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Summary

One of the most effective ways to enable green hydrogen production is to improve water
splitting technologies. A major source of inefficiency lies squarely with the oxygen
evolution reaction (OER), with industrial-grade catalysts requiring precious metals which
are not abundant enough to facilitate a hydrogen economy.

In this work, we study this reaction through density functional theory calculations and
mining computational materials databases. Through computational modelling of the OER
mechanism in 17 well-known molecular catalysts, we establish the universality of linear
relationships between binding energies involved in this reaction. This linear relationship
constrains a catalyst to have a minimum theoretical overpotential. However, crucially, in
contrast to metal oxide catalysts, many molecular catalysts are known to undergo a one-
electron oxidation prior to the formation of the crucial O—O bond. We extend the common
water nucleophilic attack (WNA) mechanism by allowing for this oxidation and use it to
rationalise the activity of state-of-the-art Ru-based molecular catalysts. This newfound
understanding leads to the proposal of catalyst design principles which could identify novel
catalysts for this reaction which are cheap and active. These principles are tested when we
generate and calculate the WNA mechanism for a set of hundreds of hypothetical catalysts
for this reaction, using ligands found in experimental water splitting complexes. We
identify how certain catalysts can circumvent the constraint imposed by the linear
relationship through the alignment of spin on oxygen atoms and explain the existence of
metal-specific linear relationships using a spin-based heuristic.

Fe-based complexes are among the most promising molecular OER catalysts based on
earth-abundant elements. We study mononuclear Fe complexes which have been shown to
be active as well as inactive counterparts with the same ligand framework where Fe is

replaced by Mn, Co, or Ni. The source of inactivity for Co and Ni is found to be their high
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oxo wall, while for Mn it is reasoned to be a thermodynamic sink prior to the formation of
a high-valent metal centre. The activity values of the Fe catalysts were then well captured
by a simple thermodynamic descriptor which provides an impressive correlation with
experimental turnover frequencies. Additionally, we provide evidence for the source of
improved activity when functionalizing these complexes with electron withdrawing or
electron donating groups. We study an internal C-H hydroxylation which recent
experimental evidence has shown can turn off the catalyst and find that functionalization
can switch the stability of topological isomers which are prone to this hydroxylation
mechanism.

With a focus on heterogeneous OER catalysis, we develop a methodology to predict
formation energies of binary oxides based on their oxidation states. Through tracking
differences in metal-oxygen bond lengths between unary and binary oxides, we develop an
understanding of common sources of stabilization across transition metal oxides. This leads
to a simple scheme which appropriately weights parabolic equations fitted through unary
oxide formation energies to predict formation energies for binary oxides A;_,B,0, — where
z ranges from 0 to 1 — with a mean absolute error that compares well with state-of-the-art
deep learning methods.

Using this scheme, we screen for mixtures of binary oxides which could be stable in acidic
media and under the harsh oxidising potentials required for OER catalysis. We begin by
developing an appropriate scheme which can identify recently reported alloys of iridium
oxide which exhibit comparable stability in acid to the unary Ir0,, identifying a protocol
that identifies 7 of 8. With this we screen for alloys of the stoichiometry A;_,B,0,, finding
8 alloys based entirely on earth-abundant elements. Finally, we report the high-level
implications of this model and outline how it constrains the search for stable oxide-based

catalysts for this reaction.



Abstract

Understanding the sources of activity and stability in oxygen evolution reaction catalysts
remains an open challenge. This thesis attempts to understand these factors by studying
many catalysts for both homogeneous OER to glean high-level insights into the factors
affording them high activity. First, we take 17 experimentally realized molecular catalysts
and model the commonly assumed mechanism. Using principles derived from this work
we attempt to screen for molecular catalysts with improved activity identifying Cr-based
catalysts as a surprising potential option. We then focus specifically on Fe-based molecular
catalysts and three inactive catalysts based on the same ligand framework but with Mn, Co,
and Ni metal centres to understand the key differences which govern activity in these
complexes. In heterogeneous catalysis, we focus on understanding how changes in metal
oxidation state can influence stability in binary metal oxides. This leads to the development
of a formation energy prediction scheme that is used to pre-screen mixtures of elements
across the periodic table for active and acid-stable catalysts for the OER which are low-

cost alternatives to the current catalysts based on precious metals.
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Introduction 1

Chapter 1  Introduction

Modern civilization owes much of its trappings to the practice of burning fossil fuels.
Through combustion, carbon-carbon or carbon-hydrogen bonds contained in coal, oil and
gas are converted into heat, then enabling the propulsion of mechanical prime movers such
as turbines producing electricity or combustion engines transporting us. These devices
enable modern life in rich nations: when US citizens were surveyed in 2006 about
appliances they need, over 70% of respondents reported they needed a car, clothes washer,
dryer or home air conditioning, and an increase over the previous decade was noted for
every single appliance in the survey.! The utility of these things is undeniable, however,
while powering lives using fossil fuels has brought leisure time and convenience, it is also
fraught with unintended consequences. Carbon dioxide is an inherent by-product of these
reactions. This gas can then reside in the troposphere and absorb and reemit infrared
radiation emitted from the Earth’s surface, while allowing radiation incident on the Earth
from the sun to pass through.> As such, this molecule selectively traps radiation in the
Earth’s atmosphere. The United Nations’ Intergovernmental Panel on Climate Change
(IPCC) has noted that starting from 2018, only 1450 Gt of CO; emissions can be emitted
to avoid a 2 °C increase in global temperatures above preindustrial levels with 50%
probability, based on IPCC’s Special Report 15, at the current rate of emissions, that would
be depleted by 2058.3 The implications of this temperature increase is a two-factor increase
in the frequency of extreme weather events such as heatwaves and droughts relative to
today.’

Regardless of the need to reduce CO: emissions into the atmosphere to tackle global
warming, the finite nature of fossil-fuels necessitates a switch in the modes of human

energy creation and use. It would therefore be desirable to design technologies to form



chemical bonds using renewable energy, and subsequently break these bonds to do useful
work with no associated emissions. For example, storing energy in the form of hydrogen
bonds and subsequently releasing that energy is one such technological scheme to address
this challenge. The economic reconfiguration that this requires would entail the
development of a new economic mode of production.

1.1 Hydrogen economy

The hydrogen economy is a term which is broadly defined as encompassing the vast array
of technical components which would be required to facilitate the use of hydrogen
molecules as a commercial product. Any product needs to be sourced or produced,
packaged, transported, stored, and subsequently used. H> is no different, but this tiny
molecule is thought essential to future efforts by governments to reach net zero targets by
2050.* Technological challenges to realizing this are abound. Hydrogen must be produced
by electrolysis or chemical means, stored by compression or liquefication, and transported
via ground transport or pipelines to an end-user where it can be converted to electricity by
a fuel cell, whose only exhaust is water vapour. In this thesis, we concern ourselves with
the generation of hydrogen via water electrolysis. All other applications of hydrogen, while
essential, are effectively downstream of its generation.

One scenario where hydrogen could be produced economically involves excess, unwanted
electricity from intermittent renewable energy sources supplies the voltage for Egs. 1.1 and
1.2, thereby converting electrical energy to chemical energy. The associated half-reactions

involved are the hydrogen evolution reaction (HER) and oxygen evolution reaction (OER):

HER: 2H+ + 26_ il HZ EO == 0.00 VSHE (1.1)
OER: 2H,0 - 0, + 4H* + 4e~ EO=123Veyy (1.2)
HER: 2H20 + 26_ - H2 + ZOH_ EO = _0.83 VSHE (1.3)

OER: 40H™ > 0, + 2H,0 + 4e~ E® =040 Veyy (14)
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Where E° refers to the equilibrium half-cell potentials at 1 atm and 298.15 K against the
standard hydrogen electrode (SHE). When occurring in acidic media the two half-reactions
occur as shown in Eq. 1.1 and 1.2, and the half-reactions of electrolysis occurring in
alkaline media are shown in Eq. 1.3 and 1.4. According to EirGrid, producer of electricity
in Ireland, 1 TWh of wind energy, or 7.7% of total available wind energy was not captured
due to the practice of voluntarily reducing energy output.’ Utilising excess energy from
intermittent renewable sources would be a promising way to produce hydrogen sustainably,
leading to a renewable and green fuel while enhancing the economic viability of energy
sources such as wind. A reason this approach has been overlooked is the lower round-trip
efficiency of hydrogen energy storage from generation to end-use. However, the high
energy density, coupled with long-term storability of hydrogen make it a particularly
compelling long-term gird storage solution as compared with using the electricity to charge
batteries. When accounting for these advantages, a comprehensive cost-benefit analysis
which studied the energy stored per unit of investment over the lifespan of a given
technology found that hydrogen energy storage via electrolysis is especially suited to
handling overgeneration from wind turbines when compared to lithium-ion batteries.
Aside from the merits of using hydrogen to store energy, hydrogen produced by
electrolysis holds great potential in decarbonizing industrial chemical processes such as
fertilizer production’ and steel manufacturing,® which cumulatively make up
approximately 10% of global CO; emissions.

