [18], in close agreement with
the current results from SVR. On the other hand, PLS predicted the 7¢ for BiLuO;3-
PbTiO; to be 705 °C. The merit of this example is that it shows in a rather modest
manner that the informatics approach, even if manual and piecemeal, is potentially
capable of predicting new materials.

A key aspect of our design loop is the uncertainty associated with the properties
predicted from inference (box 2). These play a role in the adaptive experimental
design (box 3) which suggests the next material to be chosen for further experiments
or calculation (box 4) by balancing the tradeoffs between “exploration and exploita-
tion”. That is, at any given stage a number of samples may be predicted to have
given properties with uncertainties. The tradeoff is between exploiting the results by
choosing to perform the next experiment on the material predicted to have the largest
property or further improving the model by performing the experiment or calculation
on a material where the predictions have the largest uncertainties. By choosing the
latter, the uncertainty in the property is expected to (given the model, statistiscs)
decrease, the model will probably improve and this will influence the results of the
next iteration in the loop. While there is a considerable literature on error estima-
tion methodologies, accurate and reliable error estimation with limited data is harder
than simple prediction, and there is an even a stronger case for incorporating domain
knowledge. [8, 19, 20]

Extracting measures of confidence, while at the same time encoding prior knowl-
edge, is not an easy task but recent research in cancer genomics has demonstrated
that increasing confidence in classification analysis built on small databases benefits
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significantly from using prior knowledge [21, 22]. Prior domain knowledge con-
strains statistical outcomes by producing classifiers that are superior to those designed
from data alone. How to use prior knowledge in classification and regression is a prob-
lem not only for materials and cancer genomics but for machine learning generally.
Developing ways of constructing and using prior domain knowledge will distinguish
the materials machine learning approach to classification and regression. The les-
son learned from high-throughput genomics concerning classification is that, in high
dimensional, small-sample settings, model-free classification is virtually impossible.
The reason is that the salient property of any classifier is its error rate because the
error rate quantifies its predictive capacity, which is the essential issue pertaining to
scientific validity. Since the error rate must be estimated, there must be an estimation
procedure and, with small samples, this procedure must be applied to the same data
as that used for designing the classifier. In cancer genomics, Dalton and Dougherty
[19, 20] addressed the problem by formulating error estimation as an optimization
problem in a model-based framework and leads to a minimum-mean-square-error
(MMSE) estimate of the classifier error. They formulate a prior probability distri-
bution over a class of possible distributional models governing the features to be
measured and the possible decisions to be made, each such model being known as a
feature-label distribution. They then design a classifier from the data and an optimal
MMSE error estimate is derived from the data. How well this approach will work
for materials problems remains an open question.

In Figs. 1.3 and 1.4 we provide more details of our loop. Figure 1.3 shows how
the loop would actually work in practice, and some of the algorithms that may be

Characterization Theon
New Material y
Synthesis
optimal [[77
material(s) |} |
Iterative -
Feedback ) r
virtual |[
Loop materials |
Machine o—> Classification
Learning  f—> Regression

¢——Database

[
i
! Features Response
: Size of an atom Thermal hysteresis
. Compositions/ | Ionicity/Covalency Formability

® | Materials Library Bond distortions Band gap

Fig. 1.3 The design loop in practice showing different stages of machine learning and adaptive
design strategies with an iterative feedback loop. For completeness, we have also included experi-
ments (synthesis and characterization), which are vital for validation and feedback. KG, EGO and
MOCU stand for knowledge gradient, effective global optimization and mean objective cost of
uncertainty, respectively
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Fig. 1.4 A sub-component of our adaptive design loop showing the synergy between statistical
models (box 2), experimental design (box 3) and validation (typically via experimental synthesis
or simulation as shown in box 4). Statistical models use the available data to fit a regression model
(f) along with an uncertainty measure (e¢). The experimental design component then evaluates the
tradeoff between exploitation and exploration and suggests the “best” material (y;) for validation.
Here the term “best” need not correspond to a material with the optimal response. Alternatively, it
refers to the choice of a material that would reduce the overall uncertainty in our model. Different
statistical learning (including Bayesian learning) and adaptive design methods are given

used as part of the statistical inference and design tools, are shown in greater detail
in Fig. 1.4. The green emphasize algorithms that can be utilized today and the red
represent areas requiring further study and development. Design algorithms include
well known exploitation-exploration strategies such as efficient global optimization
(EGO) [23], and the closely related knowledge gradient(KG) [24] based on single-
step look ahead.

