Computational Materials Science 163 (2019) 108-116

Contents lists available at ScienceDirect

COMPUTATIONAL
ERIALS
i

Computational Materials Science

journal homepage: www.elsevier.com/locate/commatsci

Finding the needle in the haystack: Materials discovery and design through | M)
computational ab initio high-throughput screening et

updates

Geoffroy Hautier

Institute of Condensed Matter and Nanoscience, Université Catholique de Louvain, 1348 Louvain-la-Neuve, Belgium

ABSTRACT

Essential materials properties can now be assessed through ab initio methods. When coupled with the exponential rise in computational power, this predictive power
provides an opportunity for large-scale computational searches for new materials. We can now screen thousands of materials by their computed properties even
before the experiments. This computational paradigm allows experimentalists to focus on the most promising candidates, and enable researchers to efficiently and
rapidly explores new chemical spaces. In this paper, I present the challenges and opportunities in materials discovery using high-throughput ab initio computing.
Focusing on my own research activities in the last five years with examples from the field of transparent conducting oxides, thermoelectrics and electrides, I illustrate
how computational screening can be used to accelerate the discovery of new materials as well as to detect new relationships between chemistry, structures, and

properties.

1. The quest for new materials

The discovery and development of new materials have enabled
major technological breakthrough: airplanes, cell-phones, or transistors
all rely on the control and understanding of materials. Finding the
material with the adequate properties for a given application is a very
challenging task. The specific property can sometimes only be present
in very unique chemistries and structures. Moreover, not only one but
several properties often need to align perfectly to lead to high perfor-
mances. For instance, a cathode material would require adequate vol-
tage, stability and ionic diffusion and a solar absorber would need not
only the right band gap but also adequate carrier transport and defects.
Unwanted and inherent correlations between materials properties (e.g.,
between voltage and stability in batteries) make the task at hand even
more arduous. This is without even mentioning the important eco-
nomical constraints (e.g., cost of raw materials and process). The de-
velopment of new materials has been for most of its long history very
empirical using past experience, simple models, trial-and-error and a
good dose of serendipity and intuition. This is a very long and wasteful
process with one of the most extreme examples being the search for the
best bulb lamp filament by Thomas Edison. Edison’s team had to try
more than 3000 filaments and evaluate the bulb lamp performances for
each of them.

The advent of computational techniques that are affordable and
accurate enough to be predictive has offered a new avenue to accelerate
the materials discovery process. In this review, I will present how high-
throughput (HT) computational screening combined with data mining
has the potential to revolutionize the materials discovery process by
accelerating it tremendously. In the spirit of this special “Rising Stars”
issue, I will present my views on the opportunities and challenges in the
area and illustrate those with examples from my own research activities
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in the last 5 years. I will not exhaustively review the emerging field of
HT computing. By no means this paper implies that these are the only
activities in the very dynamic field of HT computing. We refer the in-
terested reader to the more exhaustive reviews written on the topic
(e.g., [1] or [2]).

2. Materials modeling and ab initio theory

A full understanding of the inherent atomistic behavior of materials
was only achievable with the advent of quantum mechanics. The
Schrodinger equation was discovered in 1926. The potential to use
quantum mechanics to compute the properties for molecules and solids
was very quickly identified with the first computation of the H, mole-
cule by Heitler and London performed in 1927. Enthusiastic claims of
having all the tools at hand to solve most of the problems in molecular
and solid chemistry were quickly made but with the important caveat
that the task at end would be extremely computationally expensive. It
was only with the emergence of generally programmable computers
that the computational study of the properties of matter through so-
called first principles or ab initio methods became possible beyond
simple molecules. However, realistic materials were still out of reach
and it is a combination of two developments that led to a revolution in
atomistic modeling of materials. The first development is the micro-
electronic industry (itself relying on important materials developments)
offering an exponential growth in computational power following
Moore’s law. However, the first ab initio methods scaled so poorly with
the number of atoms that even Moore’s law was not enough. The poor
scaling is inherent to the quantum theory and more specifically to the
complex multi-particle wavefunction describing any solid or molecule.
A conceptual leap forward was needed. These developments came from
fundamental work from Kohn, Hohenberg and Sham who put together a
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series of theorems and approximations enabling the development of a
quantum theory of solids and molecules that could precisely bypass the
description by the complex wavefunction and work with the much
simpler charge density. These developments led to Density Functional
Theory (DFT), which is currently the most, used ab initio technique.
While based on an exact theoretical framework, any practical DFT
computation relies on approximations. The power of DFT lies in its
ability to develop approximations schemes that are very powerful,
leading to an excellent compromise between accuracy and computa-
tional time. DFT has dramatically impacted materials science, con-
densed matter physics and chemistry as recognized by the Nobel Prize
in Chemistry in 1998. While the early works using DFT and other ab
initio techniques focused mainly on the understanding and rationali-
zation of experimental observations, the last decades have seen more
and more examples of true predictions made by DFT that were con-
firmed afterwards experimentally [3,4]. This growing predictive power
has enabled computational materials science to reach a new status in
the materials discovery and design process: from a tool dedicated to
understanding, its predictive potential is used more and more.