1.1.1  Electrochemical hydrogen production

Green electrochemical water-splitting uses electricity from renewable or low-carbon
energy sources to drive the electrolysis of water. Nicholson and Carlisle first split water
using electricity by filling a sealed tube with water, submerging a wire with Pt at either

end, and connecting this wire to a zinc disc within a Voltaic pile. They had tried using wires



with different materials at the ends of the wire to no avail, which points us towards the
critical components of an electrolyser, the catalysts at both the anode and cathode. While
Pt remains the state-of-the-art HER catalyst,” anodic materials for the OER have improved
since these experiments.

The anodic OER in acidic media involves the transfer of four electrons to the electrode and
four protons into the electrolyte to facilitate the HER half-reaction, as seen in Figure 1.1a.
In a selective proton-exchange membrane, (PEM) positively charged protons travel to the
cathode while electrons are drawn to the anode. A schematic of the half-reactions of Eqgs.
1.3 and 1.4 are occurring in an electrolyser in alkaline media is shown in Figure 1.1b, where
water and hydroxyl ions are selectively exchange by an anion exchange membrane (AEM).
Since we must produce hydrogen, our H, molecule addresses our energy challenge as an
energy storage medium, as opposed to as source of energy such as carbon-based fuels.
The electrolyser setup is a determining factor in the correct choice of OER catalyst. PEM
and AEM electrolysis are the two electrolyser setups which are the most technologically
developed.!® The PEMs are very efficient in comparison to the AEM in terms of product
purity and achievable current densities, although, the electrocatalysts currently available
are based on scarce and expensive raw materials, mainly Ir and Ru. AEM electrolysis use
OER catalysts which are cheaper and more abundant, with Ni Raney being the commercial
catalyst for this technology with NiFe and FeCo oxyhydroxides representing promising

alternatives.!!-13
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2H% 26’ —H 2H,0—0,+ 4H'+ 46 @ ) ;
2 s 2H,0 + 26=>H,+ 20H" | [4OH'—0,+2H,0 + 4¢

Figure 1.1. Schematic illustration of the HER and OER processes involved in the workings
of'an electrolyser in a) acidic media, known as a PEM electrolyser, and in b) alkaline media,

using an AEM. The half-reactions associated with each are also shown.

To justify the vast technological shift towards hydrogen-based technologies, the way in
which this hydrogen is produced must be cost-effective and carbon neutral. Unfortunately,
due to the distinct drawbacks of PEM and AEM electrolysis, these requirements cannot be
met in tandem as the costs associated with green electrochemical water splitting render it
prohibitive in comparison to methane steam reforming, which currently dominates
industrial hydrogen production.!* Barring an increase in the cost of emitting carbon, the
cost and efficiency associated with green water electrolysis must improve to compete with
the dominant mode of production. Improving the OER represents one of the most promising
route towards addressing this issue.!> If we consider the overpotential — which denotes the
difference between the potential at which a half-reaction is observed experimentally and
the thermodynamic potential for the reaction, E° in Eq. 1.1-4 — we see that even the most

active catalysts for OER have large overpotentials of ca. 0.3 V.!6



While there are a multitude of factors which can influence the efficiency of these
electrolyser setups including membrane type and conductivity,!”!® device assembly
technique,'” and the electrolyte used?’ among others, we focus specifically on the variation
in performance as a result of varying the OER catalyst. This thesis focuses on optimising
catalysts for electrochemical OER by understanding sources of activity and stability to
understand how we could enable the discovery of catalysts based on cheap and abundant
materials to improve the sustainability and economic feasibility of the hydrogen economy.
We will now outline the mechanisms proposed for the OER, as well as the different phases
of OER catalysts.

1.2 Oxygen evolution reaction

The difficulty with the OER can be understood by acknowledging that it requires a total
transfer of four electrons and four protons through the breaking of four O—H bonds. This
process can be enabled by an electrocatalyst which lowers the activation barriers across
these steps. To understand this reaction and the possible mechanisms and reaction barriers
involved, first principles quantum chemical methods have proved valuable, and we use
such tools to further develop our understanding of this reaction in this thesis.

1.2.1 OER mechanisms

Instead of modelling the entire water electrolysis process occurring in Figure 1.1, most ab
initio methods focus on a specific half-reaction; in our case, the OER. Here, we focus on
two mechanisms, namely the water nucleophilic attack (WNA) mechanism and the direct
coupling of two metal-oxo units (I2M).! Each of the four constituent steps has an associated
Gibbs energy change, AG, which is the thermodynamic potential that we use to discern the
exergonicity of a given step in the reaction. In each case, the mechanism begins with a
proton-coupled electron transfer (PCET) between the water molecule and the catalyst,

thereby forming an adsorbed hydroxyl intermediate, which we will refer to as HO*
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throughout this thesis. Subsequently, another PCET occurs as the O—H bond is broken to
form an oxo intermediate O*. Then, the WNA mechanism continues via another water
nucleophilic attack to form a hydroperoxo intermediate (HOO*) and subsequent O—H bond
breakage to form O> gas and continue the cycle. This reaction can be represented

thermodynamically as:

*+ H,0 > HO*+ H* + e~ AG, = AGyo- — eU + kgTlnay+ (1.5)
HO* > 0"+ H* +e- AG, = AGy- — AGyy — eU + kyTlnay+ (1.6)
0" + H,0 » HOO* + H* + e~ AG3 = AGypor — AGy — eU + kyTlnay+ (1.7)
HOO* > *+0,+ H" + e~ AG, = 4.92 — AGypo — eU + kpTlnay+ (1.8)

where * denotes an active site, AG;_, is the Gibbs energy change associated to each
elementary step, AG;, is the Gibbs binding energy of the OER intermediates, e is the
electron charge, U the applied potential, ay+ the activity of the protons in the electrolyte,
while 4.92 is the negative of the experimental Gibbs energy of formation energy of two
water.

The 12M shares the first two steps with the WNA before two metal-oxo units interact to
form oxygen. In oxide-based catalysts, the evolved oxygen can come from the solvent

water or from the lattice itself in what is called a lattice oxygen-mediated mechanism

(LOM) 222
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Figure 1.2. Illustration of the water nucleophilic attack mechanism highlighted along the
grey paths with the associated proton coupled electrons transfers and the interaction of two
metal-oxo units (I2M) mechanism shown in blue. The Gibbs energy changes AG;_, are
defined in Egs. 1.5-8. The hypothetical active site is represented by a central purple and

the oxygen and hydrogen atoms are red and white, respectively.

1.2.2 Homogeneous OER

Catalysts are called homogeneous if they exist in the same phase as the reagents, which is
in solution in the case of water splitting. The most common type of homogeneous OER
catalysts are inorganic complexes composed of a transition metal active site(s). The
oxidation reactions at the metal site can be driven either by chemical oxidants, such as
cerium ammonium nitrate (CAN), or electrochemically by an applied potential. The former
method allows for rapid screening of potential catalysts activity,”> but comes with an
inherent limitation in the condition which can be applied since Ce'V requires working at pH
< 1.%* Under these conditions, reactions last on the order of minutes, so a common metric
to compare the efficiency of the complex is the turnover number (TON), defined as the
ratio between the amount of product generated and initial catalyst over the span of the
catalyst lifetime shown in Eq. 1.9. To compare catalytic activity, we use the initial turnover

frequency (TOF), which is the TON per unit time.
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n
TON = -2

(1.9)

Neat.

