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Abstract

Computational Tools for Modeling Planar Defects in Alloys and Designing Materials
Science Curricula

by

Enze Chen

Doctor of Philosophy in Engineering – Materials Science and Engineering

University of California, Berkeley

Professor Mark Asta, Co-chair

Dr. Timofey Frolov, Co-chair

In recent years, the increased availability of computing resources has enabled the construc-
tion of public databases/datasets from automated, high-throughput calculations for materials
structure and properties, often at the atomic level. Rising alongside the heightened popu-
larity of data science and machine learning (ML) techniques, these datasets have greatly
benefited the community by guiding materials design and the development of ML models
such as universal force fields. Thus far, these computational workflows have primarily been
developed for bulk crystals and molecules, and they are relatively less mature for interfacial
properties. In the third chapter, I will present my work building a workflow for calculating
antiphase boundary (APB) energies in Ni3Al, which is important for the high-temperature
performance of Ni-based superalloys in jet turbines. This workflow combines statistical ther-
modynamics, first-principles calculations, and machine learning to produce a database and
predictive models for the APB energy. In the fourth chapter, I will present a computational
tool, the GRand canonical Interface Predictor (GRIP), that can be used for high-throughput,
grand canonical optimization of grain boundary (GB) structures. We specifically demon-
strate the application of GRIP on tilt GBs in hexagonal close-packed (HCP) titanium, as
previous GB optimization studies focused solely on cubic systems. By allowing the density
of atoms in the GB to vary, we discover novel GB phases in HCP Ti with distinct localized
dislocation cores. We use high-temperature molecular dynamics to validate phase stability
and study phase transformations through a novel point defect-induced dislocation pairing
mechanism. In the fifth chapter, I present some complementary work where I use many of
these same tools to enhance materials informatics education, as there exists a critical need
to train materials scientists to harness the growing amounts of computing resources and sci-
entific data. Our nation’s workforce must be proficient in these skills in order to accelerate
materials development to solve grand challenges in areas such as sustainability and public
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health. Specifically, I use the Jupyter Book software to design interactive, digital texts that
we have successfully used for a summer research curriculum and integrated into a materi-
als characterization laboratory course. I will conclude with some ideas for how to build on
the work in this dissertation to continue pushing the frontiers of research and teaching in
materials science and engineering.
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Chapter 1

Introduction

Materials science and engineering (MSE) as an academic discipline has undergone significant
transformation over the years [1]. What began as departments focused on the practice of
mining, metallurgy, and ceramics (including at UC Berkeley) have since evolved to encompass
a diverse range of other materials including soft matter, composites, nanomaterials, and
materials for opto-electronic applications. This interdisciplinary field that I have called
home for the past ten years continues to be shaped by societal needs and forces, which begs
the question: What will the future of MSE look like?

This question is far too broad for a single dissertation to address, so we will narrow the
discussion to one particular area rooted in the metallurgical origins of the field. The ubiquity
of metals and their alloys in society underscores their importance, but in order to solve global
challenges in sustainability, infrastructure, aerospace, national security, and more, we have
to revamp the traditional alloy design process by taking advantage of new developments in
physics-based modeling and artificial intelligence. These technological advancements hope to
accelerate the materials research and development (R&D) process, bring better materials to
market, faster, and with reduced cost. While there has been rapid progress in this space, as
detailed in the following chapters, most of the successes from research labs have not yet been
transferred into the classroom, creating a talent gap that could be bridged with improved
pedagogy. Consequently, there is an exciting opportunity at the intersection of materials,
computing, and education to maximize the future impact MSE will have on our society, and
this convergence will be further explored in this dissertation.

1.1 Planar defects in metal alloys

Most of the metallic materials of practical significance are crystalline, meaning they have
long-range, periodic order as illustrated in Figure 1.1a. While crystallinity is often a desirable
characteristic that results in predictable behavior, it is in fact the places where this crystalline
order breaks down—and defects are introduced—that imbue a material with truly remarkable
properties [2]. Given the plethora of ways one can destroy the perfect arrangement of atoms
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(a) (b) (c)

Figure 1.1: Illustration of planar defects. (a) A bulk perfect crystal with two
species colored blue and gold on a simple cubic lattice. (b) The top half has been
shifted by half of a lattice vector to create an antiphase boundary (APB; dashed blue
line). (c) The top half has been rotated by an angle +θ (rotation axis normal to the
page) and the bottom by an angle -θ to create a symmetric tilt grain boundary (STGB;
dashed magenta line).

in a crystal, defects in solids are often grouped by their dimensionality for convenience and to
illustrate the extent of their influence. Point defects (zero-dimensional) occur at individual
sites in a crystal, such as an atom that is missing from its equilibrium site (vacancy), an
atom occupying the small gaps in the crystal (interstitial), or an atom that has swapped into
another atom’s site (substitution). One-dimensional line defects such as dislocations occur
in segments that snake throughout the crystal and help accommodate atomic displacements
during deformation, among other important properties. Planar defects form when different
crystalline regions, or grains, meet at a two-dimensional interface, where the structural
mismatch is often associated with a variety of excess properties, such as excess energy and
volume (that differ from the bulk solid). Lastly, there are 3D volume defects at larger length
scales such as pores and precipitates that will also influence a material’s properties and
performance. Ultimately, it can be said that the goal of the MSE discipline, and what sets it
apart from other fields of study, is obtaining deeper understanding about and greater control
over the defects that appear in the materials we use.

This dissertation will primarily focus on planar defects in structural alloys [3], although
the interplay between planar defects and other classes of defects will also be discussed. One
common type of planar defect that occurs in ordered solids is an antiphase boundary (APB),
as illustrated in Figure 1.1b. An APB can form when part of the crystal is sheared relative to
the other half, perhaps by the passage of a dislocation, disrupting the ordering locally near
the APB. As the formation of APBs creates energetically unfavorable bonding environments,
the APB energy (γapb) quantifies an energetic barrier to dislocation motion and this barrier
contributes to the strengthening of precipitation-strengthened alloys. One such example is
the strength provided by Ni3Al precipitates in Ni-based superalloys, which have applications
in turbine blades and land-based power generators [4]. Chapter 3 will further explore the
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properties of APBs in Ni3Al and how they are affected by chemical heterogeneity in the
precipitate phase. I will share our computational workflow for high-throughput generation
of APB data, which were then used to train algorithms for predicting the APB energy.

More generally, two grains in a polycrystalline material can arbitrarily intersect to form a
grain boundary (GB), which has a variety of excess properties with important consequences
for strengthening [5, 6], embrittlement [7], diffusion [8], and microstructure evolution [9].
Based on the orientations of the two parent grains, the crystallography of a GB is tradi-
tionally described using five macroscopic degrees of freedom (DOF) [3]. There are three
DOF associated with the 3D misorientation of one grain relative to the other, and two more
DOF for the inclination of the GB plane separating the two crystals. Moreover, there are
many more microscopic DOF including the relative translation of one grain and the addi-
tion/removal of atoms at the GB, leading to a rich spectrum of GB structures. While the
GB character in a real material is quite complex, there are simpler models of GBs that are
still quite powerful and commonly employed to provide insights into GB properties. One
such class is the symmetric tilt grain boundary (STGB), shown in Figure 1.1c, where the
top and bottom grains are rotated in opposite direction by an angle θ relative to an axis
perpendicular to the GB normal. STGBs are relatively easy to construct and they include
an important subclass of twin boundaries (TBs), which are coherent interfaces with mirror
symmetry across the GB plane and hence low GB energy (Egb). The clear crystallography
of STGBs makes them attractive models to study GB-related phenomena, and this will be
further discussed in Chapter 4 in the context of hexagonal closed-packed titanium (α-Ti).
In particular, I will share our workflow for grand canonical optimization of GB structures,
which we used to discover new GB phases in α-Ti.

1.2 Computational alloy design

The structure-property relationships of interfaces like APBs and GBs have been exploited
for decades to achieve many successful results in alloy design. Going forward, there exists an
opportunity to combine experimental efforts with powerful computing techniques to deepen
our understanding and accelerate the development process through an integrated computa-
tional materials engineering (ICME) framework [10]. Analogous to the field of MSE, ICME
is a multiscale framework ranging from the atomic to the macroscale and the work presented
in this dissertation will be focused at the atomic level, i.e., atomistics.

The use of atomistic simulations in materials research has rapidly increased due to the
maturation of density functional theory (DFT) [11] and molecular dynamics (MD) [12] codes,
and advancements in computing have enabled simulations of increasing size and complexity.
Nowadays, it is relatively routine to develop computational workflows for high-throughput
simulations that generate vast amounts of data [13, 14]. These data are not only used
for downstream tasks in the traditional ICME framework (e.g., inputs for coarse-grained
models), but also analyzed using data science (DS) techniques to build predictive statistical
models. The Materials Genome Initiative [15, 16] is a recent effort to develop appropriate
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infrastructure to accelerate materials discovery by leveraging advanced machine learning
(ML) algorithms to analyze the wealth of complex data [17]. While significant progress
in data-driven materials design has been made in the field of structural alloys [18, 19], the
majority of databases and studies focus on bulk crystals and molecules, with relatively less
work on interfaces. Chapter 2 reviews several of the computational techniques that were
used to perform the work in this dissertation, with a particular focus on how they can be
applied to study interfacial structure–property relationships at the atomic level [20].

1.3 Training data-proficient engineers

While computational methods and paradigms like ICME are often celebrated for their an-
ticipated impact, a critical aspect of this transformation is workforce development, ensuring
that current practitioners and next-generation scientists will be able to take full advantage of
these tools. Recent surveys of academic departments in the US have shown an interest from
faculty in promoting more computational literacy in MSE courses to meet post-graduate
needs [21, 22], and there are several programs around the country that have enhanced their
curriculum accordingly [23, 24]. These programs have documented success in modernizing
MSE curricula and helping our students seize the opportunities of tomorrow.

However, given the rapidly changing landscape of computational materials science, there
are still many opportunities remaining in this space. As materials research becomes increas-
ingly invested in DS and ML methods, there is a desire to create new materials informatics
(MI) curricula to meet those needs [25]. Most of the aforementioned examples focus on
physics-based computational models, and it remains unclear (and untested) how to over-
come gaps and barriers for MI education [26]. Furthermore, there are many accessibility
challenges for computational MSE education, often arising from difficulties in transferring
research codes into pedagogical content. These barriers make it difficult for instructors to
create new curricula and they often hamper the student learning experience as students are
faced with software troubleshooting. In Chapter 5, I will discuss some of the ways we have
tried to address these problems using the open-source Jupyter ecosystem. These include a
standalone MI research curriculum and instances where we integrate computing and DS into
core MSE courses at UC Berkeley.

Finally, Chapter 6 rounds out the dissertation by summarizing the ideas presented herein
and formulating some future directions for the computational study of planar defects and
MSE education.
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Chapter 2

Computational Methods

This chapter aims to cover the general theoretical foundations behind the methods presented
in this dissertation and how those motivate the choice of appropriate tools. Specific choices
of settings (e.g., input parameters) pertaining to a particular application will be discussed
in the relevant chapters.

2.1 Atomistic simulations

Atomistic simulations rely on the fundamental laws of physics to parameterize atomic-level
interactions and have been used since the early 50’s to gain insights into the fundamental
behavior of materials. Generally speaking, these algorithms allow users to precisely specify a
set of atomic positions (i.e., xyz-coordinates) and atomic attributes (e.g., elemental identity,
charge), from which a new set of positions and properties are calculated. With advances in
computing, it is now possible to augment traditional materials design methods with high-
throughput atomistic simulations to rapidly explore regions of the design space [13, 14],
as described in subsequent chapters. While atomistic simulations are attractive for their
ability to elucidate fundamental structure–property relationships in materials, there exists
an inherent trade-off between how detailed we model the physical interactions (i.e., the
accuracy) and the computational complexity (i.e., the runtime) of the simulations. Below,
we briefly discuss two common approaches to atomistic modeling that are used for the work
in this dissertation.

2.1.1 Density functional theory (DFT)

Ideally, we would like to use the fundamental equations of quantum mechanics, such as the
Schrödinger equation, to model the atoms’ electrons and solve these equations to obtain the
energy, forces, and other properties of the system [27]. Given that this is an impossible task
for all but the simplest systems, there have been several alternative approaches developed to
approximate such a solution, and many of these first-principles, or ab initio, methodologies
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have been quite successful. One such method is called density functional theory (DFT),
initially developed by Hohenberg and Kohn in 1964 [28] and extended by Kohn and Sham
the following year [29].

In DFT, instead of solving the true Schrödinger equation for the ground-state energy
and wave function, we can solve a variational form that is expressed as a functional of
the electron density. This functional contains terms with well-known expressions in the
independent-particle approximation (e.g., Coulombic interactions, non-interacting kinetic
energy) as well as an unknown exchange-correlation term that subsumes all the remaining
quantum mechanical contributions to the energy. While there have been many analytical
forms proposed for the exchange-correlation functional (a so-called Jacob’s ladder of in-
creasing complexity [30]), we have chosen the generalized gradient approximation (GGA) by
Perdew, Burke, and Ernzerhof [31] for all of the DFT calculations here, given its reasonable
accuracy on our metallic systems of interest. For further computational efficiency, we use
projector-augmented wave (PAW) potentials [32,33] as implemented in the Vienna Ab Initio
Simulation Package (VASP) [34–37].

Ab initio techniques like DFT are attractive because we can use detailed electronic inter-
actions to solve for the energy of any chemical system from first principles. In exchange for
its flexibility and (relative) accuracy, DFT suffers from being computationally expensive and
works practically for at most a few hundred atoms (for the most common algorithms and
computing resources). Periodic boundary conditions are often employed to emulate the “in-
finite” periodicity of a crystal, which means particular care must be taken when simulating
extended defects like APBs to avoid periodic image effects, as discussed in Chapter 3. For
more information regarding DFT and other electronic-structure methods, we encourage the
reader to consult a reference textbook like the ones by Sholl and Steckel [11] and Martin [27].

2.1.2 Molecular dynamics (MD)

Alternatively, instead of worrying about the electrons, we can also treat the atoms classically
and model their interactions through descriptions of the structure of neighboring particles
(e.g., distances, bond angles). In molecular dynamics (MD), the Hamiltonian equations of
motion are integrated to evolve the system over time toward an equilibrium state imposed
by the boundary conditions. Unlike DFT, MD simulations that make use of classical in-
teratomic potentials routinely contain hundreds of thousands of atoms and are leveraged
to study deformation behavior [38], phase transitions [39], defect mobility [40], and more.
They can achieve this scale because the interatomic interactions are now parameterized
using empirical potentials fit to experimental and simulated data. The potentials range
in complexity from classical pair potentials with simple analytical forms [41] to modern
machine-learned potentials based on deep neural networks [42]. The MD simulations in this
dissertation (Chapter 4) use interatomic potentials (IAPs) with the forms corresponding
to the embedded-atom method (EAM) formalism by Daw and Baskes [43] and the modified
embedded-atom method (MEAM) formalism by Baskes [44]. Both take the following general
form:
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Etot =
1

2

∑
i ̸=j

ϕij(rij) +
∑
i

Fi(ρi) (2.1)

where the total energy of the system is a sum of pair interactions, ϕij, and a sum of em-
bedded environment interactions, Fi(·), with ρi being the density around atom i. For EAM
potentials, this density is assumed to vary radially with respect to neighboring atoms j; that
is,

ρi =
∑
j ̸=i

ρaj (rij)

whereas for MEAM potentials, this density has both radial and angular components,

ρi =
∑
j ̸=i

ρaj (rij) +
∑
j,k

f(rij)f(rik)g[cos(θjik)]

where the second term contains cutoff functions f(·) that vary with radial distance in addition
to an angular contribution (g[·]) between atoms j, i, and k.

As expected, the choice of IAP formalism presents yet another trade-off between capturing
the relevant physics and computational efficiency. An additional consideration for their
accuracy in modeling interfacial phenomena is whether the training data for the fitting
procedure includes sufficient local environments representative of the diversity of non-bulk
atomic arrangements at interfaces like grain boundaries. Given these factors, we perform
the GB structure search in Chapter 4 using both EAM and MEAM potentials. For more
information regarding molecular dynamics, we encourage the reader to consult a reference
textbook like the ones by Frenkel and Smit [12] and Allen and Tildesley [45].

2.2 Controlling degrees of freedom

An important part of designing atomistic simulations is determining what the degrees of
freedom (DOF) are and how to control them. In the context of the work presented in this
dissertation, we will discuss compositional DOF for modeling APBs in Ni3Al-based alloys
and structural DOF for modeling GBs in α-Ti.

2.2.1 Solute distributions in intermetallics

An intermetallic is an alloy where the constituent elements form an ordered compound with
distinct sublattices for the different species. Figure 2.1 shows the L12 crystal structure for
the Ni3Al intermetallic, where Ni atoms are on the face-centers and Al atoms are on the
corners of a simple cubic lattice. When a third solute species is added to the system, it
might preferentially occupy the Al sublattice (as shown for Ti), the Ni sublattice, or a mix
of the two. Different occupancies will change the overall stoichiometry of the system, which
would affect the results (e.g., energy) of our calculations. As experimental data on solute
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Figure 2.1: L12 structure of Ni3Al. Ni atoms (blue) are on the face-centers and
Al atoms (red) are on the corners of a cubic cell. The unit cell has been repeated once
along each dimension and two of the Al atoms have been replaced by Ti atoms (gray).

site preference (e.g., from atom probe tomography) are limited, below we briefly review the
theory underlying the methodology implemented in PyDII (Python framework for Defects
In Intermetallics) [46] that we used to calculate solute site preference for arbitrary solutes.

PyDII employs the grand canonical, dilute-solution model (DSM) thermodynamic for-
malism based on a statistical-mechanical low-temperature expansion following the framework
described by Woodward, et al. [47], as shown below. The model produces a set of equations
that are solved to predict equilibrium defect concentrations in intermetallics as a function of
composition and temperature. Since we are working in a grand canonical ensemble, we can
define the relevant thermodynamic potential Ω (“grand potential”) [48] as a function of the
natural variables µ, V , and T through a Legendre transform of the Helmholtz free energy.
The partition function associated with the Ω potential is

Z =
∑
σ

exp

[
−

(
Eσ −

∑
i

µiN
σ
i

)/
kBT

]
(2.2)

where σ is an arrangement of atoms over the N lattice sites.
At this point, it is convenient to make a few simplifications and definitions for reasons we

will see shortly. We can factor out the ground-state energy from Equation 2.2 by rewriting
Eσ = E0 + δEσ and Nσ

i = N0
i + δNσ

i , where the superscript ‘0’ indicates the energy and
number of atoms on site i in the reference ground state structure and δ represents the
difference with respect to that state for configuration σ. Now Equation 2.2 becomes
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Z =
∑
σ

exp

[
−

(
(E0 + δEσ)−

∑
i

µi(N
0
i + δNσ

i )

)/
kBT

]

= exp

[
−

(
E0 −

∑
i

µiN
0
i

)/
kBT

]∑
σ

exp

[
−

(
δEσ −

∑
i

µiδN
σ
i

)/
kBT

]

= exp

[
−

(
E0 −

∑
i

µiN
0
i

)/
kBT

](
1 +

∑
σ′

exp

[
−

(
δEσ′ −

∑
i

µiδN
σ′

i

)/
kBT

])
(2.3)

where σ′ contains all arrangements except the ground-state (i.e., all possible point defects).
In addition, to simplify the counting of atoms and sites, we can introduce concentration
variables ci(p) to denote the atomic fraction of species i at site p in an ordered intermetallic.
Here, p is either the Ni or Al sublattice and i can be Ni, Al, or the solute species. We can
also define λ(p) to denote the multiplicity of each site p in the computational cell, which
allows us to write Ni =

∑
p λ(p)ci(p).