1.3 Progress and Concluding Remarks

Our work at LANL has involved studying a number of materials problems along
the lines of the approach described. These include problems involving classification
learning and regression, which essentially involve an inner loop of Fig. 1.1 with boxes
2,4 and 5. We have examined the role of features in classifying AB octet solids [8]
and perovskites [9], as well as predicting new ductile RM intermetallics, where R
and M are rare earth and transition metal elements, respectively [25]. These studies
have suggested new features that led to better classification as well as new materials.
In the case of RM intermetallics, we have shown that machine learning methods
naturally uncover the functional forms that mimic most frequently used features
in the literature, thereby providing a mathematical basis for feature set construction
without a priori assumptions [25]. Our classification models (Fig. 1.5) that use orbital
radii as features predicted that ScCo, Sclr, and YCd should be ductile, whereas each
was previously proposed to be brittle. These results show it is possible to design
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Fig. 1.5 Classification learning using decision trees to predict whether a given RM intermetallic,
where R and M are rare earth and transition metal elements, respectively, is brittle and ductile. a
Decision tree that uses the orbital radii as features and (b) Decision tree that uses the principal
components (RM-PC2 and RM-PC4) that automatically extracts features in the form of the linear
combinations of orbital radii. For example, RM-PC2 is defined as —O.7OrI’)/l + 0.O8r§vl — 0.71r§4.

M M

Features r )", " and r}}/{ are the p-, s- and d-orbital radii of atom-M, respectively
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targeted mechanical properties in intermetallic compounds, which has significant
implications for next-generation multi-component alloy discovery.

Our on-going work on multi-objective regression includes predicting functional
polymers with large band gaps, as well as large dielectric constants for energy storage
applications. Similarly, we are also performing high-throughput density functional
theory (DFT) calculations to generate large data sets, which are subsequently mined
using machine learning methods to identify new and previously unexplored candidate
water splitting compounds for catalysis.

In the area of adaptive design, our focus has been on demonstrating the feedback
loop of Figs. 1.1 or 1.3 with tight coupling to an “oracle”, which can be experiments
(synthesis and characterization) or calculations. Specific materials studies include
discovering new low thermal dissipation shape memory alloys, as well as Pb-free
piezoelectric solid-solutions starting from experimental data on specific multicompo-
nent systems. The search spaces can be well defined, for example, they can be a factor
of 107 greater than the size of the training data. In addition, extensive databases from
ab initio calculations become invaluable in benchmarking the various algorithms.
For example, elastic moduli data for the hexagonal layered M, AX phases consist of
a library of 240 compounds. The ab initio data of the elastic constants and moduli
were taken from the literature [26] with results well calibrated to experiments. In
the M, AX phases, X-atoms reside in the edge-connected M octahedral cages and
the A atoms reside in slightly larger right prisms [27]. These M, AX phases repre-
sent a unique family of materials with layered crystal structure and both metallic-
and ceramic-like properties. We used orbital radii of M, A, and X atoms from the
Waber-Cromer scale [28] as features, which include the s-, p-, and d-orbital radii
for M, while the s- and p-orbital radii were used for A and X atoms. With the M, AX
data, we benchmarked our adaptive design strategy, i.e. explored different train-
ing set sizes, regressors, regressor/optimization combinations, etc., and uncovered
invaluable guidelines that were eventually useful for real materials design problems.
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Implementing the loop using simulation codes allows us to optimize the use of
these codes in seeking a well defined set of parameters or constraints for given targeted
outcomes. For example, an industry standard code for simulating semiconducting
materials is APSYS (Advanced Physical Models of Semiconductor Devices). It is
based on 2D/3D finite element analysis of electrical, optical and thermal properties
of compound semiconductor devices, with silicon as a special case with an emphasis
on band structure engineering and quantum mechanical effects. Inclusion of various
optical modules allows one to configure applications involving photosensitive or light
emitting diodes (LEDs). We have been recently using APSYS to investigate how to
optimize the LED structure (number of quantum wells, indium concentration) of
GaAs based systems for highest internal quantum efficiencies at high currents.