Llobet et al. synthesized a Ru-based catalyst with a TOF of 303 s'! which they compared
to the activity observed in photosystem II in the oxygen evolving complex contained in the
chlorophyll of plants.?> Molecular catalysts also have great tunability, as they can be
functionalized through a multitude of electronic electron withdrawing groups (EWGs) and
electron donating groups (EDGs) as well as steric groups which can be used to tailor their
activities. In homogeneous OER catalysis, the Hammett parameter for a para-substituted
pyridine in a mononuclear Fe-based complex has been correlated to the turnover frequency
(TOF), with a NO, group leading to a two-fold increase in TOFs.2® More recently, this
analysis has been applied to a mononuclear Ru catalyst with a 10-fold increase in TOF
upon functionalization with an ethoxy group, showing a volcano plot mapping TOF to the
Hammett parameter.?’” The narrow range of this volcano with respect to the Hammett
parameter provides a tantalizing prospect of tuning molecular complexes for the OER while
also justifying the historic difficulty in finding highly active homogeneous catalysts. A
unique factor in distinguishing molecular catalysts is their 3-dimensional nature and the
fact that this can be exploited to selectively stabilize certain key intermediates to enhance
the activity of a single site, which might not be possible with heterogeneous catalysts.?®

This inherent tunability had meant that a oft-touted solution to improving the efficiency of
the OER is to tether a tuneable homogeneous catalyst to a support to create a hybrid
catalyst. Before we describe these we will outline the state-of-the-art in heterogeneous OER

catalysis.

1.2.3 Heterogeneous OER
While homogeneous catalysts can exhibit TOF values which are orders of magnitude faster

than those seen in heterogeneous systems, a primary drawback is that the most active
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catalysts exhibit lifetimes less than 5 seconds long and are thus considered unstable.?’
Furthermore, these systems exhibit poor electron transport relative to heterogeneous
catalysts which are in contact with a conductive support since the charge transfer process
happens via the electrolyte-electrode interface. In industrial settings the OER is carried out
with solid phase catalysts since they are more easily controllable and stable compared to
homogeneous catalysts. As mentioned, Ir0, is the industrial catalyst used for PEM
electrolysis and Ni,_,Fe,00H for AEM electrolysis.? Choosing a figure of merit for
these types of catalysts is difficult since the effective electrochemical surface area,
electrode geometry and chemical environment can have differing, competing influences on
the activity.’® However, a commonly used metric is the overpotential at a current density
of 10 mA/cm?, a value chosen since it roughly matches the current density expected in an
solar-driven water splitting device which is 10% efficient under 1 kW/m? of solar

radiation.3!33

McCrory et al. benchmarked the performance of many catalysts in alkaline
and acidic media using this metric, finding that every tested catalyst could reach this metric
over the range of 0.35-0.43 V of overpotential in alkaline media, while only Ir0, was
stable under oxidizing conditions in acidic media. The stability was tested by measuring
the overpotential when the catalyst first reached 10 mA/cm? and then measuring the
overpotential required to reach the same current density two hours later. While Ir0, was
far more stable than the other tested oxides (NiFeO,, CoFeO,, NiCoO,, CoO,, NiLaO,,
NiCuO,, NiO,, NiCeO0,) it still exhibited a 10% increase in the required overpotential over
the course of two hours.

For alkaline media, the catalyst for AEM which is thought most appealing and exhibits the
lowest overpotentials are Ni-based oxyhydroxides or Fe-doped modifications of the same

which were described by Corrigan in the late 1980s.%° Sargent er al. improved over the

state-of-the-art AEM catalyst by doping W¢* into FeCo oxyhydroxides using a sol-gel
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synthesis, observing an overpotential of 191 mV at 10mA/cm?2.!! A general principle

appeared to emerge then, with reports of high valent dopants with charge +5 and +6
improving the activity of both Ni;_,Fe,OOH and Co,_,Fe,OOH," with a 10-fold
enhancement in TOF observed against the commercial Raney Ni catalyst. Given these
catalysts are based on cheap, abundant elements, and given the low overpotentials
achievable using these technologies, work in AEM is beginning to focus on membrane and
device setup to further efficiency.>*

Conversely, PEM electrolysis still relies on Ir. To illustrate the problem with this reliance,
a recent technoeconomic analysis has shown that unless the Ir content of PEM electrolyser
catalysts are significantly reduced and 90% of the used Ir is recycled, then the supply of
this metal will not meet demand.* Efforts to reduce the iridium content of PEM catalysts
have included nano structuring to improve efficiency, alloying with other elements or
housing Ir in an acid stable matrix such as W05 to improve stability. Lewis and co-workers
have worked on developing precious metal free antimonates such NiysMn,sSb; ,0, for
the OER in acid,*¢ although their overpotentials were large at ca. 700 mV at 10 mA/cm?.
In this vein, Nocera et al. have developed a protocol to develop template-stabilized
catalysts which are stable in acid,’’*® tackling the problem highlighted by the
benchmarking from McCrory, wherein they dope a highly acid stable, conductive, yet
inactive host material in PbO,, converging on a Cogi4Feqo3Pbggs0x mixture.’” In the
introduction of Chapter 8§ we provide further details on PEM catalysts which operate in acidic
media, as we pre-screen binary oxides for stability, the focus on this deriving from the fact that
there are no acid stable catalysts which approach the activity of Ir and Ru-based OER catalysts in
acid.

Another proposed route to avoid this element involves the use of hybrid catalysts which

involves the anchoring of an earth-abundant homogeneous catalyst, which have seen per-

metal TOF values which are orders of magnitude higher than those seen in heterogeneous
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catalysts,’ on a support to combine the advantages of heterogenous and homogeneous
catalysis.

1.2.4 Hybrid OER

The promise of hybrid OER is that if an appropriate pairing of molecular catalyst,
heterogeneous catalyst and anchoring strategy are found, an optimal catalyst would be

possible. This prospect is illustrated in Figure 1.3.

Homogeneous Catalysts
” N "4
ey X
ol e
N o r - o & A / \ 5
~ . & l \ 4
) ol
Stable ® Tunable
High e transport ® Active
al s
o
< | L4
»

Figure 1.3. Motivation for the development of hybrid catalysis which combine the

strengths of heterogeneous and homogeneous catalysis.

There are a myriad of potential methods to anchor a molecular catalyst onto a solid support

through covalent linkers,*

or m-m interactions between molecular catalyst ligands and
carbon nanotubes.*! Indeed Llobet and co-workers successfully anchored a Ru molecular
catalyst on multiwalled carbon nanotubes by functionalising the axial ligands with
oligomers which facilitate the C—H m-interactions between the molecular complex and the

graphitic surface to catalyse the OER in neutral pH with high current densities of ca. 200

mA/cm?2.4!
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To enable the rational design of hybrid catalysts, we need to understand the factors
constraining water-splitting technologies. When catalytic activity can be described through
an energy-based descriptor, the optimisation of catalysts for this reaction becomes
amenable to computational screening by simply modelling the relevant thermodynamics.
Correlating activity and descriptors in this way has become a powerful means to understand
fundamental facets of the OER, guide future experimental investigations, and enable high-
throughput computational screening of hypothetical catalysts. Over the course of this thesis
we will analyse and develop activity descriptors for homogeneous catalysis and develop
stability descriptors in heterogeneous catalysis, thus enabling hybrid catalysts by taking a

two-pronged approach. In the following section we detail well-known OER descriptors.