Now through the conventional relation Ω = −kBT lnZ, where kB is the Boltzmann
constant and T is temperature, we can plug in Equation 2.3 and take the first-order low-
temperature expansion of Ω, where we specifically assume kBT ≪ δEσ −

∑
i µiδN

σ
i in the

exponential. This gives us (assuming zero stress):

Ω = −kBT lnZ

= −kBT ln

(
exp

[
−

(
E0 −

∑
i

µiN
0
i

)/
kBT

])
−

kBT ln

(
1 +

∑
σ′

exp

[
−

(
δEσ′ −

∑
i

µiδN
σ′

i

)/
kBT

])

≈

(
E0 −

∑
i

µiN
0
i

)
− kBT

∑
σ′

exp

[
−

(
δEσ′ −

∑
i

µiδN
σ′

i

)/
kBT

]

= E0 −
∑
i

µi

∑
p

λ(p)c0i (p)− kBT
∑
p

λ(p)
∑
ϵ

exp

(
−

[
δEϵ(p)−

∑
i

µiδc
ϵ
i(p)

]/
kBT

)
(2.4)

In Equation 2.4, E0 and c0i (p) are the energy and concentrations, respectively, in the
ground-state configuration, which corresponds to binary, stoichiometric Ni3Al. µi is the
chemical potential of species i. δEϵ(p) and δcϵi(p) are the defect “excitation energy” and
change in site concentration, respectively, associated with introducing a substitutional or
vacancy point defect at site p. Note that in going from the second to the third line we used



CHAPTER 2. COMPUTATIONAL METHODS 10

the first-order Taylor series approximation ln(1 + x) ≈ x, but higher-order terms can be
included to reflect defect-defect interactions [49].

Equation 2.4 can be differentiated with respect to µi to derive an equation for the average
concentration:

⟨ci(p)⟩ = − ∂Ω

∂µi

(p)

= c0i (p) +
∑
ϵ

δcϵi(p)× exp

(
−

[
δEϵ(p)−

∑
j

µjδc
ϵ
j(p)

]/
kBT

)
(2.5)

where ⟨ci(p)⟩ denotes the ensemble-averaged concentration of species i at site p. For a system
with n species and a fixed T , we can fix the values for the chemical potentials by specifying
the n − 1 relative concentrations. Combining Equation 2.4 and 2.5 and the condition of
thermodynamic equilibrium with respect to vacancies [47] produces a non-linear system of
n equations and n unknown µi’s that can be solved at a specified T to obtain a set of
chemical potentials, {µi}. The {µi} are then used to determine sublattice concentrations for
each species as a function of the Al concentration. While the PyDII code [50] was already
implemented with this functionality, I have extended it to properly handle cases where the
multiplicity of sites (λ(p)) is greater than one, as is the case for Ni3Al.

In addition to sublattice occupancy, another consideration for the solute species is order-
ing on the particular sublattice(s). For example, Ti atoms on the Al sublattice could prefer
to be arranged as first nearest neighbors, second nearest neighbors (as shown in Figure 2.1),
etc., and this ordering will further lead to energy differences, especially when a defect like
an APB is introduced to the system. While this ordering could be investigated using a
technique like ab initio-based Monte Carlo (MC) simulations, we adopt a simpler approach,
where we assume the solute species will be ideally randomly distributed on the appropriate
sublattice using a special quasirandom structures (SQS) approach [51]. Using the SQS algo-
rithm as implemented in the Alloy Theoretic Automated Toolkit (ATAT) [52, 53] allows us
to use simpler pair and triplet correlation functions (attempting to match those in an ideally
random ordering) to populate the atomic sites.

2.2.2 GB structure optimization

As mentioned in the Introduction, GBs have five macroscopic DOF and many more mi-
croscopic structural DOF. Even among relatively simple and common STGBs, allowing the
density of atoms to vary at the interface has lead to the discovery of multiple GB phases
with different properties [39,54]. This grand canonical sampling is omitted by the traditional
γ-surface method, which takes two bulk perfect crystals and only applies relative transla-
tions followed by a static relaxation at 0K, and does not always produce the ground-state
structure. Therefore, it is critical for a GB structure search algorithm to sample different
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atomic densities in the GB, and this has been done in the past using high-temperature MD
simulations [39,55], MC sampling [56–59], and evolutionary algorithms (EA) [59–64].

Each of these methods has its respective advantages and trade-offs. High-temperature
MD has the potential to discover entropy-stabilized phases that are normally unstable at
0K [62], although the simulation parameters have to be tuned to the particular system and
it may require long simulation times. MC sampling takes a more data-efficient approach,
where successive structures are biased by a Metropolis criterion and the swaps may perturb
the system far away from the equilibrium in MD to discover new structures. EA uses a similar
framework where structures are generated in groups (“generations”) and then evolved over
the course of the simulation by a fitness metric such as Egb. Between each generation,
EA adapts ideas from evolutionary biology by taking the existing (“parent”) structures and
creating successive (“child”) structures through a series of operations including mutation
(e.g., atom deletion and displacement), crossover (e.g., one half of each parent is spliced
together), and selection based on fitness.

Previously, we have used the EA implemented in the USPEX code [65, 66] to optimize
the {112̄4} TB in α-Ti to discover competing GB phases [67]. The ground-state structure
closely matched experimental observations using high-resolution transmission electron mi-
croscopy (HRTEM) [68] and was a strained polymorph of a metastable bulk body-centered
orthorhombic (BCO) phase [69]. While this was a successful application of EA to GB struc-
ture search, it remains unclear if existing tools can handle more challenging systems such as
low-angle twist GBs where the periodic area is large. Moreover, as all of the published tools
are either private or no longer maintained, the community lacks a robust, open-source tool
that can systematically explore the configuration space of GBs.

2.2.3 GRand canonical Interface Predictor (GRIP)

The results presented in Chapter 4 are from our open-source GRand canonical Interface
Predictor (GRIP) tool for GB structure search, which rigorously explores structural DOF
through grand canonical sampling and MD simulations. Bicrystal slabs can be automati-
cally generated in the code using the Atomic Simulation Environment (ASE) [70] library in
Python, or supplied as external files. The simulation cell is oriented such that the y-axis
is the tilt axis direction, the x-axis is the orthogonal in-plane direction, and the z-axis is
the out-of-plane normal direction (see Figure 2.2). The cell is periodic in the GB plane
(xy-plane) and has non-periodic boundaries in the z direction that are sufficiently far apart
(default ≥ 7 nm) to minimize cell size effects. In addition to the slabs supplied in POSCAR
format, all user settings are contained in a params.yaml file for ease of customization.

For an individual STGB, each iteration of the algorithm has two stages. In the first stage,
the algorithm randomly samples an m × n replication of the unit GB cell, translates the
upper slab in the xy-plane, and removes atoms from the GB (i.e., creates vacancies). Then
it performs a finite-temperature MD simulation using the Large-scale Atomic/Molecular
Massively Parallel Simulator (LAMMPS) [77] in the microcanonical (NV E) ensemble with
a Langevin thermostat and a time step of 2 fs. The temperature and duration of the MD
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Figure 2.2: Simulation cell setup for GRIP. The cell is oriented such that the
y-axis is the tilt axis direction, the x-axis is the orthogonal in-plane direction, and
the z-axis is the out-of-plane normal direction. The upper and lower bulk crystals are
joined with periodic boundary conditions in the GB plane (xy-plane). We translate the
upper crystal, remove atoms from the GB (magenta line), and perform MD simulations.
During MD, atoms in the GB regions are free to move while atoms in the buffer and
semi-rigid regions in the upper slab are constrained to move together, and atoms in the
lower two regions are fixed. During relaxation, atoms in both buffer regions are free
to move while the semi-rigid region is still constrained. For the γ-surface method, the
upper slab is only allowed to translate as a whole before relaxation is applied.

are also randomly sampled based on the user-specified ranges and only the atoms in the
“GB region” are allowed to move freely during this part. Finally, the temperature is quickly
ramped down to 100K for 1000 time steps. There is an additional user-specified probability
where the algorithm skips the MD subroutine for one iteration.

In the second part, each configuration is fully relaxed at 0K using a conjugate gradi-
ent minimization scheme, where atoms in the GB and buffer regions can move freely while
the semi-rigid region is constrained to move together. The convergence criteria are 10−15 for

relative energy and 10−15 eV Å
−1

for forces, with a maximum of 105 evaluations for each crite-
rion. The algorithm repeats these stages on each processor independently until termination,
saving each relaxed structure to disk and periodically deleting duplicates. Duplicates are
defined as structures with the value of Egb (to three decimal places) and n, and the algorithm
will keep the structure with a smaller reconstruction and relative translations. In addition
to the results for α-Ti presented in Chapter 4, we validate our GRIP tool by reproduc-
ing literature results for tilt and twist GBs in elemental cubic metals and more challenging
covalently-bonded systems (Figure 2.3).

For each relaxed structure, the GB energy (Egb) is computed according to:

Egb =
Egb

total −Ngb
totalE

bulk
coh

Agb
plane

(2.6)
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(a)

(d)

(b)

(c)

Figure 2.3: Validation of the GRIP tool. We perform grand canonical optimiza-
tion of the (a) Σ5(210)[001] tilt GB in Cu (EAM potential [71]), (b) Σ5(310)[001] twist
GB in W (EAM [72]), (c) Σ5(310)[001] tilt GB in Si (Stillinger-Weber [73]), and (d)
Σ5(310)[001] twist GB in Si. The energy plots and low-energy structures match those
in the literature for Cu [39], W [74], and Si [57,75]. The atoms are colored according to
CNA [76], where gray are bulk-coordinated atoms and brown are non-bulk-coordinated
atoms (in the GB).

where Egb
total and Ngb

total are the energy and number, respectively, of atoms in the GB region,

Ebulk
coh is the cohesive energy per atom in bulk α-Ti, and Agb

plane is the area of the GB plane.
These quantities are illustrated in Figure 2.4 and exploit the ability to obtain per-atom
energies in LAMMPS to simplify the calculation, i.e., we can ignore the free surfaces in the
simulation cell.

As with previous studies [39,62], we track the number of atoms in the GB by calculating
the fraction of atoms remaining in one plane (“GB atomic density”), n, according to:
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From LAMMPS we can get the energy of each atom,

atoms in the outlined region.

For atoms sufficiently in the bulk, 

Figure 2.4: How Egb is calculated in this work (Equation 2.6). The excess energy
of the GB is the additional energy of atoms in the outlined region compared to if all
Ngb

total atoms were bulk atoms with energy Ebulk
coh . The atoms are colored according to

their energy Ei.

n =
Ntotal mod Nbulk

plane

Nbulk
plane

∈ [0, 1) (2.7)

where Ntotal is the number of atoms in the simulation cell and Nbulk
plane is the number of atoms

in one plane of the bulk structure. Previous calculations of Nbulk
plane simply counted the number

of atoms at a single z value in the bulk; however, due to the 2-atom basis of the HCP crystal
structure, atoms associated with one plane may be offset in the z-direction (see Figure 2.5).
Therefore, we calculate Nbulk

plane as the number of atoms within a region equal to the minimum

Type 1 Type 2

(a) (b)

Figure 2.5: How Nbulk
plane is calculated in HCP crystals. (a) In some STGBs like

{314̄0}[0001], the two basis atoms (distinguished as blue and gold) are offset (empha-
sized by the dashed magenta lines) and the calculation includes both of these atoms
by counting all atoms within a region of thickness equal to the smallest normal compo-
nent of a lattice vector, which is equivalent to the interplanar spacing of the hexagonal
lattice (dhkl). (b) In other STGBs like {112̄4}[11̄00], both basis atoms have the same
z-coordinate and adjacent planes are still spaced by dhkl. We refer to these boundaries
as “Type 1” and “Type 2,” respectively.
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normal component of a lattice vector; in the case of α-Ti, this is equivalent to the interplanar
spacing of the hexagonal lattice (dhkl) given by [78]:

1

d2hkl
=

4

3

(
h2 + hk + k2

a2

)
+

(
l

c

)2

(2.8)

where h, k, and l are the Miller indices, and a and c are the HCP lattice constants. We
note this extended definition of Nbulk

plane reduces to taking a planar slice for unary, single-basis
systems like elemental BCC and FCC metals, consistent with previous studies [39, 62].

The GRIP tool is written in Python with minimal dependencies (NumPy [79], ASE [70],
LAMMPS [77]) and in a modular fashion that decouples DOF sampling and energy min-
imization. Therefore, it is straightforward to plug in alternative approaches such as MC
sampling and ab initio codes as future extensions. The open-source code will be publicly
accessible at https://github.com/enze-chen/grip. To the best of our knowledge at the
time of writing, GRIP is the only publicly available code for grand canonical optimization
of GB structures.

2.3 Jupyter ecosystem

While there exists immense interest from students, instructors, employers, and other stake-
holders to incorporate more computing and data science (DS) into MSE classrooms [22,25],
the path to adoption presents multiple barriers that require careful consideration to over-
come [26]. Much of the discussion has centered around what should be the relevant topics
to cover and how the examples/applications can be germane to MSE to increase student
engagement; however, there are also infrastructure considerations, as many of the research-
grade tools may not transfer as easily into classroom settings to be pedagogically useful.
We hear too often about students getting stuck at the initial stages of software configura-
tion/installation, frustrating their experience and often preventing further progress.

Borrowing ideas from DS education and interactive computing, instructors in chemistry
and MSE have started using Jupyter notebooks [80] to create new chemistry/materials in-
formatics curricula [81–83]. These digital notebooks merge text, code, graphics, and addi-
tional multimedia elements into rich computational narratives that facilitate student learn-
ing. Their popularity in scientific research for data analysis and presentation makes for a
smoother transition for instructional use. Moreover, the interactivity enabled by Jupyter
notebooks allows students to be active participants in the learning process, achieving the
highest level of the ICAP (Interactive, Constructive, Active, Passive) framework by Chi
and Wiley [84]. The ICAP framework for active learning provides specific definitions of
engagement activities in a strict hierarchy—that is, as activities move from the passive end
of the spectrum to interactive, students will undergo different knowledge-change processes
that lead to deeper learning. As active learning is known to increase student performance
in STEM [85], particularly for underrepresented minorities [86], having the ability to engage

https://github.com/enze-chen/grip
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MSE students in interactive informatics education will greatly expand the impact of such
curricula.

2.3.1 Jupyter Books for digital textbooks

Building on the success of Jupyter notebooks, the Project Jupyter team has recently launched
Jupyter Book as a means to compile a set of Jupyter notebooks into a digital textbook [87].
This digital text can then be hosted online for ease of reading and advanced MyST markdown
features [88] enable elements like presentation slides, polls, and videos to be embedded in
the text. Following the example from UC Berkeley’s DATA courses [89], we were the first
to use Jupyter Book in the context of MSE, creating an interactive textbook for a materials
informatics summer internship. Given all of the chaos during the height of the pandemic,
having a central hub (i.e., the Jupyter Book) for all of the learning materials was our top
priority for reducing cognitive load [90] and facilitating access to learning MSE and DS in
context. Additional details about the curriculum and learning outcomes will be discussed in
Chapter 5.

There are two additional strengths of the Jupyter Book framework that are important
to point out. One is the interface between the digital text and an online Python kernel
such as JupyterHub [91] or Google Colaboratory [92]. This allows students to avoid the
hassle of trying to install Python on their personal computers and launch Jupyter notebooks
locally (hint: you cannot double click it). Instead, students can work in the cloud using
a computing environment provisioned for them, saving instructors work as well. A second
benefit of the Jupyter Book framework for instructors is the ability to use common research
workflows (e.g., Python, GitHub, command line) to build computational curricula, lowering
the barrier for adoption. There are several existing tools for learning computational MSE
with documented success (e.g., PhET [93], MaterialSim [94], Molecular Workbench [95]),
but modifying them requires a deep knowledge of additional programming languages (e.g.,
JavaScript) that the majority of instructors will not have prior experience with and may
not have the bandwidth to learn. By making it easier for both instructors and students to
engage with the curricula, we hope to provide a curriculum design framework for how to
integrate computing and DS within MSE education.
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Chapter 3

Antiphase boundaries in Ni-based
superalloys

The work presented in this chapter was published as a peer-reviewed Article titled “Modeling
antiphase boundary energies of Ni3Al-based alloys using automated density functional theory
and machine learning” in npj Computational Materials 8, 80 (2022) by Enze Chen, Artur
Tamm, Tao Wang, Mario E. Epler, Mark Asta, and Timofey Frolov [96], and is reproduced
here with permission of the co-authors.

3.1 Introduction to Ni-based superalloys

Owing to their excellent high-temperature mechanical properties and corrosion resistance,
Ni-based superalloys are the materials of choice for several important technologies, includ-
ing airplane turbines and land-based power generators [4, 97–99]. The microstructure of
these alloys consists of a Ni-rich, disordered FCC matrix (γ phase) that envelops coherent
Ni3Al precipitates (γ′ phase) which give them their strength [100]. The Ni3Al precipitates
are ordered in the L12 structure, where Al atoms are on the corners and Ni atoms are
on the face centers of a simple cubic lattice. Upon the passage of a matrix a

2
⟨110⟩-type

dislocation through the ordered precipitates, high-energy antiphase boundaries (APBs) are
created on the {111} family of planes to contribute towards γ′-phase strengthening in su-
peralloys [101–103]. One example of where this strengthening mechanism manifests is in
the yield strength of the superalloy when dislocations shear the Ni3Al precipitates. Depend-
ing on the microstructure, dislocation pairs can be weakly-coupled or strongly-coupled, and
Reppich found that the yield strength (σy) reaches a peak at the transition point between
the two regimes, where it can be approximated by:

σy,peak ∝
γAPBf

1/2

2b
(3.1)

where f is the volume fraction of the γ′ phase, b is the magnitude of the Burgers vector,
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and γAPB is the APB energy. Relationships such as Eq. 3.1 reinforce the importance of the
APB energy in modulating superalloy properties and justify why it has garnered so much
attention in superalloy design.

In addition, Ni-based superalloys have multicomponent chemistries often with ten or
more elements [4, 97], and this alloying further improves the properties of the base Ni–Al
alloy to enhance high-temperature performance [104–106]. The APB energy is sensitive to
alloy composition, which provides a rich design space one can explore when optimizing the
composition of alloys to provide higher yield strength and creep resistance. With so many
degrees of freedom, however, it would be difficult and prohibitively expensive to rely solely
on experimental methods to probe the composition dependence of the APB energy [107,108].
As a result, the community has explored the use of computational methods to understand
this correlation and exploit it in alloy design.