3. High-throughput computational screening

The rising predictive power of ab initio techniques combined with
the access to unprecedented computational power open the avenue to a
very simple yet powerful idea: why do we not simply compute prop-
erties for hundreds to thousands of materials using DFT and search
among these materials to find the best candidates? This screening
process is illustrated in Fig. 1. Starting with a database of known or yet-
to-be-made materials (i.e., a composition and a crystal structure), es-
sential materials properties for the targeted application are auto-
matically computed. As materials selection problems are often multi-
property optimizations, the screening process relies on a series of steps
each of them focusing on one property. The screening is tiered with the
first properties to be computed being computationally inexpensive
while more and more advanced and expensive properties are computed
as we go down the funnel for which less and less materials have to be
considered. We note that the same property can be present at different
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Fig. 1. High-throughput tiered screening. A series of properties are computed in
a funnel screening. The easier properties are computed first followed by more
computationally expensive ones. Adapted from [5].
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stages with different levels of accuracy. For instance, a DFT band gap
could be used in the first steps while the next steps include more ac-
curate but more expensive GW or hybrid functional band gap compu-
tations.

The concept of combinatorial screening was originally applied for
experiments and a whole field of combinatorial or HT experimental
research exists. While there are common challenges and opportunities
between experimental and computational HT research, the advantages
of computations versus experiments are numerous. Certain experi-
mental measurements are extremely complex and very difficult to au-
tomatize. For instance, measuring a cathode voltage requires building
an electrochemical cell that can be contacted and tested. This is ex-
tremely challenging to perform combinatorially. Computations also
offer more control as the measurement of an experimental property can
be difficult to deconvolute from a combination of fundamental pro-
cesses. Finally, much more limits in terms of chemistry and processing
conditions are present experimentally. Introducing new elements in a
sputtering chamber can be problematic because of contamination. The
first computational HT studies were essential proof of concepts. These
pioneer projects targeted for instance alloy stability [6], thermo-
electrics [7], and electrocatalysis [8]. Starting in 2006, while working
in Professor Ceder’s group at MIT, I developed with a series of collea-
gues and collaborators the first HT search for new cathode materials.
This work has led to the computational discovery followed by experi-
mental synthesis of several new cathode materials [9-14]. Next to these
findings, the very large data set generated with information on more
than 30,000 potential cathode candidates led to a new understanding of
the limits and opportunities in lithium ion battery cathodes.

4. The challenges and opportunities of high-throughput
computing

While the idea of HT computing is quite simple, its practical im-
plementation brings important challenges. I will group these challenges
in three general categories: relevance, infrastructure and accuracy. The
first issue of relevance relates to the limits of ab initio computing. Even
with DFT, standard ab initio computations are limited to systems of at
most a few hundred atoms. Many materials properties depend drama-
tically on processes driven at higher scales (e.g., plasticity). For these
properties, ab initio computations are typically difficult to use in a
predictive manner although multi-scale approaches or indirect de-
scriptors (e.g., stacking fault energy for plasticity) offer interesting
opportunities. In other cases, the property has some dependence on
microstructure but is still strongly driven by atomistic level mechan-
isms. For instance, ionic conduction in a polycrystalline solid-state
electrolyte material will depend on the bulk properties but could be also
affected by the nature and amount of grain boundaries. Here, the si-
tuation is subtler. Bulk properties are of importance but do not tell
everything about the final materials behavior. Often the atomistic level
will lead to necessary but not sufficient properties. If one looks for a
good solid-state electrolyte, atomistic level bulk conductivity is needed
but does not guarantee that a sample with poor grain boundaries would
not lead to low performances. All these considerations are very field
and property dependent and the take home message is that HT com-
puting needs to be used on the adequate problem. Moreover, a good HT
study requires knowing what is important to compute, what we can
compute with a certain accuracy and computational cost and put ev-
erything together in an efficient screening approach. One very illus-
trative example of the need for a good understanding of what is driving
the material property is the search for high temperature superconductor
(i.e., not following BCS theory). This would not be possible nowadays
with HT screening because the fundamental theory beyond this type of
superconductivity is not understood and simply put, no-one under-
stands exactly what to compute.