1.3 OER catalyst descriptors

1.3.1 Activity descriptors

The seminal foundation for the use of descriptors in OER catalysis was laid down when
Trassati described how the heat of formation for oxides, AHf, related to the reaction
overpotential in the shape of a volcano (see Figure 1.4a). This allowed for the beginnings
of a rationalization for the source of the overpotential on the surface of oxygen-evolving

electrocatalysts.*>+

Theory caught up with the spirit of this experimental descriptor decades later when
Norskov ef al.** modelled the OER on oxidized metal surfaces assuming a WNA
mechanism — as outlined by Egs. 1.5-8, which we will derive in Chapter 2 — and described
the concept of theoretical overpotential, (:p00,-) defined as the applied potential at which
all elementary steps become downhill.* This figure of merit for predicting OER activity
can be determined by subtracting the thermodynamic redox potential of water oxidation

from the maximum of AG; _,, according to Eq. 1.10.
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AG,_
Ntheor. = max%}‘o —1.23 VRHE (110)

In doing this analysis for perovskites and metal oxides, Norskov and co-workers found that
Neneor correlates with experimental activity, leading to a volcano-shaped view of the
relationship between OER activity and the difference between the binding energy of the
O* and HO* intermediates, 4Gy~ — AGyo+,**% as seen in Figure 1.4b. Notably, this
descriptor is more intuitive compared to AH as it relates to the transfer of protons and
electrons on the surface of the catalyst. The same authors and Koper?® further described that,
since two of the thermodynamic quantities, AG o+ and AGy o+ are linearly correlated, with
a fixed difference of 3.2 eV, and since this is larger than the thermodynamically ideal 2.46
eV (2x1.23 eV), we can justify the inactivity of OER catalysts from first principles. This
can be seen from Figure 1.4 where both the experimental and theoretical overpotentials
appear to have a minimum threshold. Another implication is that the energy change of the
step occurring before the HOO* intermediate formation is a strong determinant of the
predicted overpotential since the predicted potential determining step is likely to be either
the formation of O* from HO* or HOO* from O*. We see in Figure 1.4b some of the most
active catalysts at the peak of the volcano including Ru0O,, IrO, and Co;0,, which
comports with experiment as these materials are some of the most active for PEM
electrolysis.'®*® Of these, Ir0, is most commercially viable as a PEM electrocatalyst due
to its durability. The correspondence between the most active catalysts and those found at
the peak by Man et al. established the AG,+ — AGy o+ descriptor in subsequent analyses as

the most prominently calculation used to justify OER activity.
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Figure 1.4. Overview of thermodynamic activity descriptors applied to OER catalysts. a)
Experimental relationship between oxide heat of formation, AHy, and overpotential, blue
(white) circles denote that experiments were carried out in acidic (alkaline) media.*>* b)
Volcano relationship demonstrating the utility of the OER descriptor AGy+ — AGy o+, blue

(white) triangles denote high (low) surface coverages.*¢

While this descriptor has enabled the identification of likely active sites and promising

11,49,50 46,51-53

oxyhydroxides, and oxides, as catalysts, recent investigations have at tackling
the shortcomings of this approach. For instance, PCETs are not always potential
determining and there is no treatment of the kinetics which ultimately determine reaction
rate, we instead implicitly assume by the Bronsted-Evans-Polanyi (BEP) principle that the
kinetic barrier is correlated with the thermodynamic potential energy difference.’* Another
issue with an overreliance on AGy+ — AGy+ lies in the fact that the potential-determining
step, which governs 1¢pe0r, may not coincide with the rate-determining step.>> This has
been addressed by Calle-Vallejo and co-workers, where they showed that reducing
AGyoo+ — AGyo+ does not necessarily correlate with improved activity.*® To mitigate this,
they introduced the electrochemical step symmetry index (ESSI), which measures the
average of those steps with AG;_, > 1.23 eV. While the advent of the 4Gy« — AGyp*

descriptor and electronic descriptors has allowed for first principles investigation of OER

catalyst activity, we will extend our understanding of this descriptor for molecular catalysts
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by considering non PCET mechanisms. Furthermore, relying only on activity descriptors
overlooks a crucial determinant of the practical realization of catalysts: their stability. Even
the state-of-the-art acidic OER catalysts based on iridium or ruthenium are unstable, with
daily overpotential increases observed for both.>”>® We now outline the descriptors which
have been used to study this.

1.3.2  Stability descriptors

The stability of a material is essentially a function of the difference between its ground state
energy and other competing phases, a concept we outline in further detail in Section 2.7.
Typically, the phases considered only includes solid phases, which precludes modelling the
species observed in OER catalysis. To address this, the scope of considered phases was
extended by Persson et al>® to include aqueous phases which may exist in solution,
allowing for computational stability measurements more suited to test for durable OER
catalysts which are tested in solution and at varying pH.%® We describe this methodology
further in Section 2.7.3, but in effect, it allows for a quantitative measure of stability in
aqueous environments for pH and applied potentials of interest. Denoted as AGy,p, it is
understood that a value of 0 eV/atom means that a material is stable with respect to
competing phases for a given set of conditions, but heuristic investigation of metastable
materials in aqueous environments set a threshold of 0.5 eV/atom.%! By comparing the
energetics of adsorbate cycling mechanisms (ACMs) such as the WNA against mechanisms
involving the catalyst such as the LOM, where the evolved oxygen is sourced from the
catalyst itself, Kolpak et al. showed, similar to the aforementioned work on activity
descriptors, that the nominal number of outer electrons 3d perovskites (i.e. the number of
d-electrons in the B cation) correlates with an energetic descriptor determining whether the

AEM or LOM dominates.®?
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In this thesis we will focus on developing a general theory to predict oxide stability based
on data from open-source materials databases and use this theory to screen for acid stable
OER catalysts. Repositories of computational materials simulation results have become

prominent as a source of both material and descriptor discovery, which we now outline.

1.4  Open-source materials databases

In 2011, the Materials Genome Initiative was announced by the National Science and
Technology Council, an executive branch of the United States Government. This initiative
led to hundreds of millions of dollars of research and development investment into the
accelerating materials discovery through combining insights from experiment, theory, and
computation.®*%* Impressive databases of computational materials simulation results have
sprung out of this, including the Materials Project (MP),% the Open Quantum Materials
Database (OQMD),* and AFLOW.®” We note here that due to the high computational
demands required by such large computational materials databases, the simulation quality
of this data is not as high as possible. In any case, these impressive efforts to increase the
amount of available materials data are very valuable; they provide a foundation from which
researchers can validate or test hypotheses, enable materials screening efforts which have
enabled discovery,® and handle the increase in the rate of scientific research output which
doubles roughly every 15 years.®” There is a need to synthesize this information
computationally as it becomes less and less tractable for humans to parse all this
information, and as the dataset of considered materials grows, the potential for statistics
and machine learning-based predictive algorithms becomes greater. The time required to
take a material from lab-derived discovery to commercial realization is approximately 10—
20 years from inception to use.”” Furthermore, the rate of scientific research output is
growing year on year at a rate of 4% leading to a doubling rate roughly every 15 years.®

With such a spate of data, machine learning algorithms tackle this by attempting to ‘learn’
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materials descriptors based on available training data. The state-of-the-art in this area is a
method which uses deep learning to allow for structure-agnostic prediction of materials
formation energies. An in-depth description behind the mechanics of this algorithm is
beyond the scope of this thesis, but it essentially represents any material with any
composition as a weighted graph where nodes in the graph are weighted by composition.
This approach is referred to as Representation Learning from Stoichiometry (or Roost) and
achieved a MAE of 0.03 eV/atom on a test set of formation energies. In Chapter 7 of this
thesis, we will compare results from this methodology to a predictive theory we develop
which has specific application to binary oxides, a subset of materials which are especially
relevant for heterogeneous OER.