Numerous computational investigations into the APB energy in Ni3Al and Ni3Al-based
alloys have been undertaken over the past two decades using a plethora of different methods.
Ab initio approaches include density functional theory (DFT) [109–114] and DFT-based
methods such as the cluster variation method [115, 116], coherent potential approximation
(CPA) [117, 118], and cluster expansion (CE) with Monte Carlo (MC) sampling [119, 120].
In addition, semi-empirical methods include molecular dynamics [121] and Monte Carlo
simulations [122] based on classical potentials, and the CALculation of PHAse Diagram
(CALPHAD) approach [113,123]. These studies have contributed greatly to the fundamen-
tal understanding of the APB energy in Ni3Al-based alloys, including its dependence on
temperature, spin polarization, composition, and ordering, all of which have implications for
alloy design.

Focusing on the composition dependence, an early DFT study by Chandran and Sondhi
found a large strengthening effect due to the addition of Ti, Ta, and Nb atoms, where
the (111) APB energy (hereafter symbolized as γ111) increased from its intrinsic value of
0.181 Jm−2 in Ni3Al to over 0.6 Jm−2 in the ternary alloys [110]. Kumar et al. performed
a more comprehensive DFT study with 16 different ternary solutes, considering a single
atom near the APB in their 96-atom supercell for the ternary element [114]. That study
also revealed the sensitivity of γ111 to sublattice occupancy of solute species in Ni3Al, which
must be precisely determined in order to obtain accurate calculations for γ111. Crudden et
al. used a combination of DFT and CALPHAD to calculate γ111 in several ternary Ni3Al-
based alloys with refractory metal solutes [113], and they found compositional dependencies
that reasonably agreed with previous studies of the APB energy and yield strength in these
alloys. The use of CALPHAD methods for calculating the APB energy is possible through
its connection to the ordering energy (Eord), as detailed by Miodownik and Saunders [123]
and leveraged in the work by Crudden et al [113]. Intuitively, a correlation between these two
quantities can be understood as the creation of an APB in the L12-ordered Ni3Al precipitates
forms an interfacial defect that disrupts the preferred ordered atomic arrangement in the
vicinity of the APB. The relationship was also studied by Gorbatov et al., who used the
CPA method to discover a strong correlation between γ111 and Eord in ternary Ni3Al-based
alloys with 3d transition metal solutes at low concentrations (2.5 at.%) [118]. The correlation
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between γ111 and Eord has been extensively discussed in the community and is particularly
attractive as it enables one to use materials thermodynamic databases, which are extensively
developed for multicomponent Ni-based superalloy systems, to model the APB energy.

Building on the previous studies reviewed above, our goal is to further expand the pre-
dictive capabilities of APB energy models by leveraging machine learning (ML) algorithms
to automatically learn the sophisticated relationships between structural and energetic prop-
erties and the APB energy from data. ML allows us to combine the ordering energy with
other physically-meaningful features (derived from materials properties) as inputs into a
flexible model which has the potential to predict the APB energy with greater accuracy and
across a wider range of superalloy chemistries. The wealth of literature on the APB energy
in Ni3Al-based alloys suggests that having a transferable, fast, and predictive model can
be impactful for alloy design in screening novel compositions. For this purpose, we require
a training dataset that extends across a wider range of compositions than previously con-
sidered so that the ML model can learn the appropriate relationships for more exploratory
designs with less data bias [124].

Predict site preference

Build random supercells

Calculate APB energy

Analyze data with ML

Figure 3.1: An outline of our computational workflow. For each ternary species,
we first compute its sublattice preference using PyDII, and then use this prediction to
construct model supercells using ATAT. Next we use VASP to perform DFT calculations
to obtain γ111. Finally, we use ML techniques implemented in scikit-learn to analyze
correlations in the data and build predictive ML models for γ111.

In the present work, we create an automated workflow to calculate APB energies at scale,
leveraging recent advancements in high-throughput calculations for alloy design [14]. Using
this workflow (Figure 3.1; detailed in Methods), we analyze the composition dependence of
γ111 in 111 model ternary Ni3Al-based alloys, generating significantly more DFT data than
what are currently present in the literature. We present the results and compare them with
previous studies to validate known behavior and uncover insights across a wide range of
ternary elements. In particular, we employ ML to analyze feature correlations and build
predictive models for the APB energy that can be used to rapidly screen alloy compositions
at much lower computational cost. Finally, we discuss how the infusion of scientific domain
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knowledge into data-driven methodologies can enhance superalloy design going forward.

3.2 Methods

We outlined our computational workflow in Figure 3.1 and elaborate on the details in the
following subsections.

3.2.1 Solute site preference

The solute site preference was computed using PyDII [46] using the methodology described
in Chapter 2. For Ni3Al, the fraction of a species i on the Al sublattice can then be computed
using the following equation:

fi(Al) =
⟨ci(Al)⟩

⟨ci(Al)⟩+ 3⟨ci(Ni)⟩
(3.2)

where ⟨ci(X)⟩ is the average concentration of species i on each site of the X sublattice.
The PyDII code [50] is used to generate the default structures and settings for the DFT

calculations of the excitation energies using the Vienna Ab initio Simulation Package (VASP)
[34–37] with the projector augmented-wave (PAW) method [32,33] and the generalized gra-
dient approximation of Perdew, Burke, and Ernzerhof (GGA-PBE) [31]. The default VASP
settings include a fixed plane wave energy cutoff of 520 eV, 5000 k-points per reciprocal atom,
spin polarization, ionic relaxation, and convergence criteria for electronic self-consistency and
ionic relaxation of 10−6 eV and 10−3 eV, respectively.

We then use the DFT-calculated defect excitation energies to calculate the equilibrium
sublattice concentrations at T = 1000K and a fixed concentration of 1 at.% for the ternary
species. The sublattice preference calculated from PyDII is then used to guide supercell
construction for model ternary Ni3Al-based alloys according to the following distributions
for the ternary species:

I. Solutes with strong Ni sublattice preference are distributed entirely on the Ni sublattice
at all concentrations. The resulting alloy has composition Ni0.75−xAl0.25Zx.

II. Solutes with strong Al sublattice preference are distributed entirely on the Al sublattice
at all concentrations. The resulting alloy has composition Ni0.75Al0.25−xZx.

III. The remaining solutes with composition-dependent site preference are distributed such
that 3/4 of the solute atoms are on the Ni sublattice and 1/4 of the atoms are on the
Al sublattice. The resulting alloy has composition Ni0.75(1−x)Al0.25(1−x)Zx.

For each composition, we randomize the placement of atoms on the appropriate sublat-
tices using special quasirandom structures (SQSs) [51] generated using the Alloy Theoretic
Automated Toolkit (ATAT) [52, 53]. We optimize for pair and triplet correlations out to
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0.55 nm, which captures the first few nearest-neighbor correlations for each configuration.
The maximum absolute value of the correlation difference between the SQS and ideally ran-
dom is 0.017. We emphasize that these solute distributions are simply chosen to create model
supercells for our high-throughput workflow. The species distribution in the γ′ phase in a
real superalloy will differ depending on the temperature, (relative) chemical potentials of the
species, processing techniques, etc. Despite this simplification, we believe our method will
still capture the dominant behaviors and trends in site preference—and, correspondingly, the
APB energy—which we validate against other studies in Results. We find that the sensitivity
of the APB energy to local ordering (e.g., using a different SQS) results in differences by as
much as 0.01 Jm−2 in γ111, but should not affect our conclusions.

3.2.2 DFT calculations for γ111

(b)

(c)

Al Ni

(a)

(111) APB

Figure 3.2: Schematics of our 288-atom DFT supercell. The Al and Ni sites
are red and blue, respectively, and they are populated with the ternary species based
on the predictions from PyDII followed by randomization with SQS. (a) Top view of
the (111) plane. (b) Bulk cell without an APB. (c) A single (111) APB is created near
the top of the supercell by tilting the cell by b = a/2[11̄0]. The cell is projected along
the [1̄1̄2] direction and has been repeated once to show the APB (note the new Al–Al
and Ni–Ni bonds).

We perform DFT calculations for γ111 using VASP with the PAW method and the GGA-
PBE functional. For these calculations, we set the plane wave cutoff energy for each calcu-
lation to be at least 30% greater than the highest cutoff energy (enmax in VASP) speci-
fied in the pseudopotential files (encut is at least 350 eV). Spin-polarized calculations are
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performed to account for the effects of local magnetic moments on the APB energy [109].
Calculations with spin polarization appear to give closer agreement to literature values as
non-spin-polarized calculations result in values for γ111 that are approximately 30% lower.
Consistent with previous reports [109], we find persistent local moments of 0.2µB-0.3µB for
Ni and different values for different solute species.

For all APB energy calculations, we use a 288-atom computational cell with the x-, y-,
and z-axes oriented along the [1̄1̄2], [11̄0], and [111] directions, respectively (Figure 3.2).
This corresponds to a 2 × 2 × 3 L12 supercell and nine (111) planes separating the APBs,
which we deem sufficient based on convergence tests (see Appendix Figure A.2). We use
Γ-centered Monkhorst-Pack k-point grids [125] of 2× 3× 2, corresponding to 5000 k-points
per reciprocal atom, based on a test of energy convergence for L12. We apply a first-order
Methfessel-Paxton smearing method [126] with a smearing width of σ = 0.1 eV. Structural
relaxations are performed using a conjugate gradient algorithm in two steps: First, only the
volume is allowed to relax for the bulk structure to capture the lattice expansion due to
the solute. Then, the bulk structure is copied and tilted such that the top face translates
by b = a/2[11̄0] (Figure 3.2c) to create a structure with a single (111) APB. Independent
ionic relaxations are then performed on the bulk structure (without an APB) and the second
structure with an APB. The convergence criteria for the electronic self-consistency and ionic
relaxation loops are 10−5 eV and 10−3 eV, respectively.

For binary Ni3Al, our DFT calculations give an equilibrium lattice constant of approxi-
mately 0.3565 nm, which agrees well with reported computational (e.g., refs. [114,121]) and
experimental values (0.357 nm) [4]. We find that γ111 for stoichiometric Ni3Al is 0.188 Jm

−2,
and we observe a roughly linear increase in γ111 with increasing Al concentration (Supplemen-
tary Table 1), which are consistent with previous experimental [127,128] and computational
(e.g., refs. [109, 110, 118]) studies. We also observe a variability in γ111 depending on the
species arrangements around the APB for a fixed composition. To account for these dif-
ferences, we shift the (111) planes in the tilted supercell to create five different APBs to

help quantify the statistical scatter. The energy of a single (111) APB, denoted by γ
(i)
111, is

calculated according to Equation 3.3:

γ
(i)
111 =

E
(i)
apb − Ebulk

A111

(3.3)

where E
(i)
apb is the total energy of the ith structure with an APB, Ebulk is the total energy

of the non-tilted supercell, and A111 is the area of the APB (Figure 3.2a). The mean and
standard deviation are calculated for five different APB energies to obtain γ111 for each
composition. We do this for each ternary alloy system at three different solute concentrations:
low (1.39 at.%), medium (5.56 at.%), and high (9.72 at.%). We note that while these DFT
calculations at 0K do not account for the configurational entropy contributions to the free
energy [115] nor the decrease in APB energy at high temperatures (> 1000K) [119], they
can still provide quantitatively accurate data for room-temperature properties [118] that can
be used to build predictive models for screening new compositions.
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To calculate the ordering energy Eord, we perform additional DFT calculations using
smaller, 80-atom supercells of similar compositions and a k-point grid of the same density
as before. Eord is the difference in energy between two structures: one with atoms on
their preferred sublattice (which we determine using PyDII) and another with the same
composition with atoms randomly distributed on all sites. In this case, all degrees of freedom
are allowed to relax, but all other DFT settings remain the same as those for calculating
γ111. Eord in units of eV atom−1 is then given by Equation 3.4:

Eord =
EL12 − Erandom

N
(3.4)

where EL12 and Erandom are the total energies of the structures with correct and random
sublattice distributions, respectively, and N is the total number of atoms. Equation 3.4 is
used to obtain the ordering energy for all ternary Ni3Al-based alloys except for 9.72 at.% Ce
whose calculations did not converge. All of the DFT data for APB energies and ordering
energies are shared publicly on MPContribs [129].

3.2.3 Machine learning

We generate physically-motivated features from the alloy composition using the matminer
Python package [130], as a similar approach by Ling et al. was shown to be effective for
featurizing superalloy chemistries [131]. Briefly, the matminer featurizer creates an equal-
length feature vector for every composition by calculating statistical quantities (we use the
composition-weighted mean and standard deviation) over a set of elemental properties [132]
of the alloying elements. To this elemental feature vector from matminer we also include
several more derived features that we believe to be influential in modeling the APB energy, in-
cluding the DFT-calculated ordering energy (Eord), density, change in lattice parameter, and
composition-weighted Pettifor number [133], among others (see Supplementary Table A.1).
We generate a total of 70 features and remove all features with at least one undefined value
and those that have a Spearman’s rank correlation [134] greater than 0.9 with another fea-
ture.

We train a random forest (RF) regression model, as implemented in the scikit-learn
Python package [135], to predict γ111 using the root-mean-square error (RMSE) as the error
metric. The model is trained with 100 decision trees grown to full depth and with a third
of the features considered at each split. To further downselect the features for predictive
modeling, we use recursive feature elimination to recursively remove the least important
feature from our model based on the feature importance metric in random forests [136]. The
RF model’s performance is evaluated on the full dataset using grouped 5-fold cross-validation
(CV) [137], where the data are grouped by ternary species. This means that four of the folds
are used as training data and the final fold is used for validation, while alloys with the same
ternary species will always appear in the same fold. This training-validation procedure is
repeated such that each of the five folds is used once as validation data and the model’s
overall performance (RMSE) is computed as the average of all five RMSE scores from CV.
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The grouping process helps ensure that our ML model is extrapolating to new regions of
chemical space and calculating more faithful validation metrics that are representative of
novel alloy compositions encountered during screening.

3.3 Results

3.3.1 Solute site preference

Al Ni mixed N/A

Site preference in Ni3Al

(a) (b)Ca, Sc, Ti, V, Cr, Mn, Sr, Y, Zr, Nb, Mo, Tc, Sn, 
Sb, Te, Ba, La, Ce, Pr, Nd, Hf, Ta, W, Re, Os, Pb
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Figure 3.3: Site preference of ternary solute Z in Ni0.99−xAlxZ0.01. (a) The
calculations are performed at T = 1000 K, and the fractional site occupancy f (Eq. 3.2)
is plotted as a function of Al concentration. The curves are labeled with the ternary
element and the group of elements at the top (bottom) all have overlapping profiles at
f = 1.0 (f = 0.0), indicating a strong sublattice preference. Based on the composition
dependence in the range shown here, we group the elements into three categories for
sublattice preference: Ni preference (blue), Al preference (red), and mixed preference
(purple). The horizontal dashed line at f∗ = 0.25 indicates no site preference. (b) An
alternate representation of the solute site preference as a heatmap of the periodic table.
A majority of the elements prefer the Al sublattice (red), except for a few near group
X that prefer Ni (blue) or exhibit mixed preference (purple). Elements in gray are not
tested.

Previous works have demonstrated the sensitivity of the APB energy [114] and mechan-
ical properties [138] of Ni3Al-based alloys on the solute site preference, i.e., the preference
for the solute to reside on the Al or Ni sublattices of the L12 structure. Therefore, we
first determine the site preference of ternary species in Ni3Al using the DFT-based dilute-
solution thermodynamic framework implemented in PyDII [46,50] (see Chapter 2 for details),
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which has been previously used to predict the solute site preference in intermetallics such as
NiAl [46] and NiTi [139]. From our DFT calculations and analysis with PyDII, we compute
the fractional site occupancy on the Al sublattice (fi(Al) ≡ f) of 46 ternary elements in
Ni3Al as defined by Equation 3.2.

We perform the calculations at T = 1000K and obtain the results shown in Figure 3.3,
where f is plotted as a function of the overall mole fraction (concentration) of Al in the
Ni3Al compound. The horizontal dashed line indicates no site preference and corresponds to
f ∗ = 0.25, when atomic species Z randomly occupies the two sublattices independent of the
Al concentration. By comparing the behavior of f with the threshold f ∗ in the composition
range shown in Fig. 3.3a, we classify the sublattice preference of the ternary species into the
following three categories:

I. If f < f ∗ across the entire composition range (blue curves in Fig. 3.3a), then that
solute prefers the Ni sublattice. For the model ternary supercells used to compute the
APB energies (see below), these solutes are distributed entirely on the Ni sublattice at
all concentrations. The resulting alloy has composition Ni0.75−xAl0.25Zx.

II. If f > f ∗ across the entire composition range (red curves), then that solute prefers
the Al sublattice. For the APB supercell calculations, these solutes are distributed
entirely on the Al sublattice at all concentrations, resulting in a model ternary alloy
with composition Ni0.75Al0.25−xZx.

III. Otherwise, we classify the solute as having a mixed sublattice preference (purple
curves). These species are distributed such that 3/4 of the solute atoms are on the
Ni sublattice and 1/4 of the atoms are on the Al sublattice. The resulting alloy has
composition Ni0.75(1−x)Al0.25(1−x)Zx.

By automating these calculations and using the above classification system, we identify
patterns across the entire periodic table (Figure 3.3b). We observe that most elements in
groups IX, X, and XI strongly prefer the Ni sublattice (type I) when alloyed in Ni3Al in dilute
quantities. The exception is Ir, which—along with Fe and three group XII elements (Zn,
Cd, Hg)—is a type III solute whose occupancy on the Al sublattice is strongly composition
dependent, and these elements are adjacent to the type I elements in the periodic table. The
vast majority of the elements prefer the Al sublattice (type II), although that preference
is weaker among the p-block post-transition metals. These results may be rationalized by
the larger size of Al atoms compared to Ni atoms (metallic radii of 143 pm and 124 pm,
respectively) [4, 140], causing the vast majority of the elements to prefer the Al sublattice.
The exception for elements near group X may be due to favorable d-orbital hybridization
with the p orbitals in Al, which is a prominent interaction in Ni3Al [141]. Additionally, we
note that PyDII predicts most of the common alloying elements in Ni-based superalloys [4,97]
to strongly prefer the Al sublattice in Ni3Al, at least in the dilute regime in Figure 3.3.