In summary, the use of classification and regression methods, in combination
with optimization strategies, has the potential to impact discovery and design in
materials science. What is needed is to establish how these tools perform on an array
of materials classes with differing physics in order to distill some guiding principles
for use by the materials community at large.
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Chapter 2
Information-Driven Experimental Design
in Materials Science

R. Aggarwal, M.J. Demkowicz and Y.M. Marzouk

Abstract Optimal experimental design (OED) aims to maximize the value of
experiments and the data they produce. OED ensures efficient allocation of lim-
ited resources, especially when numerous repeated experiments cannot be per-
formed. This chapter presents a fully Bayesian and decision theoretic approach to
OED—accounting for uncertainties in models, model parameters, and experimental
outcomes, and allowing optimality to be defined according to a range of possible
experimental goals. We demonstrate this approach on two illustrative problems in
materials research. The first example is a parameter inference problem. Its goal is
to determine a substrate property from the behavior of a film deposited thereon.
We design experiments to yield maximal information about the substrate property
using only two measurements. The second example is a model selection problem. We
design an experiment that optimally distinguishes between two models for helium
trapping at interfaces. In both instances, we provide model-based justifications for
why the selected experiments are optimal. Moreover, both examples illustrate the
utility of reduced-order or surrogate models in optimal experimental design.

2.1 Introduction

Experiments are essential prerequisites of all scientific research. They are the basis
for developing and refining mathematical models of physical reality. Experimental
data are used to infer model parameters, to improve the accuracy of model-based
predictions, to discriminate among competing models, to assess model validity, and
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to improve design and decision-making under uncertainty. Yet experimental obser-
vations can be difficult, time-consuming, and expensive to acquire. Maximizing the
value of experimental observations—i.e., designing experiments to be optimal by
some appropriate measure—is therefore a critical task. Experimental design encom-
passes questions of where and when to measure, which variables to interrogate, and
what experimental conditions to employ.

Conventional experimental design methods, such as factorial and composite
designs, are largely used as heuristics for exploring the relationship between input
factors and response variables. By contrast, optimal experimental design uses a con-
crete hypothesis—expressed as a quantitative model—to guide the choice of exper-
iments for a particular purpose, such as parameter inference, prediction, or model
discrimination. Optimal design has seen extensive development for linear models
(where the measured quantities depend linearly on the model parameters) endowed
with Gaussian distributions [5]. Extensions to nonlinear models are often based on
linearization and Gaussian approximations [15, 21, 36], as analytical results are oth-
erwise impractical or impossible to obtain. With advances in computational power,
however, optimal experimental design for nonlinear systems can now be tackled
directly using numerical simulation [48, 49, 64, 65, 84, 89, 93, 96].

This chapter will present an overview of model-based optimal experimental
design, connecting this approach to illustrative applications in materials science—a
field replete with potential applications for optimal experimentation. We will take a
fully Bayesian and decision-theoretic approach. In this formulation, one first defines
the utility of an experiment and then, taking into account uncertainties in both
the parameter values and the observations, chooses experiments by maximizing an
expected utility. We will define these utilities according to information theoretic
considerations, reflecting the particular experimental goals at hand.

The evaluation and optimization of information theoretic design criteria, in par-
ticular those that invoke complex physics-based models, requires the synthesis of
several computational tools. These include: (1) statistical estimators of expected
information gain; (2) efficient optimization methods for stochastic or noisy objec-
tives (since expected utilities are typically evaluated with Monte Carlo methods); and
(3) reduced-order or surrogate models that can accelerate the estimation of informa-
tion gain. For a simple film-substrate system, we will present an example of such a
reduced-order model, derived from physical scaling principles and an “offline” set
of detailed/full model simulations. This is but one example; reduced-order models
constructed through a variety of techniques have practical use in a wide range of
optimal experimental design applications [48].

The rest of this chapter is organized as follows. Section 2.2 will present the foun-
dational tools of optimal experimental design, beginning with Bayesian inference
and proceeding to discuss several information theoretic design criteria. It will also
discuss the computational challenges presented by this formulation. Section 2.3 will
illustrate the information-driven approach with two examples: optimal design for
parameter inference, in the context of a film-substrate system; and optimal design
for model selection, in the context of heterophase interfaces in layered metal com-
posites. Section 2.4 will discuss open questions and topics of ongoing research.