HT computing also leads to challenges in software infrastructure.
Widely distributed, robust and documented ab initio codes are available
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both commercially and open source. However, the task of automatizing
procedures that are typically performed one material at a time is not
trivial. As computing one material property typically requires a series of
inter-linked computations, software that can handle complex workflows
of computations necessary. These software workflow toolsoffer for in-
stance clear procedures for restarting computations with alternative
parameters (e.g., in case of non-convergence), for spotting problematic
results and to keep track of failed jobs. These needs have motivated the
development of open sources packages often python-based (e.g., py-
matgen [15], Fireworks [16]) that interact with ab initio codes to make
them automatic and runnable in a HT fashion. We note that every new
material property requires a non-trivial effort in developing the algo-
rithms and the software around it. While simple ionic relaxation giving
access to energetics were among the first properties computed, the field
is moving to more and more complex workflows with recent efforts
towards phonons [17,18], defects [19] or advanced electronic structure
such as GW [20].

The final challenge to be mentioned is the one related to the accu-
racy of the methods, which directly affects the predictive power. As we
already mentioned any practical implementation of DFT relies on an
approximate treatment of the electronic interactions. There are cur-
rently many flavors of DFT with different level of complexity. In ad-
dition to these effects of the approximate functional, there are always
other assumptions, for instance the neglect of temperature. The prop-
erties computed are thus always deviating from the exact experimental
ground truth. While HT researchers always need to be aware of these
limitations, the inaccuracy of the methods is not in itself preventing
their use. Not being entirely accurate does not preclude making pre-
dictions as long as there is some knowledge of the uncertainties in-
volved. Unfortunately, it is often difficult to know a priori how well an
approximation would work for a given property. Empirical knowledge
has been built and experts can have a good intuition about what
methods would work for what property. However, the most rational
way to assess the predictive power of an ab initio technique is to
benchmark it versus experiments or extremely accurate computations.
We note that the field of molecular ab initio theory has been following
this path for longer than for solids and benchmark studies of certain
functionals or methods on standard sets of molecules are common in
this field. I am convinced these types of benchmarks are going to be
more and more necessary on solids as HT computing and predictive ab
initio modeling is growing. Recent efforts towards the benchmarking of
effective mass, band gaps and vibrational entropy are illustrated in
Fig. 2[17,20,21]. We note that one challenge here is the lack of reliable
and easily accessible experimental data. Additionally, the field of solids
do not have clear “gold-standard” ab initio methods which would be as
accurate as experimental techniques. The important work towards the
implementation of highly accurate techniques from the molecular field
to periodic solids is moving fast but is still in its infancy [22].

5. High-throughput in action: searching for new transparent
conductors

After this general overview, we will now delve into a few specific
examples of HT computational searches starting with the field of
transparent conducting materials (TCMs). High performance TCMs are
necessary to many applications including modern electronic devices
(e.g., the touch screen on a smart-phone), thin film solar cells and en-
ergy efficient windows [25]. Combining transparency and conductivity
is difficult as they are antagonistic properties: good conductors (e.g.,
metals) are usually not transparent and transparent materials (e.g.,
glass) are not conductive. TCMs have been developed following a very
simple idea: using a large band gap (> 3eV for transparency in the
visible) material that is sufficiently doped either p- or n-type to bring
high conductivity. TCMs have been developed for long now with ma-
terials such as n-type In,O3 doped with tin (or ITO) being widely pro-
duced and commercialized. However, their p-type counterparts are
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Fig. 2. Theory versus experiments for band gaps (GoW, and DFT-GGA-PBE),
DFT effective masses and DFT vibrational entropy at 300K from phonons.
Figures extracted from [20,23,24].