Our approach using PyDII to calculate site preference of ternary solutes in Ni3Al can be
validated by comparing these results to previous studies [142–147]. In a similar study where
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first-principles calculations were used to obtain defect formation enthalpies to parametrize
a Wagner-Schottky model, Jiang and Gleeson [144] predicted the fractional sublattice oc-
cupancy in Ni3Al at 1273K and produced concentration profiles that are consistent with
those in Figure 3.3a. They also found a majority of their transition metal solutes to strongly
prefer the Al sublattice (f ≈ 1 across the whole composition range) while elements like Ir
and Fe had a strong composition-dependent site preference in their model. They calculated
a stronger composition-dependent site preference for Co and Mn (PyDII predicts Ni and
Al sublattice preference, respectively), but other solute profiles were consistent with ours in
the composition range we considered. Liu, et al. used DFT calculations to parametrize the
formation energies in a dilute-solution model and also found a strong Al site preference for
most transition metal elements [146], which they attributed to an atomic size effect when
the solute radius exceeds that of Ni by more than 15%. When the size mismatch is below
this threshold, they found through analysis of the differential charge density that the Al site
preference for a solute Z may be correlated to the stronger Ni–Z interactions from d-band
electrons compared to Al–Z interactions.

3.3.2 APB energy

Table A.2 in the Appendix shows the DFT-calculated values for γ111 in model ternary Ni3Al-
based alloys for 37 ternary species at 1.39 at.%, 5.56 at.%, and 9.72 at.% (111 compositions
in total). These elements are chosen for their known contributions to high-temperature
strength, oxidation resistance, and creep resistance [4, 97], including a few rare-earth met-
als [148], or otherwise to span a diverse range of compositions for our data-driven approach.
The locations (i.e. site preference) of the ternary species in the supercells are determined
using the predictions from PyDII and then randomized over that sublattice using special
quasirandom structures (SQSs) [51] generated using the software developed by van de Walle,
et al. [52, 53]. We find that an alloy with 9.72 at.% Ta has the highest APB energy of
0.464 Jm−2, which exceeds the intrinsic (111) APB energy for Ni3Al by nearly 0.3 Jm−2. The
strong influence of Ta on increasing γ111 is corroborated by several prior studies [110,112,113].
Notably, we find the highest value for γ111 at the medium solute concentration (5.56 at.%)
is not for Ta (0.353 Jm−2), but rather for W (0.369 Jm−2), which appears to give rise to
a strong increase in γ111 at lower concentrations. Our calculations show that alloying with
Re produces the highest mean APB energy (0.227 Jm−2) at low concentration (1.39 at.%),
although the variance in γ111 means that several other elements, including Ce, Ta, and W,
are equally potent within the statistical scatter in our calculations. The contributions from
Ta, W, and Re in maximizing γ111 at low solute concentrations have also been discussed in
other DFT-based studies in the literature [111,114].

To better illustrate the APB energy data in Table A.2, we plot in Figure 3.4 a few
representative trends for the dependence of γ111 on solute concentration. In a majority of
ternary systems, γ111 varies approximately linearly with concentration up to 10 at.%, which
matches previous studies on γ111 in Ni3Al-based alloys [112, 118–120]. Elements in groups
IV and V of the periodic table, like Ti, help stabilize the γ′ phase [4] and greatly increase
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Figure 3.4: Representative profiles of the composition dependence of the
APB energy. We plot γ111 against solute concentration for select species in model
ternary Ni3Al-based alloys, where error bars represent one standard deviation from the
mean value. The intrinsic γ111 for Ni3Al (0.188 J m−2) is given by the gray dashed
line. For a majority of solutes, γ111 exhibits an approximately linear dependence on
solute concentration, whether that trend is increasing (like Ti), decreasing (like Rh),
or relatively constant (like Co). Solutes in groups VI (like Mo) and VII behave non-
monotonically where γ111 increases up to the medium concentration and then decreases
as the solute concentration further increases.

γ111 as a linear function of their concentration. A few of the elements behave similarly to
Co, which has little effect on the APB energy [118], while others like Rh cause a roughly
linear reduction in the APB energy with increasing solute concentration. We observe these
non-increasing dependencies (exemplified by Co and Rh) most often in alloys where the
ternary species is type I or type III, corresponding to Ni and mixed sublattice preference,
respectively.

Perhaps the most striking dependence on concentration is displayed by the elements
in groups VI and VII, with a representative example given by Mo in Figure 3.4. Adding
these solutes increases the value of γ111 up to medium concentrations (5.56 at.%), but any
further addition induces a drop in the APB energy. Gorbatov et al. reported a similar
non-monotonic dependence in their CPA calculations for γ111 for Cr additions [118], while
CALPHAD calculations by Crudden et al. revealed a similar trend in γ111 for Mo and
W [113]. When we look at the variation in γ111 with respect to composition across the
first three periods of the d-block (Figure 3.5), we see that this non-monotonic behavior is
exhibited by all of the group VI and VII transition metals. Follow-up DFT calculations for
γ111 without allowing for structural relaxations result in the same qualitative trend for Mo
and W, leading us to hypothesize that the origin of such behavior is predominantly electronic.
Vamsi and Karthikeyan found that W and Mo increase the contributions to the APB energy
from Al–Al violations across the APB [149], which matches the dramatic strengthening effect
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Figure 3.5: γ111 of model ternary Ni3Al-based alloys for solutes from the
first three periods of the d-block. γ111 at low, medium, and high solute concentra-
tions are given by the blue, orange, and green profiles, respectively. γ111 for Ni at all
concentrations is set to the γ111 value for Ni3Al (0.188 J m−2), which is also represented
by the gray dashed lines.

we observe at the lower solute concentrations.

3.3.3 Machine learning modeling
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Figure 3.6: Visualizing the correlation between APB energy (γ111) and or-
dering energy (Eord) in Ni3Al-based alloys. The two properties exhibit a negative,
moderately strong linear correlation (r = −0.541). Points are color-coded based on so-
lute concentration and select outliers are labeled with the ternary element.

To better understand the composition dependence of γ111, we engineer several physically-
motivated features and use ML methods to analyze their predictive capabilities in modeling
the APB energy. We first use DFT to calculate the ordering energy (Eord) according to
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Equation 3.4 (see Methods) and obtain a value of −0.118 eV atom−1 for Ni3Al, which is
consistent with the value of −0.12 eV atom−1 obtained by Gorbatov et al. using DFT [118].

The trend for the ordering energy ratio
(
Eord/E

Ni3Al
ord

)
among the 3d elements also agrees

qualitatively with the CPA results obtained by Gorbatov et al., although our energy ratios
are higher by approximately 40%. We plot γ111 against Eord in Figure 3.6 and further
differentiate the data points based on the ternary solute concentration. There exists a clear
negative correlation between the two variables, with a Pearson correlation coefficient of
r = −0.541, indicating a moderately strong linear correlation. This correlation appears to
be present at all solute concentrations and agrees qualitatively with previous studies on the
3d transition metals [118].

Feature r value

Mean Pettifor number −0.543
Ordering energy −0.541
Mean # of unfilled p orbitals −0.527

Std. dev. of the # of unfilled d orbitals 0.692
Std. dev. of the column number 0.570
Mean covalent radius 0.547

Table 3.2: Linear correlations between the features and γ111. The features with
the three most negative and three most positive r values are shown, with four features
having a stronger linear correlation to γ111 than Eord. Except for the ordering energy,
the feature name explains the statistic that is computed for the elemental values of that
property.

In addition to the DFT-calculated ordering energy, density, and change in lattice pa-
rameter, we use several composition-based features generated using the matminer Python
package [130] (see Methods). When we compute the Pearson correlation coefficient between
each feature and γ111, we find that four of the features have a stronger linear correlation
to the APB energy than the ordering energy (Table 3.2). The feature with the strongest
linear correlation (r = 0.692) is the weighted standard deviation of the number of unfilled d
orbitals in each constituent element. The second strongest correlation (r = 0.570) is for the
weighted standard deviation of the column number of each constituent element while the
third (r = 0.547) is the weighted mean of the covalent radius of each constituent element.
We find that the weighted mean Pettifor number [133] also has a marginally stronger linear
correlation (r = −0.543) than the ordering energy. These features are all automatically
generated from the alloy’s composition using matminer [130] and their correlations to γ111
reflect the trends shown in Figure 3.5. For example, adding transition metals from the left
side of the d block is shown to dramatically boost the APB energy and it increases the value
of the first two features (those elements have more unfilled d orbitals than Ni (2) and Al
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(0) and they have a smaller column number than Ni (10) and Al (13)). We also generally
observe γ111 to decrease across a row and increase down a group, which agrees qualitatively
with the trends in elemental covalent radii.

(a) (b)

Figure 3.7: Results from training the random forest (RF) model using
grouped 5-fold CV. (a) Ranked feature importances (normalized to sum to 1.0)
for the nine features used in the final RF model. (b) ML-predicted γ111 vs. DFT-
calculated γ111 for model ternary Ni3Al-based alloys. Perfect agreement is given by the
gray dashed line and points are color-coded based on solute concentration. The RF
model achieves a RMSE of 0.033 J m−2 in 5-fold CV.

After filtering out features with undefined values and features that are highly correlated
to another feature, we apply recursive feature elimination (RFE) to further downselect the
features and use grouped cross-validation (CV) [137] to obtain the optimal number of nine
features. We note that Eord is the only physical parameter of the L12 structure that remains.
We use these nine features to build a final random forest (RF) model and perform grouped
5-fold CV to predict γ111. Figure 3.7a shows the normalized feature importances [136] com-
puted by the RF algorithm for the nine features selected from RFE. The standard deviation
of the elemental number of unfilled d orbitals surfaces as the most important feature, which
follows from its large positive correlation to γ111. The ordering energy is only the third
most important feature in our model, preceded by the standard deviation of the elemental
number of unfilled orbitals. The parity plot in Figure 3.7b compares the cross-validated
predictions of γ111 using the RF model against the DFT-calculated values of γ111. We again
color the data points by solute concentration and observe relatively good agreement between
the ML predictions and the DFT calculations. The overall RMSE from grouped 5-fold CV is
0.033 Jm−2 (R2 = 0.753), which is comparable in magnitude with the average experimental
error of 0.027 Jm−2 for multinary (> 2 elements) compositions in Table 1 from Crudden et
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al. [113] As there may be interest in an ML model without Eord as a feature, particularly
for multicomponent compositions where this information may not be readily available, we
report the 5-fold CV results for such a model in Appendix A.

3.3.4 Extrapolation to multicomponent chemistries
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Figure 3.8: Testing the ML model on superalloy chemistries given in the
literature. The ML model trained on only the ternary alloys with composition-based
features achieves a test error of 0.038 J m−2 when used to predict γ111 in these systems.
The computational data from Crudden et al. [113] and Vamsi and Karthikeyan [149]
for commercial superalloys are shown in purple and red, respectively. Experimental
measurements [107, 127, 150–153] with error bars are shown in black, with data for
commercial superalloys from Baither et al. [108] shown as black diamonds. Select
superalloys are labeled for clarity.

To demonstrate the generalizability of our ML model, we use our methodology to train
an RF model to predict γ111 for real superalloy chemistries reported in the literature. Specif-
ically, we use the compositions for the γ′ phase reported by Baither et al. [108] and Vamsi
and Karthikeyan [149], which were obtained through experiments and thermodynamic mod-
eling, respectively. The γ′ phase in these commercial superalloys contain multicomponent
chemistries ranging from 5 to 11 constituent elements. As we do not have DFT-calculated
data nor access to a thermodynamic database for these alloys, we first retrain the RF model
with only composition-based features (does not include Eord) for the full training set of 111
ternary Ni3Al-based alloys (training error of 0.011 Jm−2; R2 = 0.974). We then use this
trained model to predict γ111 for the unseen test data (i.e., 23 commercial, multicomponent
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superalloys) and compare the ML predictions with the γ111 values from the literature (Fig-
ure 3.8). While direct application of the model for ternary systems (which includes Eord)
is not possible, our analysis shows that models with comparable performance can be devel-
oped without Eord (see Supplementary Methods). We also use several other experimental
measurements from the literature [107,127,150–153] to test our model and we include those
results in Figure 3.8 (black squares). The overall test RMSE is 0.038 Jm−2, which compares
favorably to the CV error, even though the test set contains compositions that are more
complex than what exist in our training set. Conversely, when we build a model that simply
uses a linear combination of ternary APB energies [113,120], i.e., ∆γtotal =

∑n
i=1 ki∆γternary

i ,
we obtain a higher extrapolation error of 0.048 Jm−2 on the test set.

Compared with the experimental measurements by Baither et al. (black diamonds in
Figure 3.8), our model predicts values for γ111 that are consistent with those reported in
that study [108]. We find the error from our RF model reasonable given the comparison
to experimental data and our model still outperforms other predictive models in the litera-
ture [120,149] (Supplementary Figure A.1). The red points in Figure 3.8 represent the APB
energies from the study by Vamsi and Karthikeyan, who used an environment-dependent
nearest-neighbor bond (EDNNB) model that was also fit to DFT data [149]. They used a
thermodynamic database to predict the composition of the γ′-phase for commercial super-
alloys and then used those compositions as inputs to their EDNNB model. Our ML model
predicts values for γ111 that are consistent with their EDNNB model predictions for a ma-
jority of the superalloys, but under-predicts γ111 at higher values. We note, however, that
our ML predictions for Waspaloy, Rene88DT, and RR1000 are in closer agreement with the
predicted values from Crudden et al. (purple points) [113], which exemplifies the variability
between different models for the APB energy.

3.4 Discussion

The APB energy is an important parameter for alloy design as it influences several mechan-
ical properties of precipitation-strengthened superalloys and can be tuned by adjusting the
chemical composition. By creating a computational workflow to automate DFT calcula-
tions, we generate a wealth of data including solute site preference, (111) APB energies, and
physically-meaningful features such as the ordering energy to enable a data-driven assess-
ment of the chemical contributions to the APB energy. The synergy between high-throughput
calculations and machine learning presents an opportunity to explore vast swaths of alloy
composition space and accelerate the process of alloy development.

It is interesting to note PyDII’s predictions for Co and Cr, which are the two species
with the greatest variability in site preference among previously published studies. For Co,
we classify its behavior as preferring the Ni sublattice, but its concentration profile varies
the most among type I elements, suggesting it has the possibility of occupying both sublat-
tices [140, 144, 147] when analyzed with different compositions or at different temperatures.
For Cr, PyDII predicts a very strong preference for the Al sublattice, which reasonably
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agrees with previous computational studies, but differs from the MC study by Saito and
Harada [154] and a few atom probe tomography experiments [155,156]. These three studies
notably used multicomponent superalloy chemistries and Booth-Morrison et al. found that
Ta has a propensity to kick Cr out of Al sites [156], which could help explain the differences
with our results for Cr. Competition between multiple solute species, which more closely
mimics real superalloy chemistries, deserves further scrutiny in future investigations and
can be incorporated in the dilute-solution thermodynamic formalism employed by PyDII. In
general, validation against the literature confirms the viability of using PyDII as an auto-
mated tool to predict site preferences of solute species in ordered intermetallics, which can
potentially be extended to other precipitation-strengthened alloys [157,158].

Our DFT results also reveal that several elements exhibit a non-monotonic concentration
dependence for γ111, which can have important consequences for alloy design. As we scan
across the d-block elements (Figure 3.5), Ta may be the element that maximizes γ111 at high
concentrations, but the same cannot be said at lower concentrations, where other solutes
like Mo and W perform comparably or better. Furthermore, several predictive models for
the APB energy in the literature use a linear regression model based on each solute’s con-
centration [113,120]. Crudden et al. [113] calculated γ111 for 12.5 at.% Mo and W, and they
assumed that the APB energy varied linearly between 0 at.% and 12.5 at.%. Our results
show that for several elements, particularly those in groups VI and VII which are currently
used in superalloys, the choice of those endpoints can affect the estimate of its chemical
contribution to the APB energy in the γ′ phase, and we must be more cautious of making
assumptions about monotonicity. These data can also be used to guide the selection of alloy-
ing elements to maximize APB energy when facing additional constraints (e.g., total solute
quantity, weight, cost, processing techniques).

Building on previous analytical models for the APB energy, our nonlinear ML model
uses a derived set of physically-motivated features and is not constrained to a particular
analytical form. Seeing ordering energy surface as one of the most important features for
predicting γ111 agrees favorably with our physical intuition, given the known relationships
between the APB energy and the ordering energy [113,118,123]. Furthermore, the ability to
extract the ordering energy of an alloy system from CALPHAD [123] makes it a viable input
feature for modeling the APB energy by integrating ML workflows with existing tools and
databases from alloy design [159,160]. Using the stoichiometry alone, we can calculate several
additional features that improve the generalizability and interpretability of our ML model.
Evidenced by the grouped CV performance, these features are already effective at making
predictions for alloy chemistries that are not present in the training dataset, albeit with room
for improvement (W at medium concentration is the severely under-predicted orange data
point in Figure 3.7b). This predictive ability is important for exploratory alloy development,
where such a model is sufficiently accurate to be able to screen for promising compositions
(i.e., rank those with high APB energies as shown in Figure 3.8) in new regions of chemical
space and can couple with existing tools for increased predictability in the broader context
of alloy design. The continued expansion of databases for multicomponent alloys presents
exciting opportunities to enrich our ML models and extrapolate the methods presented here
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to other extended defects (e.g., stacking faults). As materials data become increasingly
digitized, abundant, and accessible, we foresee the coupling of materials thermodynamic
databases and data-driven methodologies to have an outsize impact in this field.
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Chapter 4

Grain boundary optimization in α-Ti
using GRIP

The work presented in this chapter is based on a soon to be submitted manuscript titled
“Grand canonically optimized grain boundary phases in hexagonal close-packed titanium”
by Enze Chen, Tae Wook Heo, Brandon C. Wood, Mark Asta, and Timofey Frolov, and is
reproduced here with permission of the co-authors.

4.1 Introduction to GB structure search

Grain boundaries (GBs) are interfacial defects in crystalline materials that have long been
studied for their influence on materials properties and performance [3]. Given their ability
to exist in multiple stable and metastable states, which have been termed GB phases [161]
or complexions [162], it is desirable to obtain an atomic-level understanding of the GB
structure and possible GB phase transitions between them [39, 163, 164]. The structure–
property relationships of these interfacial phases are believed to influence phenomena such
as diffusion [165], GB migration [166], and GB sliding [167] in materials.

As recent experiments have provided direct [168] and indirect [169] evidence for GB
phase stability, coexistence, and transitions in metallic systems, atomistic simulations of
interfaces [20] can provide a complementary method to search for GB phases [170]. Previous
atomistic modeling studies have discovered a diverse array of GB phases present in face-
centered cubic (FCC) [39, 171], body-centered cubic (BCC) [54], diamond cubic (DC) [75,
172,173], and other cubic systems [60,174]. One notable feature shared by the aforementioned
works is the ability to add or remove atoms from the GB region in the simulation cell, i.e.,
grand canonical optimization (GCO), which was required to access new ground states and
metastable states. While the exchange of atoms at an interface could naturally occur due
to diffusion and radiation damage in real materials at finite temperature, this variation is
omitted by the γ-surface computational method [175], which is the traditional technique for
simulating GBs where only translations are allowed between two bulk slabs. The γ-surface
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method is often adopted for its simplicity, but the deficiencies exposed by the previous studies
suggest that more degrees of freedom (DOF) must be considered during optimization in order
to find the true ground state structure in certain GBs. A few alternative approaches from
the literature for atomistic modeling of GB structures include high-temperature molecular
dynamics (MD) simulations [39, 55], Monte Carlo (MC) sampling [56–59], and evolutionary
algorithms (EA) [59–64] that can access a greater diversity of structures and atomic densities
at the interface, with a concomitant trade-off in computational complexity. These algorithms
have employed GCO for GB structures in a variety of systems, although seldom in a high-
throughput manner [56,176], and it remains unclear if the ubiquity of GB phases extends to
non-cubic systems.