1.4.1 Materials data for OER catalyst discovery

A recent development in computational OER research involves combining activity and
stability descriptors to screen for potential catalysts which are active and stable in acidic
conditions to identify cheaper alternatives to Ir0, in PEM electrolysis. These studies tend
to employ the MP database to query for aqueous stability descriptors for entries hosted on
the site. One such study filtered out candidate materials predicted to be unstable by
calculation of 4Gy, at pH = 0 and a range of applied potentials relevant for the OER,
reducing the search space drastically from 47,814 to 68, and then tested the remaining
catalysts for surface reactivity and conductivity, leaving 15 remaining.”! This approach was
also applied to 2D materials gathered from C2DB,’?> MaterialsCloud” and 2Dmatpedia,’
computational materials databases tailored to 2D materials, finding that the acidic stability
filter reduced the search space from 11,000 to 35.7> Without a thorough benchmarking of
every material it is not possible to test the true positive and true negative rates of such a
filter, but the power of such a filter lies in how discriminative it is by confining a search

towards materials which we have evidence for being acid stable. Other works have applied
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the filter to newly generated calculations of stability at pH = 0 and an applied potential of
1.23 Vsue for equimolar polymorphs of binary oxides of the form Ays5B,50, and
Ao.sBo.5s05.7° Recent work has also hypothesized an intimate relationship between activity
and stability by considering all catalysts stability along with their ab initio calculated
reactivity from open-source repository Catalysis-Hub.”” In doing so they noted that the
most active catalysts appear to require some lower limit of instability with values for 4G,
of approximately 0.2 eV/atom .”® They reason that this is related to the difference in the
number of d-electrons between the catalyst and the most stable aqueous species;’® if this
difference is 0, the catalyst is stable yet inactive, if this difference is very high, the catalyst
is too unstable, They therefore propose there is a goldilocks region which the likes of /70,
inhabit, with this rutile oxide being just stable enough with respect to the most stable
IrOiz_] (aq) species.

1.5  Thesis outline

A common thread running through this thesis is a focus on the throughput of water splitting
which we model computationally. The motivation for this emphasis arises from a desire to
draw high-level and general trends from data, trends which would not be possible to glean
by studying single catalysts independently, but at higher detail. To accelerate the discovery
of hybrid OER catalysts we take a two-pronged approach by developing descriptors in
homogeneous and heterogeneous catalysis to enable future research with the tools to
perform faster analyses using our descriptors. In homogeneous catalysis we focus on testing
the existence of scaling relations for molecular systems, and then apply the derived
knowledge to develop descriptors for screening. We also test the discriminative power of
computation in distinguishing active catalysts from inactive ones. In heterogeneous
catalysis we tackle the issue of catalyst stability by developing a general methodology to

predict material formation energies of binary oxides with stoichiometry A;_,B,0,, enabled
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by data ingested from MP and OQMD which we use to forecast stability and screen for

stable catalysts in the acidic regime and under the harsh, oxidising environments of PEM

electrolysers. A general overview of the structure of the thesis is shown in Figure 1.5,

depicting how the homogeneous and heterogeneous chapters are delineated, and which

chapters focus on descriptors and method development and which ones focus on applying

those descriptors and methods for screening.

Chapter 1
Introduction

Chapter 2

Computational
theory

Homogeneous

Heterogeneous Chapter 3

Aims and
objectives

Descriptor and
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Screening

|
Chapter 4
Scaling relations and
novel descriptors for
molecular water splitting

Chapter 5
Activity and inactivity for
water splitting in
molecular catalysts

Chapter 7
Oxidation state analysis
for binary phase diagram
interpolation

Chapter 6

Screening molecular
water splitting catalysts

Chapter 9

Conclusions and future work

Chapter 8

High-throughput screening
of binary oxides for acidic
water splitting

Figure 1.5. Graphical outline of the contents contained in this thesis.
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Chapter 2  Computational Theory

2.1 Schrodinger equation

An essential equation in the foundation of theoretical chemistry is the non-relativistic
Schrédinger equation, shown in Eq. 2.1, which describes the energy of a general chemical
system.

h: sz szzl
-) 5 vi— ZZ z Y =HY = EV¥ (2.1)
e
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The indices i and j run over electrons, k and [ over nuclei, and Z denotes the nuclear atomic
number, with W the wavefunction. The action of the operator within the brackets on the
left-hand side of Eq. 2.1 is known as the Hamiltonian, H, and returns the system eigenvalue,
E. From left to right, the terms denote the electronic kinetic energy, the nuclear kinetic
energy, electron-nuclear interaction, electron-electron interaction, and nuclear-nuclear
interactions. Throughout this thesis we apply the Born-Oppenheimer approximation,”
which considers the nuclear positions to be fixed, an approximation that is justified in
circumstances where the nuclei move far slower than electrons. This approximation allows
for the nuclear kinetic energy to be neglected, and the nuclear-nuclear interaction can be

considered constant. Then, Eq. 2.1 simplifies as shown in Eq. 2.2.
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Equation 2.2 is extremely difficult to solve analytically for all but the simplest cases, so it

is tackled numerically when applied to more interesting physical and chemical phenomena.
A primary prescription we have for improving the wavefunction in this way — assuming it

is well described, which we will outline in later sections of this chapter — is the variational
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principle, shown in Eq. 2.3 and derived by imposing the orthonormality of the
wavefunction. This principle sets out how to arrive at a ground state energy E, from the
wavefunction W. We take wavefunction which leads to the minimum possible energy,
which we denote the ground state energy, Ej,.

[W*HY dr
— 2k, (2.3)
¥y

This recasts the problem in Eq. 2.2 as an optimisation problem, since the lower the
eigenvalue found for a given choice of W, the better our description of the ground state.

Furthermore, we construct using single electron Hamiltonians, for h(i) electron i, leading

to:

H = z h(i) (2.4)

This results in spin orbitals satisfying the equation
h(Dy;(x;) = g;(x;) (2.5)
with electron i occupying an orbital ; with energy ¢;. In order to satisfy the Pauli
exclusion principle so that the sign of W is inverted upon swapping electrons, we use a
Slater determinant to avoid violations of the Pauli exclusion principle so for an N electron
wavefunction:
Y= |1/)i(x1)1/)j(x2) ---lpn(xzv)l (2.6)
where we assume the application of a normalisation constant such that [W*W = 1.
Wavefunction theory has progressed by continually improving prescriptions for creating
Y. However, owing to its simplicity and computational efficiency, density functional
theory (DFT) has seen more widespread use in describing chemical systems of interest.5%-8!
In the following, we will describe the theoretical basis for DFT, as well as the methods

adopted for our studies of molecular OER catalysts.
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2.2 Density functional theory

We can only obtain physically meaningful properties from the wavefunction using quantum
mechanical operators, and the electronic wavefunction depends on 3N variables for each
spin. This motivates the question: can we construct a Hamiltonian from another physical
value which also depends on less variables? One sensible physical observable to use would
be the electron density, p, which is equal to N when integrated over all space and depends

on just three spatial coordinates for a given point in space.

Early approaches to solve Eq. 2.2 by optimising the electron density, assumed non-
interacting electrons and an infinite uniform electron gas.®*-% This led to the Thomas-Fermi

model, with an energy functional as shown in Eq. 2.7.
Elp()] = 15 G | p(r)sdr—z [ 2o+ [[ 222 drar, 27)

Note that in the above equation we have switched to atomic units for notational simplicity.
Such early density functional theories varied in the description of the kinetic energy density
functional, the first term, and showed poor performance for realistic chemical systems. This
is because they do not account for electron exchange and correlation. The biggest source

of error from this approach comes from the kinetic energy.

Ultimately, this method predated the theoretical basis for modern DFT methods, which we

will now describe.

2.2.1. Hohenberg-Kohn theorems and Kohn-Sham DFT

The first foundational theorem of DFT from Hohenberg and Kohn proves that a
nondegenerate ground state density of a system is uniquely determined by a specific
external potential.®® The proof is carried out via reductio ad absurdum by showing that if

different external potentials can describe the same ground state density, a contradictory
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inequality is derived between the same expressions. The second theorem used this proof
along with Eq. 2.3 to show that energy functionals of the density, E[p(7)], can also obey

the variational principle.

Kohn and Sham then provided a key insight to consider a fictitious system of non-
interacting electrons with the same density as a real system of interest which does contain
interacting electrons.®® The functional which describes this treatment is shown in Eq. 2.8
where we approximate the kinetic energy using Slater determinants composed from 1; as
in Eq. 2.5 to describe a system of non-interacting electrons with the same density as the

exact electronic wave function.

1 Z
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+§ff%drldrz + E,.[p(r)] (2.8)

The only unknown term in this expression is the exchange-correlation functional,
E..[p(r)], which contains the difference in kinetic energy between the interacting and non-
interacting systems as well as the non-classical electron-electron interactions. The action
of one-electron operators are assumed separable, so the one-electron Kohn-Sham
Hamiltonian, hXS, for electron i can be applied to monoelectronic wavefunctions 1, which
minimise E.