lagging behind and this prevents the development of new applications
such as transparent electronics. One of the key metrics illustrating the
gap between n- and p-type TCMs is carrier mobility. While the best n-
type materials exhibit mobilities around 100 cm?/Vs, the very best p-
type materials do not exceed 5-10 cm?®/Vs. The search for high per-
formance p-type TCMs is a major challenge in materials science and a
very interesting field of application for HT computing [26]. We pub-
lished the first HT search for TCMs focusing at p-type transparent
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adapted from [27].

conducting oxides (TCOs) [27]. The tiered screening was built identi-
fying three important properties: mobility directly evaluated by effec-
tive mass, band gap and dopability (through defect computations).
Good p-type TCOs should exhibit a low hole effective mass, a high band
gap (> 3eV ideally) and defects compatible with p-type doping. The
first screening step on effective mass was by far the most restrictive.
Among the 6,000 known oxides considered and coming from the In-
organic Crystal Structure Database (ICSD), only 20 showed hole effec-
tive masses 2 times lower than previously known p-type TCOs such as
CuAlO,. This example illustrates very well the title of this paper as it
shows the needle in the haystack problem often faced by materials
scientists. Among these 20 compounds, a more advanced method
namely GW was used to evaluate more accurate band gaps. The band
gap versus hole effective mass is plotted in Fig. 3 for all newly identified
low hole effective mass materials (red dots) and for current p-type TCOs
(in blue). For comparison, the electron effective mass of a series of high-
performance n-type TCOs (SnO,, ZnO, In,03) are plotted as well.

The first observation is that hole effective masses can reach values
close to the electron effective masses of the best n-type TCOs at least for
some exceptional materials. There is therefore hope for p-type TCOs to
reach mobilities similar to their n-type counterpart. The list of candi-
dates materials can be further screened out by element abundance and
toxicity, by band gap (ideally the band gap should be higher than 3 eV)
and finally by defect computations. We performed defect computations
on the most promising handful materials to assess their dopability (i.e.,
the ability for a material to be p- or n-type doped). Simple intrinsic
point defects (e.g., vacancies) often indicate if a certain doping type will
be favored in the material. For instance, hole-killer defects such as the
oxygen vacancy will provide electron when the Fermi level is pushed
closer to the valence band minimum through extrinsic p-type doping.
This is of course a detrimental process for p-type material and materials
with favorable hole-killer defects are not good candidates for p-type
TCOs. Among the most interesting materials combining high band gap,
low effective masses and favorable dopability are PbMO3; (M = Ti, Hf,
Zr), B¢O and Ba,BiTaOg. Fig. 4 plots the DFT band structure with cor-
rected GW band gap for all these materials. The very dispersive valence
band leading to a low hole effective mass is striking in all of them.

K,Sn,0s is likely to be more absorbing because of its smaller band
gap but offering the lowest hole effective mass in our study.
Experimental indications of the p-type nature of PbTiO5 or boron sub-
oxide (B¢O) were available but with unclear results on the hole mobi-
lity. Our further defect computations confirmed the p-type dopability of
BsO and identify C-H on O complex defects as potential shallow ac-
ceptors [29].

Ba,BiTaOg on the other hand did not present any experimental
optical and electrical data but offered many attractive computed
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features: high band gap, low effective mass and potential for p-type
dopability. This motivated its follow-up experimental study [28]. The
experiments confirmed the transparency to the visible and the possi-
bility to p-type dope the material (through potassium) although to low
carriers concentrations only (10'® cm™3). The measured mobility was
impressive with a value of 38 cm?/Vs to compare with the previously
known p-type oxide showing mobilities around 5-10 cm?/Vs. The ex-
ceptional behavior of Ba,BiTaOg could be after the fact rationalized by
identifying the ingredients responsible for its high band gap and low
hole effective mass. The presence of Bi** allowed the mixing of 65
states with O-2p in the valence band while the Ta nature of the con-
duction band guaranteed a large band gap. This mixing of metallic s
states with O-2p leads naturally to a delocalization of the wavefunction
and to a dispersive valence band (i.e., a lower hole effective mass).
Despite its attractive features, no one in the TCO field would have
identified this material a priori as a high band gap, low hole effective
mass compound. In fact, previous attempts to make Bi>*-based p-type
TCOs (e.g., in BiCuOS[30]) were unsuccessful as the crystal structure
did not allow the right mixing of the Bi-6s and O-2p. The example of
Ba,BiTaOg is an interesting demonstration of the predictive power of
HT ab initio screening and shows very well how the approach can
propose new and unexpected avenues. The main limitation of
Ba,BiTaOg is still its low carrier concentrations and further work will be
needed to increase the carriers in this material offering complex defect
chemistry. Nevertheless, the demonstration of a Bi** based p-type
transparent oxide of high hole mobility opens interesting new oppor-
tunities in p-type TCOs.