A particular system of immense technological relevance is the hexagonal close-packed
(HCP) crystal structure, exemplified by elemental metals such as Mg, Zr, and Ti, the last
of which (α-Ti) will be the focus of this work. Ti alloys are technologically important
structural alloys for aerospace, biomedical, and energy applications, particularly where high
specific strength and strong corrosion resistance are desired [177]. The importance of GBs
in the α-Ti system is illuminated by recent studies that used grain refinement to mitigate
low-temperature oxygen embrittlement in α-Ti [7] and 3D electron backscatter diffraction
(EBSD) to map out the complete GB character distribution in this system [178]. In a
previous study [67], we used the evolutionary algorithm USPEX [65,66] to discover a ground
state structure for the {112̄4}[11̄00] twin boundary (TB) in α-Ti that was in closer agreement
to density functional theory (DFT) calculations and high-resolution transmission electron
microscopy (HRTEM) results than previously reported structures. In addition to these
experimental works, there are also several atomistic simulation studies in the literature that
systematically model symmetric tilt grain boundaries (STGBs) in α-Ti along the [0001] [179–
181], [11̄00] [182–185], and [12̄10] [185,186] tilt axes. Despite the simplicity of STGBs—only
a tilt axis and tilt angle (2θ) are required to describe the crystallographic misorientation
between two bulk crystals—they include coherent TBs as an important subclass, several of
which are experimentally observed in deformation microstructures and thus important for
mechanical properties in α-Ti [7,177]. STGBs are also model systems to study the geometric
relationships of defects at the interface [186]; however, as the previous studies utilized the
γ-surface method, it would be important to clarify the effects of GCO on STGB structure
in α-Ti and more broadly whether interfacial phases exist in HCP metals.

Herein, we perform GCO of low-index STGBs in α-Ti using an open-source GRand
canonical Interface Predictor (GRIP) tool that we developed to rigorously sample microscopic
DOF at the GB. We use this tool along with empirical potentials to perform GB structure
search, discovering new ground state structures and GB phases. We further employ high-
temperature MD simulations to explore the {213̄0}[0001] STGB and demonstrate GB phase
(meta)stability and phase transitions through a novel dislocation-pairing mechanism. We
conclude by discussing the broader implications of these results on GB phase behavior in
HCP systems and how our tool can benefit the GB structure optimization community.
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4.2 Methods

4.2.1 GB structure search

We perform atomistic simulations of STGBs using the open-source GRIP code, which rig-
orously explores structural DOF and was discussed in Chapter 2. The input slabs were
generated for α-Ti using a combination of ASE and Pymatgen [187]. For computational
tractability, we choose to simulate only [0001], [11̄00], and [12̄10] STGBs where all Miller-
Bravais indices (for the plane and the in-plane x-direction) are less than or equal to 15,
resulting in 16, 40, and 94 STGBs for each of the tilt axes, respectively (150 total). Addi-
tional simulation parameters include a GB region of 1 nm on each side (refer to Figure 2.2),
a buffer region of 0.6 nm beyond each side of the GB region, a temperature between 300K
and 1200K, and a duration up to 3× 105MD time steps.

We compare the results of structure optimization using two different interatomic po-
tentials (IAPs), an embedded-atom method (EAM) potential for Ti–Al from Zope and
Mishin [188] and a modified embedded-atom method (MEAM) potential for Ti from Hen-
nig, et al. [189] For each STGB and IAP, we also optimize the structure using the γ-surface
method [175] for comparison, using a 2× 4 replication of the same bicrystals and translating
the top slab in increments of 0.025 nm in the x- and y-directions prior to a conjugate gradient
energy minimization.

4.2.2 High-temperature MD simulations

To study GB phase stability and transitions, we perform high-temperature MD simulations
using methods adapted from previous work [39]. Briefly, we replicate the STGB in the x-
and y-directions until the simulation cell is around 10 nm in the x-direction and 3 nm in the
y-direction (along the tilt axis). We freeze the bottom 1nm layer of atoms and constrain the
top 1 nm layer to be semi-rigid (moves as one block using the fix aveforce command in
LAMMPS) throughout the 20 ns simulation. We use periodic boundary conditions (PBCs) in
the y-direction and both PBCs and open surfaces (with 1 nm of vacuum) in the x-direction.
We scan a range of temperatures between 600K and 1200K.

To induce a phase transition, we either insert additional Ti atoms at interstitial sites in
the GB region or delete Ti atoms (i.e., create vacancies) from a region near the top of the
GB region. As seen in Appendix Figure B.4, the vacancies are created approximately 1.3 nm
above the GB plane. These MD simulations are performed in the canonical (NV T ) ensemble
between 600K and 1200K for up to 20 ns, using the MEAM potential and associated struc-
tures. For clarity of visualization, we relax all structures at 0K using a conjugate gradient
minimization scheme.
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4.3 Results

4.3.1 Grand canonical optimization

GB structure prediction is a long-standing challenge that requires rigorous and often ad-
vanced sampling of possible interfacial structures. Previous studies of GBs in HCP metals
generated the interfaces using the common γ-surface method [175] in which two perfect half-
crystals are joined together while sampling different relative grain translations, followed by
a conjugate gradient energy minimization. As was illustrated in several previous studies of
GBs in cubic systems, this method is not guaranteed to yield the true ground state config-
urations in a general case [62, 75]. The conjugate gradient minimization simply allows the
atoms to fall into the nearby local minima which may be far away from the ground state. For
example, complex GB core configurations may exist that require significant rearrangement
of the constituent atoms [62,75].

The other significant limitation of the γ-surface method is that it is not grand canonical:
All GBs created using this method are composed of the same number of atoms that came
from the constituent perfect half-crystals. This poses a significant constraint because many
other structures, including true ground states, can be realized out of a different number of
atoms at the interface [39, 54, 75]. For STGBs and a fixed reconstruction area, the number
of distinct atomic densities that can give rise to different GB structures is given by the total
number of atoms in one atomic plane parallel to the boundary, which we denote Nbulk

plane. This
quantity is the limit because removing a full plane of atoms from a crystal will return the
exact same configuration up to a relative grain translation.

In this work, we expand the notion of Nbulk
plane to multi-basis crystals like HCP (Figure 2.5).

HCP has two atoms per basis which we visualized using different colors (blue and gold)
to obtain two sublattices. First, we calculate the distance dhkl which corresponds to the
smallest normal component of a lattice vector connecting two atoms on the same sublattice
with different z positions along the GB normal. Then, we calculate the total number of
atoms of both sublattices found inside the region spanned by dhkl. These regions calculated
for two different crystal orientations are illustrated in Figure 2.5. Due to the presence of two
basis atoms, some GB misorientations are like that in Figure 2.5a, where the atoms inside
the region have two distinct z positions, and we refer to these GBs as “Type 1” boundaries.
In contrast, some orientations are like the one shown in Figure 2.5b where both basis atoms
have the same z position, which we refer to as a “Type 2” boundary. We note that our
definition of a plane of atoms works for both cases, allowing us to uniformly apply it in
calculating GB atomic density (n; see Equation 2.7 in Chapter 2).

For each bicrystal studied, we use the open-source tool GRIP to systematically explore
possible GB structures by sampling the entire range of possible translations and atomic den-
sities. The different densities of GB atoms are generated by randomly introducing vacancies
in the GB plane. For a fixed translation and number of GB atoms, the structure is then
optimized by performing MD simulations at different temperatures sampled within a wide
window between ambient temperature (300K) and 1200K (approximately Tα→β for Ti), and
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Figure 4.1: Representative results from grand canonical optimization
(GCO). Shown here are the (a)-(d) {314̄0}[0001] (Type 1) and (e)-(g) {551012}[0001]
(Type 2) STGB optimized using the MEAM potential [189]. (a) GB energy (Egb) vs.
GB atomic density (n), where each translucent dot is a distinct structure and the orange
boundary serves as a guide to the eye. On the right, two orthogonal projections are
shown for each minimum-energy structure obtained using (b) our algorithm at n = 0.5,
indicating that GCO is necessary to find the ground-state structure for {314̄0}; (c)
the γ-surface method; (d) our algorithm at n = 0. (e) Egb vs. n for {551012}, where
the minimum is at n = 0.75. On the right, frontal projections are shown for the (f)
γ-surface structure and (g) GCO algorithm structure. The atoms are colored according
to the common neighbor analysis in OVITO [76,190], where gray are HCP-coordinated
atoms, gold are FCC-coordinated atoms (in panel (g) only), and blue are atoms in the
GB with a different coordination.

for different durations sampled up to 300 ps. Due to the random vacancy initialization and
different sampled MD parameters, for a fixed microscopic DOF we perform hundreds of
such calculations in parallel to ensure rigorous structure exploration. At the end of each
MD simulation, we perform conjugate gradient minimization at 0K until convergence before
calculating the GB energy (Egb; see Equation 2.6 in Chapter 2).
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Figure 4.1 illustrates the results of the grand canonical structure optimization performed
for two representative GBs. Panels (a) and (e) show plots of Egb vs. n, where each point on
the plot represents a particular GB structure obtained after the energy minimization. Our
thorough exploration generates thousands of different distinct structures covering different
densities and energies. As seen in Figure 4.1a, {314̄0}[0001] is an STGB in α-Ti that re-
quires GCO to achieve the ground state (orange square). Specifically, we find that half of
the atoms in one {314̄0} plane must be removed (n = 0.5) to obtain the ground state struc-
ture (Figure 4.1b), which has an energy of 0.351 Jm−2 when evaluated with the modified
embedded-atom method (MEAM) potential [189]. We observe a uniform pattern of hexago-
nal motifs in the GB with no atoms in between the (0002) planes and no localized cores for
grain boundary dislocations when analyzed with the dislocation extraction algorithm (DXA)
in OVITO [190,191]. In contrast, the minimum-energy structure from the γ-surface method
(blue diamond) is shown in Figure 4.1c, where the GB atoms (colored blue according to the
common neighbor analysis in OVITO [76]) have a more disordered pattern and are slightly
displaced out of the (0002) planes, as seen in the side projection. This GB structure has an
excess energy of Egb = 0.625 Jm−2, almost 80% higher than that of the ground state.

As demonstrated in previous studies [54, 62], the γ-surface method may not produce
the lowest-energy structure even without varying the atomic density, and the GRIP tool
finds a GB structure at n = 0 with Egb = 0.509 Jm−2 (green circle), approximately 18%
lower in energy. As shown in Figure 4.1d, this structure bears a closer resemblance to the
ground state structure than the γ-surface structure, with the hexagonal units starting to
form when viewed down the tilt axis; however, a prominent difference is the displacement of
atoms in between the (0002) planes that is necessary to accommodate the structural motifs
when no atoms are removed from the GB. While this structure is clearly metastable and
would favor a different planar fraction of atoms in the GB, it underscores the importance
of including MD simulations during GB structure optimization in order to sample more
disordered configurations. A similar set of results is shown for {551012}[0001] in Figure 4.1e–
g, where the two selected structures look strikingly different. The minimum-energy structure
at n = 0.75 (Figure 4.1g) discovered using GRIP lacks the localized dislocation cores present
in the γ-surface structure (Figure 4.1f), which also has marginally higher energy. Notably,
whereas {314̄0} is a Type 1 GB with different basis atom terminations along the GB normal
(see Figure 2.5), {551012} is a Type 2 GB, highlighting the need for GCO across diverse
misorientations and planar terminations.

Figure 4.2 summarizes the results from GCO for the entire family of [0001] STGBs. Each
subplot is equivalent to the orange boundary in Figure 4.1a, where the green circles are
the lowest-energy structures at different n and the orange square marks the ground state.
The lowest-angle (≤ 6.58◦) and highest-angle (≥ 23.41◦) tilt boundaries in this family do
not appear to require GCO to obtain the ground state, as there is close agreement between
our algorithm and the γ-surface method (blue triangles) at n = 0. For intermediate angles,
however, Figure 4.2 clearly shows the importance of GCO in finding the ground states, which
are mostly located at n = 0.5. Similar to {314̄0}, the γ-surface method often performs
poorly for these GBs, getting higher energies and different structures than the GRIP tool.



CHAPTER 4. GB OPTIMIZATION IN α-TI USING GRIP 41

Low-energy structures
3.67◦

{
5 4 9 0

}θ
{
h k i l

}
4.71◦

{
4 3 7 0

}
6.58◦

{
3 2 5 0

}
7.59◦

{
8 5 13 0

}
8.21◦

{
5 3 8 0

}
8.95◦

{
7 4 11 0

}
10.89◦

{
2 1 3 0

}
13.90◦

{
5 2 7 0

}
16.10◦

{
3 1 4 0

}
19.11◦

{
4 1 5 0

}
21.05◦

{
5 1 6 0

}
21.79◦

{
11 2 13 0

}
22.41◦

{
6 1 7 0

}
23.41◦

{
7 1 8 0

}
25.29◦

{
10 1 11 0

}

0.0 0.5 1.0
n

26.33◦
{
13 1 14 0

}

E
gb

 (J
 m

−
2
)

Figure 4.2: Energy map of [0001] STGBs evaluated using the MEAM poten-
tial. Each subplot is analogous to the orange boundary in Figure 4.1a, where the green
circles are the lowest-energy structures at different GB atomic densities. The orange
squares mark the ground state for each tilt angle obtained using GCO, while the blue
triangles mark the γ-surface structure (necessarily at n = 0). The corresponding tilt
angle (θ) and Miller-Bravais planar indices ({hkil}) are indicated in the right columns.

Even when the results are structurally similar, the sub-optimal atomic density from the γ-
surface method leads to metastable configurations that have demonstrated implications for
GB migration [166] and plastic deformation [192] (in other chemical systems). Additional
energy maps for select [11̄00] and [12̄10] STGBs with low and high tilt angles are shown in
Figure 4.3, and results for the embedded-atom method (EAM) potential [188] are presented
in the Appendix (Figure B.2 and Figure B.3). Taken together, these results demonstrate
the ubiquitous need for grand canonical sampling in locating the ground state structures for
multiple tilt axes in HCP Ti.

While the need for GCO for so many [0001] STGBs is unexpected, finding the ground state
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(a)

(b)

Figure 4.3: Additional energy maps of a few (a) [11̄00] and (b) [12̄10] STGBs.
Minima at n = 0.5 indicate that GCO is broadly required to find the ground states in
several families of STGBs in α-Ti.

at the particular value of n = 0.5 may not be. The two-atom basis of HCP crystals like α-Ti
means that some misorientations result in the two basis atoms having different z-coordinates
(Figure 2.5a), and those GBs will have different terminations for the bulk slabs depending
on where they are cut in the z-direction. In turn, this cut will either leave a perfect planar
periodicity in the z-direction (n = 0) or a half-terminated plane (n = 0.5), exposing different
basis atoms and bonding environments. This nuance is well known within the plasticity
community [193, 194], which historically proceeded to sample all terminations to find the
“best” (e.g., lowest-energy) one. Indeed, we show in Appendix Figure B.1 how performing
the traditional γ-surface method on two different terminations of {314̄0}[0001] bulk crystals
can reproduce the high-energy n = 0 structure and the low-energy n = 0.5 structure in
Figure 4.1. Thus, another way to view the grand canonical sampling for certain GBs in HCP
systems is incorporating additional flexibility in selecting the appropriate termination for
the GB (n ∈ {0, 0.5}); however, our algorithm more precisely quantifies this selection and
captures the full range of atomic densities ∈ [0, 1), which is critical for Type 2 boundaries like
{551012} shown in Figure 4.1e or when larger reconstructions of the GB are required [62,75].
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Figure 4.4: GB phase stability in {213̄0}[0001]. (a) The plot of Egb vs. n reveals
a global minimum at n = 0 (green circle) and a local minimum at n = 0.5 (orange
square). (b) The ground state contains an array of bI = 1

3⟨12̄10⟩ edge dislocations
spaced approximately 0.78 nm apart (identified using DXA in OVITO [191]), while
(c) the metastable structure requires half of one plane of atoms to be removed and
the dislocations have reconfigured into bII = 1

3⟨24̄20⟩ edge dislocations with twice the
spacing. Both phases remain stable for up to 20 ns in MD simulations up to T = 1150 K.
(d) The ground state for n = 0.33, which is a mix of bI and bII dislocations. The viewing
directions are shown in the top-right corner.

4.3.2 Phase transitions and coexistence

By tracking how GRIP manipulates structural DOF, we can further discover phase trans-
formation pathways. Here we focus on the {213̄0}[0001] STGB, which has a relatively low
misorientation angle of θ ≈ 10.9◦. The structure search performed on this boundary is il-
lustrated in Figure 4.4, where we identify two distinct GB phases corresponding to atomic
densities n = 0 (green circle) and n = 0.5 (orange square). The n = 0 phase is the ground
state (Figure 4.4b), while n = 0.5 has higher energy at 0K (Figure 4.4c), with both cor-
responding to GB energy cusps with respect to n. Both phases are composed of periodic
arrays of edge dislocations with distinct localized cores, which is characteristic of low-angle
GBs [195]. The ground state is comprised of an array of bI = 1

3
⟨12̄10⟩ edge dislocations

(identified using DXA [191]), while the second phase is comprised of bII =
1
3
⟨24̄20⟩ edge dis-
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locations with Burgers vector twice that of the ground state and consequently half the line
density within the GB plane. We perform MD simulations of each structure at temperatures
as high as 1150K for up to 20 ns to confirm that they are dynamically stable and indeed
represent two GB phases. The other two energy cusps at n = 0.33 and n = 0.67 are the
mixed states expected from the lever rule, where the GB region is patterned by weighted
fractions of bI and bII dislocations corresponding to the proportions between n = 0 and
n = 0.5 (Figure 4.4d).

These two GB phases and their dislocation content resemble the thermally activated
dislocation-pairing transitions that occur in BCC Fe [196], and we demonstrate a distinct,
point defect-induced mechanism in this system. We insert extra atoms into interstitial sites
in the ground state structure to model irradiation phenomena, which triggers a dislocation-
pairing transformation illustrated in Figure 4.5. During the transformation, the bI =

1
3
⟨12̄10⟩

dislocations of the ground state structure pair up into bII =
1
3
⟨24̄20⟩ and absorb the extra

atoms. Analogously, adding Ti atoms to the left half of the metastable structure and perform-
ing high-temperature MD triggers a dislocation-unpairing transition as shown in Figure 4.5b
(bII → 2bI). The transformed states remain stable for up to 20 ns and the transformation
can be reversed by introducing vacancies near the GB (Appendix Figure B.4). Thus, the
transformed structures represent heterogeneous states containing two different GB phases
that show stable coexistence in the closed system at high temperature.