1 Z p(r')dr' OE
KS 2 k xc
hi">y; Zvl E |Ti—Rk|+ =] + 5p Y = &Y, (2.9)
K

We do not know the form of the wavefunction without applying hX®, yet this in turn
depends on the wavefunction. Therefore, we must apply Eq. 2.9 self-consistently®” by

initially guessing p(r), constructing and solving Eq. 2.9 to form better coefficients for the
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orbital coefficients, and then applying p(r) = XV [;(r)|?> where N is the number of

electrons. This scheme is performed iteratively until a convergence criterion is met.

A primary issue with this approach is that E,.[p(r)] is unknown, and there is no
prescription for how it should be described, although if it were to be discovered, we could
solve Eq. 2.9 exactly. In the following, we outline how this exchange-correlation functional

is approximated, and how it varies across the functionals applied within this thesis.

2.2.1 Electronic exchange and correlation
In this section we use the common notation to construct an exchange-correlation energy
functional, &,., which is comprised of the sum of individual components of exchange and

correlation functionals, E, and E_, respectively, where E, is defined in Eq. 2.10.

E[p(r)] = f p (F)exdr 2.10)

The simplest approach to construct ¢, is to assume that it depends only on the value of p
at a given position. If we assume a uniform electron gas (UEG), as Dirac and Slater did

83,84

prior to the Kohn-Sham theorems, we can derive the exchange energy in Eq. 2.11.

3 31 4
BV Lo = [ p @eloar =31 [ p (yiar @2.11)

This leads to an exchange-correlation functional known as the local density approximation
(LDA) because it depends only on the local density at a given position. The use of these
LDA-type functionals is only justified in cases where the electron density varies slowly,
and improved results in molecular reaction energies are found when &, includes higher-
order derivatives of the electron density .3

2.2.2  Generalised gradient approximation (GGA)

Including both the density and the spatial derivative of the density in €, leads to functionals

known as generalised gradient approximation functionals, or GGAs. These are typically

constructed by appending another term or series of terms to the integral in Eq. 2.11, which
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are functions of the dimensionless quantity, x = |Vp|/p*/3. As an example, one popular

GGA is the Perdew-Burke-Ernzerhof (PBE) functional,”! shown in Eq. 2.12

C, Y x?

EPBE = f p (reVES(1 +

with values for non-linear parameters y and c, derived by restricting the form of EZZE in
low and high-density limits, and low- and high-density varying limits. The correlation
energy is a parametrised function which is also subject to mathematically inspired
constraints.

In this thesis, we have employed a GGA functional known as Bayesian error estimation
framework with van der Waals corrections, or BEEF-vdW.?? This functional has seen
widespread use due to the impressive performance shown for adsorption energies and
transition state barriers on transition metal surfaces.’>** Unlike PBE, this GGA functional
uses a systematic empiricist approach to arrive at E,., while also allowing for the
quantification of DFT uncertainty. In the following, we briefly describe how this is
achieved.

To describe the exchange energy, ¢, is expanded in a power series of the reduced density
gradient using Legendre polynomials. Correlation energy is then described using local
LDA, E!P4=¢  semi-local PBE correlation, EPBE=¢ along with vdW-DF2 nonlocal
correlation,” E™~¢, to account for non-covalent interactions, which we describe later in

this chapter.

29
E)l?CEEF—vdW — Z amEglGA—x + CZCELDA_C + (1 — ac)EPBE‘C + Enl—c (213)
m=0

By inspection of the above equation, we can see that this functional is dependent on 31
coefficients. The cost function which defines how these coefficients are updated is

regularised to reduce overfitting. Datasets of molecular formation and reaction energies,
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transition state energy barriers, non-covalent interactions, and solid-state properties were
used to arrive at the optimum parameters for Eq. 2.13 with @,=0.6001664769 and the series
of a,, values shown in Table 2.1.

Table 2.1. Coefficients for the Legendre polynomial expansion in Eq. 2.13.

m Am m A

0 1.516501714 x 10° 15 —8.018718848x10°*

1 4.413532099 % 10! 16  —6.688078723x10°*
2 —9.182135241x1072 17 1.030936331x10°3
3 —2.352754331x1072 18  —3.673838660x10°*

4 3.418828455%1072 19  —4.213635394x10°*

2.411870076x1073 20 5.761607992x10°*

W

6 —1.416381352x1072 21 —8.346503735x107°
7 6.975895581x10™* 22 —4.458447585x10°*
8 9.859205137x1073 23 4.601290092x10°*
9 —6.737855051x1073 24 —5.231775398x10°°
10 —1.573330824x10°3 25 —4.239570471x10°*
11 5.036146253x1073 26 3.750190679x10°*
12 -2.569472453%1073 27  2.114938125%107°
13 —9.874953976x10°* 28 —1.904911565%10°*

14 2.033722895%1073 29  7.384362421x107°

A further family of functionals include the second derivative of the electron density in the

description of the exchange-correlation functional, as detailed in the next section.
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2.2.3 Meta GGAs

Meta-GGA functionals or mGGAs include the second derivative of the electron density in
the description of the exchange-correlation energy density. Due to issues with numerical
instability, the kinetic energy density, 7, is normally used to describe this second derivative
instead of the Laplacian of the density, which is related to the second derivative of the

density,”® as seen in Eq. 2.14.
occ. occ.
1 2 Vzp * 2
o) = ) IV =F = ) pi V) (214)
i i

The kinetic energy density is then included in ¢, along with p and Vp in distinct ways,
depending on the functional. In this thesis we have used the M06-L functional,”” which has
seen success in describing reaction barriers for transition metal complexes.®!98% A further
example mGGA developed by Perdew e al. is the TPSS functional,'® derived by imposing
mathematical constraints on the form of €664 in the limits of high and low varying
density.

In this thesis, we have used the TPSSh functional, a hybrid mGGA density functional
derived from TPSS. We describe this group of functionals in the next section.

2.2.4 Hybrid meta GGAs

Density functional theories which mix the exact exchange of non-interacting electrons
derived from Hartree-Fock®”-101:102 theory with exchange-correlation functionals derived

from DFT are known as hybrid mGGAs or hybrid functionals. These functionals aid in the

cancellation of the spurious self-interaction error (SIE) of electrons, inherent in DFT which

arises from the Coulomb term in Eq. 2.

8, pr)p(rs) drydr, which allows for the interaction
2

of an electron with itself. For an exact exchange functional, this would not be possible, and
this problem is magnified in cases where we wish to model systems with localized orbitals,

as the electrons tend to delocalize to minimize the SIE.
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In our case, to calculate ground state energies, we have applied the TPSSh hybrid mGGA
functional,'®® which includes a 10% of HF exchange, derived by an empirical fit. The
expression of this exchange-correlation functional is shown in Eq. 2.15.

ETPSSh = 0.9ETPSS + 0.1EHF + ETPSS (2.15)
This functional has been shown to give good results across reaction energy calculations,®
hyperfine structure,'®* biochemistry,!% and transition metal chemistry.?! In addition, we
have used the B3LYP functional,!*® which liberally mixes Hartree-Fock (HF) exchange
through local and semi-local DFT exchange while the correlation energy is comprised of
LDA and a different and semi-local DFT functionals.
225 GGA+U
Another way to tackle the SIE is the DFT+U approach which applies an energy penalty to
partially occupied orbitals in the construction of the functional. Dudarev!'®” described the
introduction of a Hubbard term U on valence states for the Coulomb interactions and
exchange parameter /. We then define an effective Hubbard parameter, U,y = U — ], and

apply the penalty as in Eq. 2.16

U
Ecca+v = Egea + esz Z Z %’0(1 - /1?0) (2.16)
lLo i

Where /1?” is the occupation of orbital i on atom I. By construction, this correction is non-
existent if the orbital is either fully occupied or fully unoccupied. The appropriate U,ys
must be chosen carefully since it may be necessary to use different values for different
applications. In our case, we use GGA+U-derived energies which are used by the Materials
Project database. %198

All functionals described thus far assume that only local information about the electron

density is sufficient to describe E, ., neglecting long-range, dynamic correlation. These

adverse effects can be addressed by considering non-covalent interactions.
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2.2.6 Dispersion corrections
There are many approaches to including the effects of non-covalent interactions, which are
a result of long-range electron correlation. One approach involves including an energy
functional into the one-electron Hamiltonian, as is carried out in the vdW-DF2 method.”?
In this thesis, we have accounted for dispersion using another well-established approach,
Grimme-D3 dispersion corrections,'?” which adds a correction term, Ey;g;, to the energy
calculated by DFT according to the following expression:
cas
Egisp = —z Z Sn _nfd,n(TAB) (2.17)
AB n=6,8 Tap
where AB denotes an atom-atom pair within a molecule, s, is a density functional-
dependent scaling factors, %, the interatomic distance, C4Z an atom-atom specific, fitted
coefficient and f;; , a damping function to determine the range of the dispersion correction.
The incorporation of long-range interactions has seen success in reducing the errors of
dispersion-bound alkane dimers.?
23 Linear combination of atomic orbitals
To represent the wavefunction W in Eq. 2.6, we must represent the orbitals, 1;, from which
they are constructed sensibly. This is achieved with mathematical basis sets which are

simply linear combinations of atomic orbitals (LCAQO) which we call a molecular orbital.