Next to the identification of potential candidates, HT computing
provides value in understanding trends and limits for certain chemis-
tries. The data generated by our p-type TCOs study directly points to
two strategies to form high performance TCOs: using reduced main
group elements (i.e., Sn®>*, Pb%*, Bi*,....) or oxyanions (e.g., oxysul-
fides) [27]. It also quantitatively indicates that the copper-based
chemistry, which had been the main focus of the p-type TCO commu-
nity, would have a very hard time competing with those alternative
chemistries. This analysis generates further questions and new avenues
of research. The need for certain ions such as reduced main group
elements could be directly inferred from our computational database
but the presence of these ions do not necessarily lead to low hole ef-
fective mass. This points out to an important structural component. We
performed a further study to determine what structural features would
lead to low hole effective mass in the Sn2™* chemistry [31]. Effective
masses are known to relate to the alignment of orbitals and this is why
reduced main group elements lead to low hole effective masses. Indeed,
the s states of these ions tend to align relatively well in energy with the
O-2p orbitals. Additionally, the effective mass is also set by the overlap
between orbitals: the larger the overlap the lower the effective mass.
This hinted at the importance of the Sn-O-Sn angle. Indeed, the overlap
between the Sn-5s of Sn** and the O-2p would be the largest when the
angle is close to 180° naturally inducing low effective masses. Our large
data set confirmed this trend and Fig. 5 shows the reasonable correla-
tion between Sn-O-Sn angle and hole effective mass in all Sn®*-com-
pounds in the ICSD. This figure rationalizes why the structure of
K>Sn,03 favoring Sn-O-Sn angles close to 180° outperforms the more
traditional p-type TCO SnO in hole effective mass. Recent experimental
work measuring mobilities on ternary Sn?>* TCOs showed an agreement
with our computational analysis [32].

When they have been built, high-throughput infrastructures can be
up-scaled relatively easily on a wider range of materials. From our
original set of 6000 oxides, we have extended now the data set to non-
oxides. Oxides have been the preferred chemistry for developing TCMs
as they tend to be easy to process and stable. However, it remains an
open question if other chemistries would not be able to offer better p-
type TCMs. Large computational data sets can again be useful to answer
this question [33]. Fig. 6a shows the distribution of hole effective mass
within oxides, sulfides, nitrides and phosphides in our computational
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database.

Oxides present the highest hole effective mass and as we move to
other anions the more delocalized and higher energy of the anion p
orbitals lead to more dispersive valence bands. Among the four che-
mistries we compared, oxides are by far the most challenging to find
low hole effective mass materials. However, when effective mass is
plotted against band gap (Fig. 6b), we observe that the lower hole ef-
fective mass of non-oxides chemistry strongly correlates with lower
band gaps and thus lower transparency. As in many materials science
problem, the intrinsic correlations between properties (here band gap
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Fig. 6. Distribution of hole effective mass (a) and hole effective mass vs band
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GGA-PBE and band gaps are computed from DFT with an empirical shift.
Figures from [33].

and effective mass) makes the material selection problem very difficult
to solve. Here, there is fortunately a work-around when keeping in
mind that band gaps can be direct or indirect. Indirect band gaps will
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absorb much less than direct band gaps and, when used as thin-films
with a few 100 nm thickness, materials with small indirect gap mate-
rials can remain transparent. Using this simple principle, a slightly
more complex screening can be performed focusing on materials with
large direct band gaps. We used this screening approach on a data set of
non-oxides, especially phosphides, and identified boron phosphide (BP)
as a p-type TCM of great interest. BP shows all the characteristics of a
high efficiency p-type TCM if used in a thin film of a few hundred
nanometers [33]. This simple III-V material had been previously stu-
died experimentally in the 60s and 70 s pointing at experimental data
in agreement with our computational predictions. Our work motivates
the reinvestigation of BP for p-type TCM applications. HT computing is
here a way to reconsider a material that is not actively studied anymore
and to pinpoint what specific application it could be good for.