To illustrate the shape of the nucleus during such a transformation, we increase the
cross section of the GB and place interstitial atoms in a relatively small section. During
the subsequent high-temperature simulations, the extra atoms diffuse to the boundary core
and locally trigger the pairing transition. The equilibrium structure of the obtained nucleus
is illustrated in Figure 4.5c. The dislocations of the parent structure shown in green (bI)
pair up on the nucleus boundary to form three individual orange segments (bII). GB phase
nucleation by absorption of point defects has been previously illustrated [39,74], which found
the line defect separating the two different GB phases to depend on the Burgers vector and
the core energy [197]. The important distinction of the transformation studied here is that it
occurs in a low-angle GB; therefore, the structure of the GB phase junction is represented by
a dislocation node, which is the point where two dislocations pair up into one. A collection
of such dislocation nodes represents the structure of this GB phase junction, and we are
unaware of previous reports of this nucleation mechanism for interfacial phases with distinct
dislocation character.

4.4 Discussion

In this work, we perform grand canonical GB structure search to discover new GB phases
in an HCP metal, α-Ti. While GBs in α-Ti have been investigated extensively [179–186],
those simulations were restricted to a fixed number of atoms and clean surface terminations.
By rigorously exploring all possible atomic densities at GBs, we show that the lowest-energy
structures can be found for atomic densities inaccessible to the γ-surface method for both
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Figure 4.5: GB phase transformations in {213̄0}[0001]. (a) Adding Ti atoms to
the left half of the ground state structure and performing MD simulations at T = 600 K
triggers a dislocation-pairing transformation (2bI → bII) that remains stable for up to
20 ns. (b) Analogously, adding Ti atoms to the left half of the metastable structure
and performing high-temperature MD triggers a dislocation-unpairing (bII → 2bI)
transition. (c) The two dislocation structures can coexist along the direction of the
dislocation line when additional Ti atoms are inserted in the middle of one network,
triggering a transformation locally. All structures are relaxed at 0 K for clarity of
visualization and the viewing directions are shown in the top-right corner. Note the
absence of atoms between (0002) planes in the final states.

high-angle and low-angle GBs. The need for GCO and presence of multiple GB phases with
different atomic densities is consistent with phenomena previously illustrated in elemental
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cubic metals with FCC [39,171] and BCC [54] crystal structures.
Subsequent high-temperature MD simulations guided by our sampling of phase space

confirm the discovery of a novel GB phase transformation mechanism. The two phases shown
in Figure 4.4 are composed of periodic arrays of edge dislocations with distinct localized cores
that contain different atomic densities in the GB. During a transition, dislocations of a less
dense GB (bI, n = 0) pair up to form a new dislocation core (bII, n = 0.5) while doubling the
Burgers vector and absorbing interstitial atoms. Previous studies of GB phase transitions
in low-angle GBs revealed defect absorption by individual dislocation cores without the
change of the Burgers vector [39, 74] and other studies demonstrated the change in the
dislocation network topology for the same constituent number of atoms [196]. It is also well
established and expected that individual dislocations absorb point defects by climb [198]; yet
here, we demonstrate a different mechanism when there is a coupling between the dislocation
network topology and the number of constituent atoms. This coupling could provide another
mechanism for radiation tolerance for materials with a high density of low-angle GBs, such
as additively manufactured metals that contain dense dislocation cellular walls [199]. Our
work provides new insights about how low-angle GBs and dislocation arrays more generally
interact with point defects, which may be prominent in nuclear applications for HCP metals
like Zr [200,201].

We extend the notion of GB number of atoms to non-cubic, multi-basis crystals like HCP.
Previous studies on cubic metals such as FCC and BCC calculated this number (Nbulk

plane) as
the total number of atoms located in one planar cut parallel to the GB, i.e., all these atoms
are equidistant in the z-direction. This is not always the case for HCP materials or any
multi-basis crystal (see Figure 2.5). Generally, Nbulk

plane includes all atoms located inside a
region with height equal to the minimum normal component of a lattice vector. Previous
studies that used the γ-surface method for HCP demonstrated the importance of sampling
different crystal terminations. In our study, we show that when these different terminations
exist (Type 1 boundaries, Figure 2.5), they simply correspond to atomic fractions of n = 0 or
n = 0.5, and therefore the search space is still too restricted. Also, the converse is not true,
as n = 0.5 is not in general equivalent to a different crystal termination (Type 2 boundaries).
In a proper GB search, all different atomic densities must be systematically explored. More
broadly, all the special cases from previous studies are naturally handled within the single,
consistent framework presented here.

We implement this framework for manipulating structural DOF and predicting new GB
phases in the open-source GRIP tool, written in Python with minimal dependencies. The
algorithm rapidly samples the configurational space described by relative translations and
different atomic densities and moves the system toward equilibrium. The relevant DOF (e.g.,
atomic density, reconstructions, temperature) are specified by the user in a single input file
and the code exhaustively explores the GB phase space by sampling as many structures as
possible in parallel. To further underscore the need for rigorous sampling, Figure 4.6 shows
the structural diversity with respect to the MD simulation parameters, namely temperature
and duration (MD steps). We use GRIP to optimize a 6×2 reconstruction of the {213̄0}[0001]
GB with atomic density n = 0.67, as this boundary exhibits many competing phases (see
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Figure 4.6: Variation of structures with respect to MD parameters. Here
we optimize the structure for {213̄0}[0001] with n = 0.67 and a 6 × 2 reconstruction.
(a) If we fix the duration at 105 MD steps, there is significant variation in energy in
the structures at each temperature, and a sufficiently high temperature (≥ 500 K) is
required to obtain the ground state. (b) The fraction of ground state structures out
of all structures sampled at each temperature are plotted and fitted with a Gaussian
distribution (µ = 1158 K, σ = 76 K). (c) If we fix the temperature at 1000 K, there is
significant variation in energy in the structures for a fixed number of MD steps, and
a sufficiently large number of steps (≥ 5000) is required to obtain the ground state.
∆Egb is the range of energies at each increment of steps. (d) ∆Egb is plotted against
the number of MD steps and fit with a least-squares regression line.

Figure 4.4 and Figure 4.5). Figure 4.6a shows the range of Egb as a function of temperature
when the MD duration is fixed at 105 steps, and only at intermediate temperatures does the
algorithm find the ground state structure. From this data we can compute the probability of
finding the ground state structure (calculated as the fraction of ground-state structures out
of all sampled structures at each temperature), which peaks at approximately 1150K and is
zero for very low and very high temperatures (Figure 4.6b). Analogously, simply choosing
an optimal temperature (e.g., 1000K) is insufficient, as too few MD steps will never achieve
the ground state (Figure 4.6c). The spread in Egb generally decreases as the MD duration
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increases (Figure 4.6d), but as the optimal parameters are not known a priori, it is important
to properly sample both temperature and duration in order to access all GB structures.

The energy calculations presented here use empirical IAPs, but other techniques such as
DFT can be used as well, as those calculations are decoupled from the structure optimization
steps; however, the use of IAPs enables us to access temperature-stabilized phases, low-
angle GBs, and larger reconstructions with thousands of atoms. This methodology takes
advantage of the increasing availability of computational resources and the advent of high-
fidelity machine-learned (ML) IAPs will enable quantum-accurate atomistic simulations of
large systems with extended defects [202]. Advances in sampling and structure generation
algorithms (e.g., generative ML [203]) will further expand the diversity of results and the
modular structure of the code enables different choices for the sampling algorithm to be easily
plugged in. Of particular interest would be extensions to multicomponent systems, which
could be handled using a MC approach [57–59] for compositional DOF and would enable
grand canonical sampling of GB structures in technologically important alloy chemistries.
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Chapter 5

Data-centric materials science and
engineering education

The work presented in this chapter was published in two shorter, peer-reviewed manuscripts.
The first was published as a Technology Report titled “Using Jupyter Tools to Design an
Interactive Textbook to Guide Undergraduate Research in Materials Informatics” in the
Journal of Chemical Education 99, 10 (2022) by Enze Chen and Mark Asta [204], and
the second as a conference paper titled “Integrating programming-based modules into a
materials characterization laboratory course to reinforce data science and scientific writing”
in the Proceedings of the 2023 ASEE Annual Conference & Exposition by Enze Chen, Mark
Asta, and Andrew A. Minor [205]. Both works are reproduced here with permission of the
co-authors.

5.1 Introduction

In recent years, the infusion of machine learning (ML) and artificial intelligence (AI) into
the materials and chemical sciences [17] has led to significant advancements in modeling
structure–property relationships [206], synthesis planning [207], molecular design [208], and
drug discovery [209]. Scientists have leveraged ML/AI technologies to design new materials
with the ultimate goal to achieve lower cost, accelerated time to market, and greater sustain-
ability. Now, the maturation of these technologies in research present exciting opportunities
to transfer them into the classroom, where educators can design new informatics curricula
to train the next generation of informatics-skilled scientists [25,26,210–212].

With such pedagogical aspirations serving as crucial motivators, it is also important to
identify the key challenges that could impede a successful implementation. The multidis-
ciplinary nature of chemoinformatics calls for a robust curriculum that combines scientific
domain knowledge, data science, and computing skills, which is difficult for students to fit
into an already strained course load and for an instructor to gain mastery in all compo-
nents [211]. Due to the comprehensive scope of materials informatics (MI), it has been
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advised that MI curricula be structured as small modules to facilitate its integration with
existing courses and to help alleviate some of the aforementioned problems [25, 26]; how-
ever, this integration presents its own challenges that must be carefully considered during
instructional design. For example, it may not be obvious how a research-based tool can fit
within the scope of the existing curriculum and whether additional software-specific training
is necessary.

In particular, when designing any informatics curriculum, it is appealing to include pro-
gramming exercises to give students hands-on experience with authentic problem solving
tasks [213]. Given the popularity of the beginner-friendly Python programming language in
scientific research [214], many intro-level programming courses in the physical sciences have
chosen to use Python as well [215,216]. To improve code readability and reproducibility, there
is a growing trend to write and execute Python code inside Jupyter notebooks [80], which are
now commonplace in chemoinformatics/MI courses [81–83] and workshops [217–220]. These
digital notebooks merge prose, Python code, and additional multimedia elements into rich
computational narratives that provide a gentle introduction for students. They are often
provided as standalone files (.ipynb extension) for users to run locally, but this requires
installing additional Python packages and managing software configurations on personal
devices [221], which can be daunting for beginners. To circumvent these technological chal-
lenges, another popular option is to execute notebooks in the cloud [218,222], where popular
services such as Binder [223] and Google Colaboratory (Colab) [92] can provide a more con-
sistent and equitable user experience. Several of these options have been compared in the
literature [224,225], which underscores the impact of cloud-based computing on education.

5.2 MI summer internship

We first report our experience using a related suite of Jupyter authoring tools, including
the recently developed Jupyter Book environment [87], to design an integrated, interactive
online textbook to guide undergraduate research projects in the data-driven design of dielec-
tric materials [226]. This work was inspired by existing textbooks published using Jupyter
Book [89,227], which gave us confidence to reenvision the remote research experience in light
of the COVID-19 pandemic and utilize an interactive text to boost student engagement and
performance [228, 229]. Given the multitude of benefits of undergraduate research experi-
ences [230, 231], the curriculum served as an experimental model to expand access to such
opportunities while easing students into the research process. We discuss the details of the
implementation that uses open-source tools familiar to those working in the computational
and informatics sciences, which lowers the barrier for researchers to design new curricula.
The Jupyter Book interface was easy to navigate and the ability to use JupyterHub [91] to
run Python notebooks in the cloud enabled students to interact with the content entirely
through a web browser without having to install anything locally. While the COVID-19
pandemic forced everyone to transition online, it also presented an opportunity to explore
how the digital nature of informatics and rapid advancements in computing infrastructure
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can improve the scalability and accessibility of undergraduate research experiences.

5.2.1 Implementation

The primary software used in designing this curriculum is Jupyter Book, developed by the
Executable Books Project as “an open source project for building beautiful, publication-
quality books and documents from computational material.” [87] It can be installed using
the standard Python package managers pip or conda and contains a set of command-line
utilities for compiling the book from Markdown text (.md) and Jupyter notebook (.ipynb)
files. Building off of Markdown files is advantageous due to the familiarity of the Markedly
Structured Text (MyST) syntax [88] to researchers and the simplicity of the syntax, which is
still powerful enough to create rich content pages with text, figures, citations, and embedded
files and videos. Content that cannot be easily created in Markdown (e.g., presentation
slides) can be created externally and then embedded into Markdown files using standard
HTML tags. All of the content (presentations, lecture notes, Python notebooks, etc.) for
each day was then grouped to form each “chapter” of the book. In this way, the digital
textbook served as a centralized location where students can go to access all of the resources
throughout the research internship. Once the pages are complete, the book can be compiled
into a static PDF file for offline reading or a collection of HTML web pages for dynamic
viewing, all without the need for instructors to learn additional frameworks like JavaScript or
CSS. The online book can be accessed using any modern web browser, which frees instructors
and students from compatibility concerns across different operating systems and Python
environments. Further information on getting started with Jupyter Book can be found in
the detailed tutorials on their website [87], which requires familiarity with using the command
line and text editors. In addition to detailed instructions on setup and content creation, the
documentation describes several options for sharing the book, which is also discussed below.

Section Topics covered

Preamble Module overview, Software setup
Week 1 Intro to Python/Jupyter, Intro to MI, Data

management, Intro to ML, Dielectric materi-
als, and MI research

Week 2 Self-directed research
Week 3 Self-directed research, GitHub pull requests,

Project presentations, Reflections on the mod-
ule

Table 5.1: Summary of the Jupyter Book contents. The first week is a series
of tutorials to introduce students to the research topic and software tools, and the
remaining time is for their self-directed research projects. (MI = materials informatics,
ML = machine learning)
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Table 5.1 summarizes the contents of the book, which was used by six undergraduate
students for a research module on the data-driven design of dielectric materials for micro-
electronics applications. The module was part of a summer internship program supported
through a partnership between the College of Engineering at the University of California,
Berkeley and the Materials Sciences Division at Lawrence Berkeley National Laboratory.
Briefly, students learned data management best practices and applied them to mine data
for dielectric materials from the Materials Project [232,233], an online database for materi-
als properties computed using high-throughput density functional theory (DFT). Students
used this DFT-generated data to train ML models to predict a material’s dielectric constant
(κ) and then used the ML model, along with other criteria of their choosing, to screen for
the “best” high-κ dielectric material for nanoscale transistors. This research question is an
active area of research [234, 235] with documented impact for the microelectronics indus-
try [236, 237]. The content also aligned well with the two other modules in the summer
research internship, which shows how a modular design can be flexibly sequenced with other
curricula, consistent with the recommendations of other educators [22, 25, 26]. All files are
freely available on GitHub under a Creative Commons Attribution-ShareAlike 4.0 Interna-
tional (CC BY-SA 4.0) license and the textbook is hosted for free on GitHub Pages [226].
GitHub Pages was chosen for its simplicity and flexibility, and step-by-step instructions for
hosting Jupyter Books on a variety of platforms can be found in the documentation [87].

The first iteration of the internship was structured to feature a full week of tutorials
about MI followed by two weeks of self-directed research in teams, all performed remotely
in Summer 2021. The text begins with an overview of the research module, including the
learning outcomes, schedule of events, and account setup instructions (e.g., Materials Project,
GitHub). Most of the Python notebooks are introduced in the first week, starting with a com-
plete introduction to the Python language and followed by tutorials on data management,
data visualization, ML, dielectrics, and MI research. Weeks 2 and 3 have fewer prescribed
notebooks and more supporting content such as additional reading, check-in discussions, and
presentation tips for students. Interspersed throughout the weeks are mini-lessons on how to
read papers and documentation, graduate school applications, and other topics to support
their educational development. There are no graded assessments or exams, and the final
summative assessment was a presentation of their research and experience. While live men-
toring took place over instant messaging and video conferencing platforms, students used the
Jupyter Book interface to access all lecture content, assigned readings, and Python exercises
(Fig. 5.1). The minimalist style of the web interface features several navigation shortcuts
and a familiar rendering of Markdown and notebook content that facilitated students’ daily
use. One can use arrow keys at the bottom of each page to proceed sequentially through the
book or use the navigation headings to jump to specific pages. The MyST syntax makes it
simple for instructors to incorporate content from external sources by embedding them in
the page or linking them, as shown in Fig. 5.1.

Several interactive options exist for readers to write and execute Python code within the
notebooks. UC Berkeley affiliates can use the campus JupyterHub [238] to open the same
web page in a Python kernel (by hovering over the rocket icon in the top of Fig. 5.1). The
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Figure 5.1: Screenshot of the Jupyter Book web interface [226]. The left
margin contains a table of contents and a search bar for ease of navigation through the
entire book, while the right margin contains section headers for the specific page. The
content in the page, here rendered from a Jupyter notebook [80], contains a mix of text,
Python code, and images. Hovering over the rocket icon in the top-right lists options
for launching the same page in an interactive environment such as JupyterHub [91] or
Google Colaboratory [92].

JupyterHub instance syncs with the GitHub repository for the Jupyter Book so that each
student has an updated copy of the files that they can work on at their own pace. There
are many advantages to using the JupyterHub platform, including a uniform computing en-
vironment (required packages can be pre-installed), more powerful resources (extra compute
and/or memory can be allocated upon request), and preservation of their work (the modi-
fied files are saved to their account). These are significant benefits of JupyterHub that can
only be partially satisfied with other cloud services, although a large-scale deployment of
JupyterHub may require institutional support and funding (see refs. [91,238] for deployment
details). For non-UC Berkeley affiliates, there is also a Colab option that allows any user
to complete the exercises with minimal changes (e.g., a few package installations and file
paths), and this may be preferred if teaching at scale without JupyterHub. Nevertheless,
the seamless integration of Jupyter Book with cloud-based Python kernels is one of the prin-
cipal advantages of using the Jupyter Book software to design MI curricula as it enhances
the scalability and accessibility of these interactive learning experiences.
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5.2.2 Results and Discussion

This curriculum was taught to students from a variety of backgrounds: Some of them were
new to Python (but had other programming experience), many were new to research, only
one had a materials science background, and all were new to data science. These individ-
ual differences further validated the use of the Jupyter ecosystem to design tutorials during
the first week to establish the requisite knowledge to carry out a successful MI research
project. To maximize effective usage of the software, a walk-through of the Jupyter Book
and JupyterHub interfaces was given on the first day, which is recommended when teaching
with any new technology. Subsequent usage included a mix of group instruction (e.g., pre-
sentations, live coding) and individual work using the digital textbook. In addition to the
final presentation, feedback was collected continuously throughout the internship in the form
of daily check-ins and three anonymous surveys (made using Google Forms) distributed at
the beginning, middle, and end (see Supporting Information for example questions).