Y= ) Ciga (218)

where C%, represents the coefficient for atomic orbital ¢, within the molecular orbital ;.
We can use these coefficients to obtain the wavefunction with the lowest energy, allowing
for the application of the variational principle.

The following sections briefly outline how basis functions which are applied in this thesis

are constructed.
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2.3.1 Gaussian basis sets
The use of Gaussian functions to represent wavefunctions was first introduced by Boys,!!°
enabling ab initio wavefunction evaluations to be realised. Their essential advantage is that
multiplication and addition of two Gaussians leads to another Gaussian, aiding
computational efficiency and integral evaluations. The form of Gaussian type orbitals
(GTOs) is shown in Eq. 2.19

vy, 2z a,i,j, k) = Nxlylzke=a(*+y*+z%) (2.19)
where N is a normalisation constant, x, y and z represent cartesian coordinates and i, j and
k are integers, with s-type orbitals fori = j = k = 0, p-type fori + j + k = 1 and d-type
fori + j + k = 2. The use of Gaussian basis sets to describe wavefunctions seems curious,
as the qualitative shape of individual Gaussians do not resemble 1s orbitals, which exhibit
a cusp at the nucleus where Gaussians do not, and decay much slower than GTOs. This is
resolved through the linear combination of GTOs, first determined for a selection of atoms

by Pople et al.,'!! defining basis functions such as ¢

M
¢ = Z diy(x,y,2; i, j, k) (2.20)
i

with coefficients d; chosen to represent the atomic orbital correctly. These coefficients d;
are held fixed while the a coefficients in the exponent are free to vary. This basis set is
known as STO-MG with M the number of GTOs used to make up ¢, which represents
atomic orbitals.

Basis functions as shown in Eq. 2.19 are not sufficient to describe changes in valence
orbitals, as they do not allow for the electron density to adjust in response to the surrounding
atoms. Therefore, multiple functions with different exponents and coefficients are used to
describe valence orbitals, allowing for greater flexibility. This approach is known as split-

valence, where ‘tight’ functions with high a values and ‘loose’ functions with low « values
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are combined to describe valence orbitals. We will describe the common notation of split-
valence basis sets through an example. The 6-31G'!'>!!3 basis set uses M = 6 gaussian
functions for core orbitals, while valence orbitals are described through a linear
combination of 3 inner valence or ‘tight’ and 1 outer valence or ‘loose’ function of the form
of @; the letter G only indicates that Gaussian functions are used.

Polarisation functions must also be added to our basis set for improved molecular
descriptions. This is typically addressed by adding further GTOs with higher quantum
numbers of angular momentum. If we were to add a single polarisation function, s-type
orbitals would be additionally represented by p-type polarisation functions and p-type
orbitals by d-type polarisation functions. The nomenclature for such a basis set would be
6-31G(d,p), the first letter denoting atoms heavier than He and the second letter H and He
atoms.

Finally, diffuse functions are often added to allow for electrons to lie far from the nucleus;
their use is signalled through a ‘+’ sign. In this thesis, we have applied the 6-31+G(d,p),
meaning atoms heavier than He have been described by an additional one s and one set of
p-functions with small a.

In our study of molecular OER catalysts, we have used a 6-31G(p) basis set for C and H
atoms and a 6-31+G(d,p) for the more electronegative N, O, F and Cl atoms. The choice of
this basis is founded upon previous studies which found that, when using DFT, this basis
set size has produced good results in organometallic reactions.!!!!3

In the next section we outline how we described the metal centres of the molecular
catalysts, which are of utmost importance.

2.3.2 Effective core potentials

In the case of transition metals, the large number of electrons associated with such atoms

and the relativistic speeds of core electrons make describing an appropriate GTO difficult.
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Therefore, analytic functions, called effective core potentials (ECPs) are often used to
describe the core electrons of these heavier elements. In our case, we have applied the
LANL2DZ''¢ ECP for transition metals, where the DZ denotes a double-zeta or
synonymously split-valence description of the valence electrons. In tandem with this ECP
and basis set, we have used the optimised coefficients for the accompanying f-type
polarisation functions.!!”

2.3.3 Mulliken population analysis

To assess the number of unpaired electrons in the system we have used the Mulliken charge

scheme, 18121

which uses the concept of LCAOs. We outline the algorithm using an
example for a diatomic molecule with a normalised MO, y; which can be written in terms
of their respective spin orbitals, x, and yg
Y; = CiaXa * CipXp (2.21)
we then describe the charge distribution by squaring this wavefunction
YE = ciuXe + CipXp + 2CiaCipXaXp (2.22)
integrating over all electronic coordinates, and using the fact that the spin orbitals and MOs
are normalized
1=cf, +cly + 2CiaCigSap (2.23)
where S, denotes an overlap integral. In the Mulliken interpretation, one electron in the
MO contributes c?, to spin orbital y, and Cl-zl; to spin orbital yz. For open shell systems
with unpaired electrons, we take the difference between spin up and spin down Mulliken
charges, and take this to be the spin density on a given atom. This is a simple scheme to
calculate charge populations, however, it suffers from method-dependence since it is
sensitive to the representation applied for a given problem such as the method or the type

of basis set.!??
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2.3.4 Plane wave basis sets
We use plane wave basis sets as a brief proof of concept that scaling relations derived from
localized basis sets are also seen for other types of basis sets. Therefore, we provide only a
brief overview of the theory behind plane wave basis sets. If we consider the system for
which we solve the Kohn-Sham equations to be periodic so it can be defined as an infinite,
regular lattice, we can make use of Bloch’s theorem.'?* This theorem determines that
eigenfunctions, (1), of a periodic Hamiltonian can be written as a product of e**7 - with
wavevector k in the first Brillouin zone — and a function, u(r) with the same period as the
lattice. The Brillouin zone defines the unit cell which contains all points in reciprocal space
and are closer to the origin than to any other point of the reciprocal lattice. We can respect
iKr

the periodicity of u by setting it proportional to e**™, with K the lattice vector in reciprocal

space. This leads to plane waves of the form,

() = Z ci ettt (2.24)

K

with n labelling which Brillouin zone the eigenfunction represents. Since working with
infinite basis sets is impractical, we must restrict the summation in Eq. 2.24 by setting a
maximum K,,,,, while taking considerations for the appropriate form of the wavefunction.
Concretely, K, 4, must be large enough to describe changes of the wavefunction over small
regions of real space. We will refer to K,,,,, through the energy cut-off, E_,,; shown in Eq.
2.25.

hz Kr%lax

Ecut = Zme

(2.25)

For core electrons, plane waves are impractical since their wavefunctions vary over a very
short distance, so pseudopotentials must be used to represent wavefunctions for those
electrons. In this report, we have employed the widely used projected augmented-wave

pseudopotentials. 24125
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2.4  Potential energy surface

To apply these sophisticated mathematical treatments to real-world experimental data we
need to introduce a way of considering all possible arrangements a molecule can take up.
To do this we introduce the concept of a potential energy surface (PES) represents the
potential energy of a set of atoms over their possible configurations. This is a 3N — 6
dimensional surface where N > 3 and denotes the number of atoms. The points which
represent the ground state on these surfaces are the local minima, where all first order
derivatives are zero, and second order derivatives over the potential energy surface are
positive. In practice, quantum chemical codes require that the derivatives are below a
certain user-defined threshold and are confirmed as true stationary points by performing
frequency calculations which determine the curvature at a point in the PES by calculating
the curvature along cartesian nuclear coordinates. Another interesting concept which we
use in this thesis is the saddle point of a PES where all but one coordinate — the reaction
coordinate — with a negative second derivative along that coordinate and with all first order
derivatives are zero. This saddle point in the PES then defines the geometry of the transition
state along that reaction coordinate, a coordinate which we define as a specific bond
distance throughout this thesis, though this could in principle be any coordinate. To
calculate the activation energy, we calculate the difference in energy between this saddle
point and the global minim preceding it.