The very large data set generated is still widely used to search for
new TCMs. The whole effective mass data set has been published and is
available on the Materials Project [21,34]. We also used this data to
study n-type TCOs establishing that current n-type TCOs are difficult to
outperform in terms of effective masses and identifying a few inter-
esting candidates [35]. We note that, since its publication, our work
demonstrated the great potential of the approach and has motivated a
series of other HT screening studies focusing on TCMs [36-39].

6. Recycling data sets for new applications: thermoelectrics

HT infrastructure can easily be extended to additional chemistries
and materials as we demonstrated in extending our TCO search to non-
oxides. Additionally, the properties computed for one application can
be of interest to other fields. While our TCM work focused on effective
masses, many other “by-products” such as Seebeck coefficient could be
extracted from our analysis of electronic transport. We have been col-
laborating with a series of theory and experimental groups to harness
this electronic transport data set to search for thermoelectric materials.
Thermoelectrics devices can transform difference in temperature in
difference in electrical potential they are therefore considered in waste-
energy recovery or cooling applications [40]. The efficiency of the
device built on a certain material is linked to the figure of merit
ZT = SZTUT which directly links different materials properties: S is the
Seebeck coefficient, o the electrical conductivity and K the thermal
conductivity. The infrastructure built for the TCM project offers a way
to assess the numerator of the ZT computing the power factor S%o.
Other properties such as lattice thermal conductivity will need to be
assessed through other computations or directly experimentally. One of
the difficulties facing the design of high ZT thermoelectrics is the cor-
relation of Seebeck and conductivity. Materials with high Seebeck tend
to be not very conductive and vice-versa. Indeed, large density of states
and flat bands increase the Seebeck while they limit conductivity. Fig. 7
shows the Seebeck and conductivity extracted from our large database
of transport properties. The color of the data points indicates the power
factor. Only a small fraction of the materials leads to the high Seebeck
combined with a high conductivity required to maximize the power
factor.

Without going into details here, we note that all this work is per-
formed in the so-called constant relaxation time approximation where
the scattering processes for the electrons are considered independent of
temperature and of energy. While this approximation is known to
especially underestimate resistivity and to lead to an inaccurate quan-
titative agreement with experiment, it is remarkable that power factors
under the constant relaxation time approximation can already identify
the best current thermoelectrics. We have indicated in Fig. 7 the data
points related to a few known typical thermoelectrics. They all sit in a
region offering a good compromise between Seebeck and conductivity
and maximizing the power factor. So, the computed data can be used at
the very least to search for materials with potentially high power fac-
tors. Using the database, we identified a few new thermoelectrics
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Fig. 7. Seebeck versus conductivity in a database of 40,000 materials. The
transport properties are computed on DFT-GGA-PBE band structures using the
constant relaxation time approximation and a doping of 10*°cm™2 and a
temperature of 600 K. The color indicates the power factor (5%0) and the size of
the dot the band gap. The computed values are indicated for common ther-
moelectrics. Adapted from [23].

among which TmAgTe, and YCuTe, were subsequently synthesized and
characterized. Their experimental test showed zT values from 0.4 to 1.0
[41,42]. These are attractive numbers for non-optimized materials,
keeping in mind the challenge of finding good thermoelectrics that the
very best thermoelectrics show ZTs between 1 and 2 Again, the exciting
perspective of truly identifying materials in silico that are synthesized
afterwards and demonstrate attractive properties is still uncommon and
a very exciting development in our field.

The identified materials are tellurides which are very common
chemistries for thermoelectrics (e.g., Bi»Tez and PbTe) but new che-
mical playgrounds can be identified and motivated by HT computing as
well. We recently demonstrated through HT computations and experi-
ments that phosphides show attractive electronic properties and could
lead to lower thermal conductivity than one would expect [43]. Fun-
damental limits to certain chemistries can as well be discovered: oxides,
for instance, clearly show power factor values much lower than tell-
urides or other chemistries [44]. This indicates that the band structures
of oxides intrinsically lead to lower power factors. This provides a data-
driven justification for the poor ZTs of oxides thermoelectrics (among
other factors such as poor thermal conductivity).