Consistent with our expectations, the students found the Jupyter Book straightforward
to navigate and helpful as a centralized resource for the entire module. No longer did they
have to juggle multiple files and links (only the single URL to the online text), and could
focus on learning the material. They enjoyed having the interactive exercises alongside
the reading to strengthen comprehension and welcomed the opportunity to carefully work
through the exercises at their own pace, demonstrating a greater sense of agency. By the
end of the second week, most of the students were not only comfortable editing the existing
notebooks, but also capable of creating new Jupyter notebooks on the JupyterHub to carry
out their self-directed research. Their feedback on the merits of the Jupyter Book-powered
curriculum aligns with the results reported in previous research on the benefits of interactive
textbooks [228,229].

Figure 5.2 shows the results from the final student survey on how well the curriculum
achieved the learning outcomes of the module. There was a strong level of agreement, con-
sistent with our observations of their final presentations (e.g., hearing comments about the
importance of cleaning data, or how ML can be a helpful guide for experiments—not a re-
placement). While these learning outcomes are not directly tied to the software, the success
of this module would not have been possible without the structure and interactivity enabled
by the Jupyter Book. Giving students hands-on practice with informatics workflows and
open-ended, group research projects are authentic assessments that cultivate problem solv-
ing skills in realistic contexts [213], which will better prepare them to meet the demands
of the next-generation workforce. Although the impacts of this internship model will be
evaluated in a separate communication, there were a few pieces of feedback directly re-
garding the software. As the students worked in groups on their research projects, a few
of them wished that JupyterHub had the ability to collaborate in real time on the same
notebook. Such a possibility was not explored for this iteration, although the suggestion
of pair programming [239] through video conferencing software was found to be helpful for
sharing programmatic solutions and strengthening group dynamics. Another collaboration
tool available in Jupyter Book (that was not used) is Hypothesis [240], which allows users
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Figure 5.2: Student feedback on how well the module’s learning outcomes were
achieved. Questions are scored on a Likert-type scale where 7 indicates strong agree-
ment and 1 indicates strong disagreement. The bars and lines indicate the mean and
one standard deviation (n = 6), respectively, and the individual scores are separated
for clarity.

to directly annotate the HTML for asynchronous group discussions, particularly if Jupyter
Book is used for a course that involves more reading. Many students also desired the ca-
pability to automatically check the correctness of their code, which might be possible with
auto-grading software [241, 242]. Such tools would definitely be valuable if Jupyter Book is
used to design a large-scale, semester-long course where graded assessments carry greater
importance. These suggestions, in addition to others like better scaffolding of the tutorial
exercises, will help focus curricular improvements for future iterations of this module.

From the perspective of instructors, we are particularly excited to see computational
software and infrastructure mature to the point where an entire MI research curriculum can
be implemented online and taught remotely. These open-source, online platforms markedly
increase the accessibility of this knowledge and continue to lower the barrier for new learn-
ers, whether that involves better content, more effective pedagogy, or fewer headaches with
software installation. The fact that participants were gathered across three time zones shows
how cloud-based solutions can scale far more effectively than traditional materials science ed-
ucation can, reaching larger and more diverse populations. The synergy between the Jupyter
environment and robust GitHub workflows also lowers the barrier to creating educational
content for scientific domain experts, as they can continue to use familiar tools from their
research background. Moreover, creating open-source curricula invites participation from the
broader community to collaborate on their development [210], as instructors can adapt these
materials for their own needs or add chapters based on their areas of expertise. The use of
GitHub presents an opportunity to teach students about team-based open science [243] and
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each student was assigned to make a small contribution to the Jupyter Book to showcase
their research accomplishments. Although none of the students had prior experience with
git, they were able to successfully clone the repository, update their presentation abstracts,
and submit the changes through pull requests, demonstrating the facility of collaborative
development with Jupyter Book. We anticipate the increasing prevalence of Jupyter Books
(for other examples, see refs. [89, 227] and the public gallery [87]) and other open-source
computational tools in instructional design will continue to bolster teaching and learning of
informatics in the materials and chemical sciences.

5.3 MSE 104L data analysis

Building on the success of our summer research program, I wanted to integrate some of those
same modules into an existing course to test its flexibility and expand its impact. As we pre-
pare our students to enter the workforce, we have to equip them with not only deep domain
expertise, but also several transferable skills for them to succeed at their jobs [244]. For this
intervention, we focus on two of these skills in particular, data science (DS) and scientific writ-
ing (SW), which have been discussed in recent reports from the National Academies [245,246],
ABET [247], and university educators [204,248–250]. These reports collectively highlight the
importance of DS and SW in engineering practice and identify opportunities for students
to build these skills through courses and programs, but it remains unclear how we can add
more topics into an already-packed materials science and engineering (MSE) curriculum.
While many schools offer dedicated DS and SW courses, these courses are often not re-
quired and lack examples in the MSE domain, which can leave some students unaware of
the applicability of these skills in MSE.

We believe that there is an opportunity, given advancements in computing software and
STEM pedagogy, to better integrate DS and SW practices into the MSE curriculum. Many
institutions (including UC Berkeley) require an introductory computing course in their en-
gineering curriculum, which provides students with a general introduction to algorithms and
computational thinking. This is the foundation on which we introduce DS concepts, facili-
tated by open-source software such as Python and Jupyter to enhance the accessibility and
scalability of this knowledge. Instead of using canonical problems and datasets, we teach
these tools using real experimental data collected by undergraduates in an upper-division
materials characterization laboratory course, MSE 104L. In MSE 104L, students perform a
series of experiments (see Table 5.2), analyze the data they collect, and write a lab report
interpreting their data for each experiment. Student feedback from previous years indicate
a desire for more support on data analysis and report writing (partly because the labora-
tory sessions are focused on machine operation and data collection), which motivated us
to design programming-based modules that could easily integrate into the post-experiment
procedures, similar to what other instructors have done for physical chemistry labs [82,215].
The existing course structure remains unchanged and provides a natural environment for
modernizing the MSE curriculum as students learn DS and SW skills in context.
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Lab # Experiment / Topic Python Notebooks

Intro to modules
- Intro to Python

- How to use Jupyter Book

1 X-ray emission

(new: plotting and curve fitting)

- Lab 1 exercises

- Intro to plotting

2 Powder X-ray diffraction

(new: pandas DataFrames)

- Lab 2 exercises

- Intro to tabular data

3 Precision X-ray diffraction
(new: functions and correlations)

- Lab 3 exercises

4
& Scanning electron microscopy

Energy-dispersive X-ray spectroscopy

(new: annotations and clustering)

- Lab 4 exercises

5 Self-guided experiments [None]

6 Transmission electron microscopy [None]

Table 5.2: Outline of MSE 104L. We designed new Python-based learning modules
corresponding to four out of the six laboratory experiments.

5.3.1 Implementation

Table 5.2 shows the six experiments in MSE 104L and the corresponding modules for each
one. Each set of exercises is Python-based and written in a Jupyter notebook [80], which
we again compile using the Jupyter Book software [87] and host online for free access [251].
As DS is a broad discipline, for this first iteration we emphasize data visualization as it is
an important skill in MSE that can easily be misused [252]. Using figures to help struc-
ture the narrative is also an important skill for professional communication [253], which we
hope enables our modules to support SW development from a “data-first” approach. Past
student performance on lab reports in MSE 104L has shown some weaknesses in terms of
data interpretation, visualization, and organization, which are consistent with previous re-
ports [248, 249]. We create a series of scaffolded exercises, following the sequence of the
laboratory experiments (Table 5.2), that teach students how to use the versatile Python
visualization library Matplotlib [254]. In addition to specific exercises corresponding to each
lab report, there are also general tutorials at the beginning for those less familiar with the
programming environment. We include discussions of best practices in data visualization
and additional exercises on tabular data (e.g., solving for lattice parameters in X-ray diffrac-
tion), curve fitting (e.g., Nelson-Riley method [255]), and k-means clustering (e.g., image
segmentation). In doing so, we hope to expose students to common scientific computing
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libraries such as NumPy [79] and pandas [256] so they are aware of how these powerful tools
can support their experiments and deepen their understanding of the science. That being
said, to avoid overburdening students in this initial rollout, we make the modules optional
and let the students decide which tools they wish to use for data analysis in the labs.

At the start of the semester, we explained to all students in MSE 104L the purpose of
the learning modules and the details of this research study, which qualified for exempt status
through the UC Berkeley Institutional Review Board (CPHS #2022-10-15691). Students are
surveyed anonymously at the start of the semester to assess their academic preparation and
predispositions toward DS and SW, and then they are surveyed a second time (not linked)
near the end to assess the effectiveness of the learning modules and any changes in their
beliefs. The two surveys contain a mix of multiple-choice, 7-point Likert-type scale (7 being
“Strongly agree”), and short-answer questions whose responses are inductively coded by me.
For this study, we seek to answer the following research questions (RQs):

RQ1: How well are DS and SW skills integrated into the current MSE curriculum?

RQ2: How do MSE students view DS and SW in the context of their work?

5.3.2 Results and Discussion

We will only report and discuss the most salient results in this section, and the rest can be
found in Appendix C. All 42 students in MSE 104L consented to participate in the study,
with 88% being juniors and above, and 88% majoring in MSE. Over half of the students were
male (60%) and a little over a third were female (36%). Other data such as race and ethnicity
were not collected and the full demographic results are found in Supplementary Table C.1.

5.3.2.1 Pre-course survey

Subject Yes No

Computing 33 (79%) 9 (21 %)
Data science / Statistics 7 (17 %) 35 (83%)
Scientific writing 3 (7 %) 39 (93%)

Table 5.3: Previous or concurrent coursework taken by the students (n = 42).

Table 5.3 shows the academic background of these students, which is largely consistent
with our expectations. Nearly 80% of the students have taken a computing course, but only
17% of them have taken a DS or statistics course. Even fewer had taken a formal course in
SW and it is likely that their only prior exposure to technical writing was in the laboratory
component to the gateway MSE course. MSE majors at our institution are required to take
a 4-unit introductory computing course, but there is no strict requirement on the timing.



CHAPTER 5. DATA-CENTRIC MSE EDUCATION 59

Notably, of the nine students who had not taken a computing course, all of them answered
“No” to the other two questions, eight of them were male identifying, and none of them were
sophomores. This suggests that there does not appear to be a gender disparity in terms of
access to computing courses in this sample of students and that later class years may see a
benefit to taking computing courses early.
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Figure 5.3: Pre-course survey results for student sentiment on (a) data science and
(b) scientific writing. Students (n = 42) indicated their level of agreement with five
prompts on a Likert-type scale (1 to 7, with 7 being “Strongly agree”). Each square
marker and associated error bars correspond to the mean (µ) and one standard deviation
(σ), respectively, and each dot is an individual student response.

Supplementary Table C.2 details the programming languages used by students in their
MSE courses only, from which it is clear that MATLAB is the most common required
programming language (55% of students were required to use it at least once) followed by
Mathematica (31%) and Python (26%). It is interesting to note that Python is the only
programming language where the most common reason students used it in MSE courses
was by “personal choice” (40%), although roughly the same proportion of students (38%)
had never used it in their MSE courses. These results support our hypothesis that students
generally lack formal training in DS and SW skills and that appropriately scaffolded content
in Python would be beneficial toward developing these capabilities.

The two sets of Likert-type scale questions on DS and SW gave similar results (Figure 5.3).
Student confidence regarding four DS and communication tasks hovers around 5/7, indicating
potential for improvement. In spite of this (or because of it), students wish to see more
opportunities to practice DS and SW skills in their MSE courses as the current amount
may not be enough (with respect to RQ1). They also tend to regard both DS and SW
as important skills for materials scientists and their own careers (all greater than 6/7 in
agreement, consistent with previous studies [257]), which is encouraging to see and signals
to us that our learning modules may be appropriately targeted for this audience (RQ2). The



CHAPTER 5. DATA-CENTRIC MSE EDUCATION 60

first two questions for each topic in Figure 5.3 have a larger spread in the responses, and we
note that the two choices for “1” for the two DS questions are selected by the same student,
but a different one from the single student who selected the two choices for “1” for the two
SW questions.

We asked students to elaborate on their agreement with the importance of DS and SW
(RQ2), and we report the coded results in Table 5.4. A majority of the students discussed
the importance of these skills in the context of scientific research, such as using DS tools to
analyze experimental results or using SW to communicate findings. The data-related topics
that appeared in the responses to the DS question mirrored those in students’ definition of
DS, although a greater proportion of students mentioned the importance of handling large
volumes of data. It is not surprising that a majority of students felt SW was important for
communication and their future careers, although it is interesting to note that fewer students
felt that SW was an important transferable skill (11 to 3), whereas for DS the order of career
vs. transferable skills was reversed (3 to 7).

5.3.2.2 Post-course survey

We surveyed the students a second time towards the end of the course and show the results
from the same set of Likert-type scale questions in Figure 5.4. Unfortunately, we were
only able to obtain 29 student responses in this survey instead of the full population of
42 students. Nevertheless, it appears that there is a noticeable increase in average student

Theme Topic Counts

(27)

Academic
Research/expt. 15
MSE 8
Courses 4

(24)

Data-related
Understanding 10
Volume 7
Visualization 5
Communication 2

(18)

Life
Transferable skill 7
Easier life 5
Applications 3
Career skill 3

(a) Data science (DS)

Theme Topic Counts

(20)

Academic
Research/expt. 19
MSE 3
Courses 1

(34)

Actions
Communication 27
Understanding 6
Instruction 1

(15)

Life
Career skill 11
Transferable skill 3
Enjoyment 1

(b) Scientific writing (SW)

Table 5.4: Inductively coded student responses (n = 42) to the question, “Why are
these skills important (or not important) to you?” for (a) Data science and (b) Scientific
writing. Topics were first identified (possibly multiple in a single response) and then
grouped into themes.
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1 2 3 4 5 6 7
Level of agreement (out of 7)

DS is important
for my career

DS is important
 for a materials

scientist/engineer

More practice
 with DS in MSE

Confidence in
visualizing data

Confidence in
processing

tabular data
5.6 ± 1.5

5.9 ± 1.5

6.2 ± 1.1

6.2 ± 1.3

5.8 ± 1.7

x̄± s

(a) Data science (DS)

1 2 3 4 5 6 7
Level of agreement (out of 7)

SW is important
for my career

SW is important
for a materials

scientist/engineer

More practice
with SW in MSE

Confidence in
communicating

using visuals

Confidence in
communicating

in writing
6.0 ± 1.0

6.1 ± 0.9

6.1 ± 1.4

6.3 ± 1.3

6.1 ± 1.5

x̄± s

(b) Scientific writing (SW)

Figure 5.4: Post-course survey results (n = 29) for student sentiment on (a) data
science and (b) scientific writing. The diamond marker and second set of error bars
correspond to the mean and standard deviation in the pre-course survey results (Fig-
ure 5.3) for ease of comparison.

confidence in DS and SW skills with gains between 0.6 and 1.0 points out of 7. Moreover,
the average scores for the questions asking for more practice with DS/SW effectively stayed
the same, which suggests that more integration of DS/SW topics into the MSE curriculum
would be welcomed by this audience (RQ1). Supplementary Figure C.1 stratifies the results
in Figure 5.4 by those students who used and did not use the modules, which numbered
18 and 11, respectively. It is interesting to note that among these two groups there is a
large difference in confidence when it comes to DS skills but almost equal confidence in SW
skills. This provides some evidence that our modules were effective at promoting DS but less
effective at promoting SW; however, because our experimental design did not link the survey
responses, we caution against drawing stronger conclusions of causation. Additionally, some
sampling bias may exist as we were unable to survey the entire class in the post-course
survey, potentially missing out on capturing students who had an adverse experience with
the modules (among other reasons). These shortcomings can be addressed by improving
the experimental design in future iterations, which will also be informed by the following
observations.

For the (nused = 18) students who used the learning modules, six of them used all four
modules and overall usage was higher for the first three labs (Supp. Table C.3), which aligned
with our expectations. Thirteen of those students had never taken a DS course and were
likely using Jupyter and Python for the first time. As shown in Supp. Table C.4, the top
motivation for these 18 students was the belief that the modules would help with writing
the reports and other primary motivations included the belief that they would support
learning MSE and Python, and that the modules were easy to use. It is encouraging to see
from another set of Likert-type scale questions (Figure 5.5) in the post-course survey that
students had very positive experiences with the accessibility and utility of the programming-
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1 2 3 4 5 6 7
Level of agreement (out of 7)

The modules were
fun to use

The modules took
a lot of time

The modules improved
my SW skills

The modules improved
my DS skills

The modules improved
my understanding of MSE

The modules were
heplful for data analysis

The Jupyter interface
was easy to use

6.3 ± 0.9

6.5 ± 0.7

5.9 ± 1.2

5.7 ± 1.7

5.3 ± 1.7

4.1 ± 1.6

6.1 ± 1.0

x̄± s

Figure 5.5: Post-course survey results for student sentiment on the learning modules
(nused = 18).

based learning modules. The questions explicitly asking for improvement in DS and SW skills
had lower ratings and larger variations, which suggests more improvements could be made
to support a greater range of learners, especially when it comes to written communication.
Supp. Table C.5 reveals that many students felt that some sections were lacking in detail and
we acknowledge the challenges of using a new UI like Jupyter Book/Hub for the first time.
Students felt like the modules took a moderate amount of time, although a more informative
assessment could be to compare the amount of time it takes to do data analysis with these
modules versus their personal choice.

In fact, personal preference for another method of data analysis was the most common
reason given among the (nnot = 11) students who did not use any of the modules, followed by
the fear that the modules would be too time consuming (Supp. Table C.4). Most of them also
didn’t provide ways to encourage adoption (Supp. Table C.5), but those who did proposed
giving a tutorial at the beginning of the course or making the modules a required component
of the course. The first suggestion can be implemented by giving a demonstration during
the lab sections or even embedding tutorial videos into the Jupyter Book for asynchronous
viewing. The second suggestion may very well be a motivation issue [257], but in light of
the positive impacts of our learning modules and the large-scale redesign as demonstrated at
other institutions [258], there are several merits to including these modules into the course
learning objectives more broadly. By introducing these skills earlier and more systematically,
we can increase the impact of these tools and better quantify learning gains as we equip
students with the necessary skills for professional success.

From this multi-methods study, we find that MSE students have a strong desire to learn
DS and SW in the context of their work and the modules we designed are effective at guiding
this development. All of the open-source learning modules are freely available online [251],
which underscores the scalability and accessibility of this approach, and more exercises can
be added in the future in a straightforward manner. The Jupyter ecosystem makes it easy
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to integrate interactive learning experiences into existing MSE courses in a streamlined way,
and the barriers for instructors to acquire new skills [259] may be mitigated by the growing
adoption of open-source tools and cooperative efforts between instructors.
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Chapter 6

Conclusion and outlook

I began this dissertation by asking “What will the future of MSE look like?” and proceeded to
show how computational tools are important drivers of this transformation for both research
and education. Specifically, I focused on two examples of atomistic simulation workflows for
alloy design: High-throughput calculations of APB energies in Ni3Al-based alloys (Chapter 3)
and grand canonical optimization of GB phases in α-Ti (Chapter 4). These workflows are
built on established theory and existing tools, and they allow us to generate large amounts
of data on planar defects in metal alloys. To benefit the community, we have shared all
of our data and tools open source, including our use of Jupyter books to transfer research
tools into the classroom to modernize the curriculum, engage students, and improve learning
outcomes (Chapter 5). I am excited by the future possibilities enabled by these tools, and
below I discuss two possible extensions of the work presented in the previous chapters.