7. Challenging established rules: electrides

High-throughput computing is especially of great interest in fields
where common sense and chemical intuition is difficult to build be-
cause of the lack of data. This is for instance the case in the field of
electrides. Electrides are fascinating materials presenting electrons in
off-nuclei positions. While most materials have their electron density
localized around the nuclei, electrides present electrons localized in
empty “pockets” in the crystal structure. The first inorganic electrides
Caj»Al; 403, was discovered by Hosono in 2003 [45]. Since then, only a
handful electrides have been reported in the literature. Using the power
of high-throughput computing, we performed the first large scale search
for electrides in the ICSD [46]. The idea is again simple yet powerful. By
looking at the electron localization of the DFT wavefunctions, we can
detect if their localization is mainly off-nuclei. Screening among 30,000
metallic compounds, our approach identified more than 60 new elec-
trides (recovering the handful known ones). Our work has uncovered
structural as well as chemical factors (i.e., the presence of certain
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Fig. 8. Electron density near the Fermi level for BazCrN; a newly identified
electride. Results are from DFT-GGA-PBE computations. Figure from [46].

elements such as alkali-earths) leading to electride formation. It also
has led to an unexpected finding as we identified the first electrides
containing a redox active transition metal: Ba;CrN3 and Sr3CrNs. Fig. 8
shows the electron distribution around the Fermi level for these 2 new
electrides. The electron is present in a tubular shape cavity showing the
signs of a one-dimensional electride. This finding defies chemical in-
tuition as it was long expected that redox active elements here Cr would
energetically favor a change in oxidation state rather than the locali-
zation of the electron in a structural pocket. This example outlines once
more the potential of HT searches to question established rules and find
new and unexpected outliers.

8. Towards more complex properties

The first high-throughput studies mentioned in this review paper on
TCMs used relatively simple computations such as standard DFT ionic
relaxation or band structure computations. All the more complex
follow-up computations such as GW band gaps or defect computations
were performed in a low-throughput manner with a good amount of
human intervention. This approach worked very efficiently as the first
screening criteria on effective mass was so strong that not many of those
low-throughput computations had to be performed. However, in other
fields such as thermoelectrics where more candidates appear to pass
criteria based on DFT band structures, the later steps will have to also
be automatized. Defects are for instance often limiting thermoelectrics
performance and we are currently leading efforts towards performing
HT defect computations with first automation steps provided in our
pycdt python code [19].

Another example of new property brought to automation is our
recent work on HT computations of phonons and vibrational properties.
We will use this example to illustrate the different steps necessary to
achieve the computations of a property in a HT framework. First of all,
one needs to develop a “recipe” to compute the property with high
accuracy in an automatized way. This procedure includes the different
steps needed to perform the computations, how they connect to each
other and if certain error checks are necessary. It also requires setting a
series of typical parameters for which the HT computations will be
converged to a given accuracy. This procedure is based on expert
knowledge but also on systematic benchmarks. We performed such a
study for phonons and evaluated the required k-point and q-point grids
for high quality phonon band structures [18]. When this is established,
all this knowledge needs to be coded within a workflow framework that
will be used to run the computations in production [17]. Here, for the
phonons we used Fireworks interfaced with pymatgen and abipy using
the ABINIT ab initio code [15,16,47]. This phonon data set will be of
great use to many applications including thermoelectrics (where
thermal conductivity is important) but also superconductivity or fer-
roelectricity.

We note that automation does not benefit only to HT studies. For
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instance, while GoW, computations are currently not run on a very
large scale (because of their computational cost), the development of an
automatized infrastructure to perform those complex computations is of
great interest for obtaining reliable converged values [20].

9. Sharing large data sets and the materials project

High-throughput studies generate by definition large sets of data.
These are often produced for a specific purpose but of interest to many
fields. For instance, the transport data we generated for our TCM work
is of great interest for thermoelectrics as we already mentioned but also
for photovoltaics. Sharing efficiently those data sets is therefore of great
importance. Several initiatives have been setting freely accessible da-
tabases through web interfaces: AFLOW, Materials Project, OQMD or
NOMAD [34,48,49]. This opens the possibility for users to browse
among properties for thousands of compounds often not only through
web interfaces but also directly querying the database using common
programming language such as python. The Materials Project, which is
the initiative we have been contributing to, offers a large series of
materials properties: energies, elastic constants, band structures, pho-
nons etc... for a wide range of materials [34]. The impact of the Ma-
terials Project is major with 60,000 registered users and more than
1,400 sessions/day. Large computational databases such as the Mate-
rials Project have been changing the way materials science is performed
and driving the field to be more data-driven. While computations have
their limits and need to be used with care, it is nevertheless a very
exciting moment for materials science as no such amount of data as ever
been accessible to researchers.