6.1 Open-access GB database

With increasingly available computational resources and a growing open-data movement [260],
many researchers have shared public datasets from high-throughput atomistic simulations
of GB structures [261–267]. Due to limitations in computing resources or methodologies,
their scope has been restricted to a few elements or only minimum-energy structures, and
all of them employ the γ-surface method, potentially deleting atoms only when they over-
lap [261–263]. Additionally, with the exception of a few cases [266, 267], all of the previous
datasets are stored in static csv or zip files, making them challenging to access and expand
in the future. Nonetheless, these early contributions have proved to be extremely useful to
the community, underscoring the need for more comprehensive databases of GB structures.

Using a framework similar to that presented in Chapter 4, there exists an opportunity to
use the GRIP tool to systematically explore GB structures across a diverse set of elements and
configurations. The resulting data can be filtered and uploaded automatically to one of the
many databases that are targeted for MSE [268–270], facilitating access, maintenance, and
growth of the data. Table 6.1 gives an example of the different parameters one could control
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Independent parameters Approx. number of options

Element 20
Interatomic potential 3
Tilt/twist boundary 2

Axes 3
θ or (hkl) 50
n values 30

Structures per n 20

Total 10 800 000

Table 6.1: Diversity of GB database built using GRIP. For each element,
we could generate tilt and twist boundaries for multiple axes, misorientation angles,
and atomic densities. The same procedure would be repeated for different interatomic
potentials (IAPs). Note these are only estimates and assumes a symmetric GB structure
in a unary system.

in building out the database, which can total millions of unique, grand-canonically optimized
structures even when restricted to unary systems and symmetric GBs. This database would
be significantly larger and more diverse than any existing database to date, and we can take
advantage of mature APIs to allow users to easily select the subset of data most useful for
them (similar to how we shared the APB energy data on MPContribs [129]). Longer term,
the database should be flexible enough to handle interfaces in multicomponent systems—an
obvious and highly desirable extension of GRIP—which present additional compositional
and structural DOF that must be controlled for and quantified (e.g., potentially multiple
ni).

These grand-canonically optimized GB structures can be used for a variety of down-
stream tasks, such as studies of mechanical behavior [271] and GB segregation [272]. The
structures would also be interesting to explore in their own right, as one can screen/mine
for trends in excess properties and engineer new descriptors for characterizing GB structures
and environments [273]. Along those lines, such structures may also be valuable training
data for ML IAPs [202], as they provide a tremendously diverse set of local configurations.
This could help improve the accuracy of ML IAPs for simulating extended defects, which
traditionally perform poorly in these scenarios when the defective structures differ from the
bulk structures that comprise a majority of training data. As a final thought, just as we
leveraged the Materials Project database for our summer internship curriculum, I am also
intrigued by the possibility of incorporating the database into other academic curricula and
course-based research experiences.
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6.2 Universal design for learning

Recruiting interest

Sustaining effort & persistence

Self-regulation

Perception

Language & symbols

Comprehension

Physical action

Expression & Communication

Executive functions

Give students choice for 
assessment content and type.

➤

Create a collaborative learning 
community.

➤

Make the content more relevant 
and authentic. 

➤

Provide mastery-oriented feedback 
and allow multiple tries.

➤

Develop self-assessment and
reflection opportunities.

➤

Tap into students' intrinsic 
motivation.

➤

Allow customization of the display 
of info (e.g., font size/color).

➤

Offer alternative text for auditory 
and visual information.

➤

Clarify the vocabulary, symbols, 
and syntax of your field.

➤

Promote understanding for English 
language learners.

➤

Connect current concepts to prior 
knowledge. 

➤

Highlight patterns and relationships 
(e.g., MSE tetrahedron).

➤

Provide synchronous activities and 
asynchronous alternatives.

➤

Ensure awareness and access to 
assistive technologies.

➤

Use multiple tools for 
communication and construction.

➤

Scaffold the learning activities with 
graduated levels of support.

➤

Guide near-term and long-term 
goal setting.

➤

Demonstrate note taking, graphic 
organizers, cheat sheets, etc.

➤

Figure 6.1: Universal design for learning (UDL) guidelines. UDL is based on
the overarching principle of providing multiple ways of learning, with the three main
guidelines of Engagement, Representation, and Action & Expression. The sub-topics
and a few actionable examples are provided. The content is adapted from ref. [274].

While technology is not a panacea for education, and may in fact do as much harm as
good [275], I believe an intentional implementation coupled with targeted learning outcomes
will make our MSE curricula more authentic and accessible. In the equity sphere, social
classes such as race and gender continue to be the primary focus (and for good reason!),
but a less visible area that is gaining more attention recently is (dis)ability and neurodi-
versity [276]. Similar to other dimensions of diversity, neurodiverse students fall under a
broad umbrella of abilities and conditions, some common ones being autism, dyslexia, and
attention-deficit/hyperactivity disorder. These students can bring new perspectives and lived
experiences into the learning environment, and it is important for instructors to understand
how to tap into these strengths. Globally, the World Health Organization estimates that
1.3 billion people, or 16% of the global population, live with some kind of disability [277],
several of which may be invisible. Therefore, if we can make our curricula more accessible for
students with physical and learning disabilities, then we can engage an even larger segment
of the population and make our pedagogy more effective.

One framework for addressing this need is universal design for learning (UDL), which
provides a set of guidelines for designing flexible curricula to accommodate individual learn-
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ing differences [274, 278]. Instead of a traditional approach where the instructor creates
a fixed curriculum that individual students are asked to adapt to (perhaps with academic
accommodations from disability services on campus), UDL asks instructors to proactively
design a flexible curriculum that gives students more options to learn in a way that best suits
them. It has strong foundations in cognitive neuroscience [278] and relies on the overarching
principle of “multiples,” including providing multiple means of Engagement, Representation,
and Action & Expression. Figure 6.1 shows the three core themes along with sub-topics and
actionable examples for each one. With proper implementation, a UDL-based course will not
only make neurodiverse students feel more included, but it would make all students perform
better.

What may be less clear from Figure 6.1 is the central role technology plays in enabling
many of the goals of UDL. In many respects, the Jupyter ecosystem is a natural fit for the
UDL framework, as our previous work already aligns with several of these guidelines, includ-
ing authenticity (e.g., data science) and communication (e.g., oral presentation). While that
work pertained to new informatics curricula, I envision Jupyter and Python being useful tools
for learning more traditional MSE content as well. For example, one can create interactive
learning modules for studying different crystal structures [279], which is a topic that students
are known to struggle with [280]. This and many other MSE topics naturally lend themselves
to the Representation principle, where we can express the same idea using text, equations,
visuals, and interactive (digital) demonstrations. Technology can also transform the way
content is delivered and interacted with, such as enabling rapid auto-feedback mechanisms
that are critical for learning, and yet difficult to achieve in MSE. Python-backed tools such as
PrairieLearn [281] leverage random question generators to give students repeated attempts
with different types of questions, allowing them to work on a concept until they achieve
mastery [282]. While some of these implementations require significant time investment and
changes up front, I believe they have the potential to dramatically change teaching and
learning in MSE for the better.
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Appendix A

APBs in Ni3Al

A.1 ML model without ordering energy

While including the ordering energy (Eord) as a feature for modeling the APB energy lever-
ages our domain knowledge [113, 118], there may be interest in an ML model without Eord,
particularly for multicomponent compositions where this information may not be readily
available (see Subsection 3.3.4 in the main text) or vary in estimated values depending on
the database used. We use the same procedure outlined in the manuscript to train an ML
model without Eord and we obtain a 5-fold grouped CV error of 0.035 Jm−2 (compared to
0.033 Jm−2 with the feature included). Therefore, one might not need to calculate Eord in
order to predict the APB energies in the model systems used in this study, and we showed
in Subsection 3.3.4 how a model trained without Eord can extrapolate to multicomponent
systems. However, we feel it is an important contribution to include, when available, for
several reasons:

• Eord is a physically-motivated correlation that has been proposed in the literature,
which we discussed in Section 3.1. As discussed there, we hope to use ML and data-
driven techniques to build on top of this domain knowledge.

• Eord remains after recursive feature elimination, which is a data-driven approach to
feature selection as opposed to physical intuition.

• When included, Eord is the fourth-most important feature using the random forest
model’s feature importance ranking.

• The performance is still marginally better with Eord included. In addition, the good
performance achieved with the other, auto-generated features helps support one of our
central conclusions that informatics approaches can outperform methods that rely on
physical intuition or analytical models alone.
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Feature Method

Ordering energy (Eord) DFT [34–37]
Change in lattice parameter (∆a) and density DFT
Sublattice preference PyDII [46, 50]
Pettifor number [133] mendeleev package [283]
Magpie elemental properties [132] matminer package [130]
Pymatgen elemental properties [187] matminer package
Intermetallic formation enthalpies [284] matminer package
Mixing thermochemistry and size mismatch [285] matminer package
Fraction of magnetic transition metals [286] matminer package

Table A.1: All of the features that we initially generate for our ML models and their
corresponding citations.

Nimonic 105 Nimonic PE160.0

0.1

0.2

0.3

0.4
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Figure A.1: We compare the performance of our ML model against other models in
the literature in predicting the APB energy of two commercial superalloys, Nimonic 105
and Nimonic PE16. The green bars are experimental measurements from Baither et
al. [108], who report values for γ111 between 0.252–0.308 J m−2 and 0.330–0.370 J m−2

for the two alloys, respectively. The orange, lavender, and pink bars correspond to the
predicted APB energies from our ML model, the model by Dodaran et al. [120], and
the model by Vamsi and Karthikeyan [149], respectively.
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Solute Site pref. Low (1.39 at.%) Medium (5.56 at.%) High (9.72 at.%)

Ag Ni 0.187(01) 0.193(15) 0.210(13)
Au Ni 0.191(02) 0.205(06) 0.233(22)
Cd mixed 0.192(07) 0.183(21) 0.218(27)
Ce Al 0.227(14) 0.335(10) 0.374(31)
Co Ni 0.189(02) 0.190(07) 0.184(13)
Cr Al 0.217(09) 0.281(04) 0.282(05)
Cu Ni 0.186(02) 0.197(13) 0.229(19)
Fe mixed 0.203(07) 0.185(16) 0.198(33)
Ga Al 0.185(02) 0.173(02) 0.163(03)
Ge Al 0.189(03) 0.204(03) 0.223(05)
Hf Al 0.205(29) 0.320(11) 0.390(28)
Hg mixed 0.193(07) 0.190(20) 0.228(22)
Ir mixed 0.177(05) 0.164(06) 0.158(24)
La Al 0.223(10) 0.291(22) 0.262(80)
Mg Al 0.186(04) 0.169(02) 0.148(07)
Mn Al 0.187(07) 0.187(07) 0.202(21)
Mo Al 0.224(14) 0.344(12) 0.252(33)
Nb Al 0.221(13) 0.340(13) 0.428(29)
Os Al 0.216(08) 0.206(15) 0.096(28)
Pb Al 0.188(03) 0.199(05) 0.216(13)
Pd Ni 0.185(04) 0.179(12) 0.166(10)
Pt Ni 0.187(03) 0.189(13) 0.180(10)
Re Al 0.227(15) 0.304(14) 0.122(38)
Rh Ni 0.179(05) 0.146(17) 0.107(25)
Ru Al 0.202(08) 0.184(09) 0.120(20)
Sc Al 0.208(05) 0.269(06) 0.293(20)
Si Al 0.189(04) 0.201(02) 0.219(07)
Sn Al 0.189(04) 0.207(05) 0.232(12)
Ta Al 0.225(23) 0.353(12) 0.464(30)
Tc Al 0.221(10) 0.256(13) 0.142(27)
Ti Al 0.211(08) 0.292(07) 0.344(16)
Tl Al 0.181(04) 0.151(06) 0.069(08)
V Al 0.215(09) 0.308(08) 0.382(14)
W Al 0.225(16) 0.369(11) 0.295(41)
Y Al 0.215(08) 0.247(07) 0.245(38)
Zn mixed 0.197(07) 0.194(15) 0.247(33)
Zr Al 0.219(11) 0.318(11) 0.374(27)

Table A.2: γ111 (in J m−2) of ternary Ni3Al-based alloys. The APB energy is
calculated for three different concentrations of the ternary species. The uncertainty in
the final two decimal places is the standard deviation of five different DFT calculations
of γ111 for each composition. Each row also contains that solute’s PyDII-calculated
sublattice preference.
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(a) (b)

(d)(c)

Figure A.2: VASP convergence tests. Convergence of the total energy in the bulk
L12 structure of Ni3Al in a 1× 1× 3 supercell oriented with (111) planes normal to the
z-axis. Convergence of γ111 with respect to (a) the number of (111) planes separating
the APB in Ni3Al, (b) the k-point mesh, and (c) the plane wave cutoff energy. (d)
Convergence of the two quantities with respect to the cell height (measured as strain
in Å following volume relaxation) in a 288-atom cell with 9.72 at.% Nb.
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Appendix B

GBs in α-Ti

Init. config. 1
Final config. 1

Init. config. 2
Final config. 2

Figure B.1: Different planar terminations and corresponding GB structures.
{314̄0}[0001] is a Type I GB where the two basis atoms have different z coordinates
normal to the GB plane, and two initial configurations are shown where the lower slabs
terminate at different basis atoms (gold for the first, blue for the second). We use the
γ-surface method to optimize the GB structure in both cases. The first configuration
(n = 0) produces a higher-energy structure shown on the left (Egb = 0.625 J m−2),
while the second configuration (n = 0.5) produces the lower-energy structure shown on
the right (Egb = 0.351 J m−2), which matches the ground-state structure from GRIP.
The final structures and colors correspond to those in Figure 4.1 in Chapter 4.
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Figure B.2: Energy map of [0001] STGBs simulated using an EAM poten-
tial [188]. The profiles are qualitatively similar to those in Figure 4.2 in the main
text, which was generated using a MEAM potential [189]. See Figure 4.2 for additional
descriptions of features.
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n = 0.5 n = 0.5

n = 0.5 n = 0.5

n = 0.5 n = 0.5

Figure B.3: Comparison of optimized GB structures. A few misorientations are
provided for each tilt axis and two projections are shown for each ground state. The
GB atomic density is shown in the bottom right corner and may not be equal for both
potentials. The atoms are colored according to the common neighbor analysis (CNA)
in OVITO [76], where gray are HCP-coordinated atoms, gold are FCC-coordinated
atoms, and blue have a different coordination (in the GB).
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Initial

Vacancies created above transformed half. Dislocations absorb vacancies and unpair.

MD simul.
T = 1200K

Final

Figure B.4: (Reverse) phase transformation through vacancy absorption. In
Figure 4.5, we demonstrate interstitial-induced phase transformation and coexistence in
{213̄0}[0001], where every two bI dislocations pair up to form one bII dislocation. Here,
by injecting vacancies near the transformed region and performing MD simulations at
1200 K, we reverse the transformation, whereby the bII dislocations absorb the vacancies
and unpair. The dislocations are identified using the dislocation extraction algorithm
(DXA) in OVITO [191] and the colors are consistent with those in Figure 4.4.
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Appendix C

MSE education

Major Responses

MSE 32 (76 %)
Other 5 (12 %)
MSE & Other 5 (12 %)

(a)

Class Responses

Sophomore 5 (12 %)
Junior 27 (64 %)
Senior & older 10 (24 %)

(b)

Gender Responses

Male 25 (60 %)
Female 15 (36 %)
Non-binary 2 (5 %)

(c)

Table C.1: Student demographics (n = 42) in terms of (a) Major, (b) Class year,
and (c) Gender. Note that “Junior” includes 1st-year transfer students and “Senior”
includes 2nd-year transfer students, etc.

Language
Reason

Required Choice Not used

C/C++ 2 (5 %) 4 (10 %) 36 (86%)
Mathematica 13 (31 %) 8 (19 %) 21 (50%)
MATLAB 23 (55%) 14 (33 %) 10 (24 %)
Python 11 (26 %) 17 (40%) 16 (38 %)
R 2 (5 %) 1 (2 %) 40 (95%)
Other 5 (12 %) 8 (19 %) 29 (69%)

Table C.2: Previous programming languages used by students (n = 42) in their MSE
courses only and whether it was a course requirement, personal choice, or not used at
all. The most common reason for each language is in boldface to guide the eye. Note
that multiple choices were allowed, so rows may not sum to 100 %.
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1 2 3 4 5 6 7
Level of agreement (out of 7)

DS is important
for my career

DS is important
 for a materials

scientist/engineer

More practice
 with DS in MSE

Confidence in
visualizing data

Confidence in
processing

tabular data

used
not used

(a) Data science (DS)

1 2 3 4 5 6 7
Level of agreement (out of 7)

SW is important
for my career

SW is important
for a materials

scientist/engineer

More practice
with SW in MSE

Confidence in
communicating

using visuals

Confidence in
communicating

in writing

used
not used

(b) Scientific writing (SW)

Figure C.1: Post-course survey results for student sentiment on (a) data science and
(b) scientific writing, where the results from Fig. 5.4 are stratified by whether students
used the modules (nused = 18, upper bars) or not (nnot = 11, lower bars).

Lab topic Responses

Lab 1: X-ray emission 12
Lab 2: Powder XRD 11
Lab 3: Precision XRD 13
Lab 4: EDS in the SEM 7

Table C.3: Student responses to “Which labs did you use the modules for?”
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Motivation %

Helpful for the reports 78 %
Easy to use 56 %
Supported learning MSE concepts 56 %
Improve Python skills 56 %
Already planned to use Python 33 %
Improve DS skills 33 %

(a) Used the modules, nused = 18.

Reason %

Preferred own method 39 %
Too time consuming 22 %
Adapted to MATLAB 11 %
Would distract from MSE 11 %
Too difficult to understand 11 %
Not helpful for the reports 6 %

(b) Did not use the modules, nnot = 11.

Table C.4: Top reasons for (a) using and (b) not using the Python-based online
modules. Percentage is given out of the number of students who identified with each
group. Multiple selections were allowed and thus percentages may not sum to 100 %.

Question Topic Counts

about the notebooks?

Most helpful
Plotting w/ Python 7
Data processing w/ Python 6
Connections to lab 4

about the notebooks?

Least helpful
Nothing/ I don’t know 8
Need more explanation 7
Jupyter environment confusing 5

differently to encourage use?

What could we have done
Nothing/ I don’t know 6
Required course/assignment 2
Tutorial videos/slides 2

on DS/SW changed?

How have your perspectives
No change 3
Should learn more 3
DS/SW should be required 3

Table C.5: Inductively coded student responses to free-response questions in the post-
course survey. The first two questions are only asked to those who used the notebooks
(nused = 18), the third is only asked to those who didn’t use the notebooks (nnot = 11),
and the last question is asked to everyone. Only the most common topics are shown.
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