10. Data mining, trends and machine learning on large
computational databases

Using data sets to observe trends and build predictive models has
always been an important part of materials science. One could argue
that the periodic table is one of the first examples of data mining but
structure maps which are used to predict what structure would form in
binaries depending on the element attributes (ionic radius, Mendeleev
number, etc...) are another very nice example of early data mining.
Coupled with the growing data sets easily accessible, it is expected that
more and more trends will be extracted from computational data.
Materials scientists have been also benefiting from the very powerful
methods that are built in the field of machine learning [50-53]. New
and unexpected structure-property relationships, which are central to
materials science, will likely emerge from these studies. However, this
approach requires efficient structural descriptors. Indeed, while crystal
structures can be described as unit cell parameters and site positions,
this is unlikely to be informative enough to build structure-property
relationships. This is even more the case when the same crystal struc-
ture can be defined in many different settings.

I strongly believe that, when building new tools, we should not
forget the experience of the decades of research in materials science,
solid-state physics and chemistry. If one keeps this in mind, it is natural
to think that local or coordination environments are very important
crystal structure descriptors. Solid-state chemists would often describe
their structure by the different local environments of the ions (e.g., Ti*™*
in rutile TiO, is octahedral coordinated). Local environments are often
correlated with certain properties and are natural structural descriptors.
Despite their importance for the description of crystalline solids, local
environment assignment is however most of the time performed
“manually” looking at crystal structures in visualization software. This
is of course not adequate to HT computing and motivated us to develop
an algorithm and a code (ChemEnv) to perform automatic local en-
vironment detection. The principle of the algorithm is quite simple. We
consider a series of perfect local environments (52 in total) and the
algorithm computes a “similarity measure” of a true potentially dis-
torted environment to each of the perfect local environments.
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Fig. 9. Local/coordination environment assignment using ChemEnv. (a)
Percentage of coordination environment for a distorted octhedra transforming
from octahedral to square pyramidal. (b) Pie chart of the distribution of local
environment of Zn?* in oxides. T:4 is tetrahedral, S:5 square pyramidal, T:5
triangular bipyramidal, O:6 is octahedral, 3 is three-fold coordinated and other
regroups all other environments. Figures from [55].

Comparing these distance results allows to assign the most likely co-
ordination environment. One of the important features of ChemEnv is
that the algorithm is robust to distortions that occur naturally in real
crystals. Fig. 9a illustrates this feature: as an octahedron is distorted in
one direction the metric will smoothly go from a pure octahedron as-
signment to a mixed octahedral and square pyramidal and finally to a
pure square pyramidal environment.

We used ChemEnv to perform the first statistical search for local
environments in oxides. Experienced materials scientists can often tell
what local environments certain cations would prefer. However, no
statistically robust study had been performed to identify the distribu-
tion of coordination environments in oxides. We published recently an
exhaustive study indicating the local environment distribution for each
cation in oxides. For instance, Fig. 9b shows the distribution of local
environment for Zn®* in oxides. While literature describes Zn>* as a
tetrahedral cation [54], our analysis outlines a more complex crystal
chemistry with more than half of the local environments being different
than tetrahedral. This is a first use of ChemEnv but further use towards
structure-property relationships will come soon.

11. Conclusion

First principles approaches have strongly impacted materials sci-
ence in the last few decades. Techniques such as DFT have offered an
unprecedented way of probing how atomistic mechanisms influence
materials properties. The impact of ab initio computations is still
growing as the methods become more and more accurate and used on
scales that had never been experienced through high-throughput
computing. This review outlined the challenges but also the

Computational Materials Science 163 (2019) 108-116

opportunities in HT computing highlighting examples from a series of
applications and from my own research activities. The strength of HT
computing lies especially in identifying materials combining excep-
tional properties among the vast landscape of structures and chemis-
tries and helping in finding the needle in the haystack. These findings
are often unexpected and question the admitted knowledge based on
smaller data sets. As HT data sets are growing and made widely ac-
cessible the mining of this data through modern machine learning
techniques will become more and more important and is expected to
lead to new insight into structure-chemistry-property relationships.
There is no doubt these developments will make materials science more
and more data-driven and strongly impact the traditional way new
materials are discovered and developed.
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