2.5  Modelling the solvent

Catalytic reactions of relevance to the OER are carried out in solution, not in vacuum
conditions as we assume in calculations, and moving from the gas phase to the solvent
phase can greatly impact a chemical reaction. The energy of solvation can completely alter
the PES with respect to the gas phase.!?® Water is of particular relevance to the OER and

can play a non-innocent role in chemical reactivity and can participate in oxygen
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evolution.!?” We could account for this effect by adding water molecules explicitly, so as
to enclose molecular OER catalysts within a layer of solvation. However, this approach
quickly runs into problems. In particular, the first solvation shell can require hundreds of
waters; we also do not have an unbiased method of choosing the correct number of water
molecules to solvate arbitrary molecules the same way and sampling all possible energy
minima is intractable with current computational resources.
This difficulty has led to the development of computationally efficient schemes of treating
the effect of the solvent by means of continuum models. We perform this by representing
the charge distribution of the solvent as a continuum with a dielectric constant. As such,
these implicit solvation models account for electrostatic and non-electrostatic interactions
between solute and solvent without considering explicit solvent molecules. These models
define a solvation energy 4GS which is broken down into three contributions as in Eq. 2.26

AG? = AGgyp + Geps + AGgonc (2.26)
where the AGgyp term denotes the difference between the gas phase and liquid phase structure in
electronic (E), nuclear (N) and polarization (P) components of the free energy. The G.ps term
relates to the solvation energy change arising from solvent cavitation, (C) dispersion (D) and
changes in the structure of the solvent (S). The AGZ,,. term then is a result of the concentration
change between gas and liquid-phase standard states.
A linear isotropic nonhomogeneous medium to form cavities is then defined as'?8

V- (eVP) = —4mps (2.27)

where ¢ is the dielectric constant, @ is the electrostatic potential and py is the charge density

of the solute, where each value is set on the points of a discretized grid. Since the solution
of Eq. 2.27 depends on the solute charge density, it must be solved iteratively, in a

procedure known as the self-consistent reaction field (SCRF) scheme.!2%-130
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In our studies, we have used the SMD solvent model,'3! which, like most implicit solvation
models also accounts for solute-solvent interactions which are not electrostatic in nature.
This is performed by considering the amount of solvent-accessible surface area to be
linearly related to solvation energy interaction, a reasonable assumption based on
experimental investigations of solvation energy.!*? This area is found by considering
atomic van der Waals radii of the solvent molecule. The area where a given atom meets the
solvent is included in a parametrized function which also contains values representing atom
specific parameters, pairwise atomic parameters as well as solvent specific parameters such
as its refractive index. Through the use of linear regression, this function is fit to 2,821
experimental solvation energy datapoints.!3!

As well as the solvent effects, we must also consider the conditions within electrochemical
environments, as outlined in the next section.

2.6  Modelling electrocatalysis

The working condition of an electrochemical cell is dynamic, with an applied bias,
electrical double layer, electrolyte-electrolyte and electrode-electrolyte interactions. How
can we use DFT calculations to account for this? In the following we will describe the
theoretical background justifying our use of the thermodynamic potentials used throughout
this thesis.

2.6.1 Thermochemistry

The spontaneity of a reaction can be determined by calculating the Gibbs energy difference,
AG, between reactants and products. We calculate the electronic energy from KS-DFT (E),
and use statistical thermodynamics to determine the zero-point vibrational energy, ZPE

and the entropic contributions, S, to arrive at G as in Eq. 2.28

G=E+ZPE+PV—TS (2.28)
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for a given temperature T. For molecular systems, the common practice is to consider the
translational, rotational, vibrational and electronic contributions to the entropy.!3* We often
treat AV term as negligible, and as such approximate the energy as the enthalpy. The
common approach in computational surface catalysis is to only account for the vibrational
and electronic contributions of the adsorbate. This can be introduced, for example, via the
thermochemistry package in the Atomic Simulation Environment.!3*

2.6.2 Computational hydrogen electrode model

In this thesis, we have applied the computational hydrogen electrode!'*> (CHE) model to
the problem of attempting to describe the environments under which electrochemistry
occurs. Setting the reference potential to the standard hydrogen electrode (SHE), the CHE
model equates the Gibbs energy of one half the hydrogen molecule to that of a proton and

electron pair because these species are taken to be in equilibrium at 0 V. Thus, we assume

the solvated protons and electrons are in equilibrium with gas phase hydrogen
1
H*(aq) +e™ = EHZ(g) (2.29)

Expressed in terms of chemical potentials:

1
Hut(aq) T Ue- = E,qu(g) (230)

We can express these chemical potentials of these species in terms of the activity of the

protons, ay+, which relates to pH, Boltzmann’s constant k and the shift in electron energy

assumed when a potential Uis applied and the partial pressure of hydrogen in the system
DH,(g) aS:

Hi*(ag) = B+ (aqy + keTlnay+ (2.31)

He- = po- —eU (2.32)

Hio) = Mity () + ks TInDn, o) (2.33)
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Where the ;110# (aq)’ ,ug_, and ”glz(g) values denote the chemical potentials at standard
conditions, i.e. (sz(g) =1bar, ay+ =1, T =298.15K). At these conditions the

standard state chemical potentials are equal, and therefore, we can calculate the chemical
potential of hydrogen in the gas phase using DFT.
To model water in the liquid phase, which is relevant for OER, we make an approximation
by calculating the internal energy of water in the gas phase using DFT but calculating the
chemical potential at T = 298.15 and 0.035 bar, conditions at which gas and liquid water
are in equilibrium.

Hu,00) = HH,0(g) (2.34)
Finally, the effect of the electric field imposed by the double layer can be neglected when
the dipole moment of the adsorbate considered is sufficiently small.!3>13¢ This method,
therefore, allows for approximate calculation of the PCET steps involved in an
electrochemical reaction through DFT calculations.!3’
2.6.3 Modelling the oxygen evolution reaction
Through application of the CHE model and the calculation of the Gibbs energies, we can
evaluate the elementary steps of the OER process. For example, take the first PCET which
involves the formation of an HO* intermediate, we can obtain the Gibbs reaction energy
for this step as:

H,0 +%—> HO*+ H" + e~
AGy = Guor + Up+(aq) T Hem — Gu — U0 (2.35)

Where G+ and G, represent the Gibbs energies of an active site with and without HO*

respectively. Using Egs. 2.31, 2.32 and 2.34:
AGy = Go* + Uy (aq) + kpTlnay+ + pd- — el — G, — py,0(g) (2.36)
Then, using Eq. 2.30 and the fact that we can express the chemical potentials of hydrogen

and water in the gas phase using their DFT-calculated energies, Ey, () and Ey, (g)
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1

Where we have collected the entropic and zero-point energies from each of the four species
into AZPE and —TAS. We then gather the calculated terms on the right-hand side of the
equation and denote them as AGyp+ = Gyo* — G,

H,0 +x > HO* + HY + e~
AGl ES AGHO* + kBTln aH+ - eU (2.38)

The subsequent step in the OER is the PCET involved in the oxidation of the HO* species
to O*, and by applying the same logic as in Eq. 2.34 we arrive at the following equation:
HO* - 0*+H*+e”
AG, = Eg«—Eyo- +% Ey,(gt AZPE —TAS + kgTinay+ — eU (2.39)
Once more we collect the terms and use the fact that the G, terms in the binding energies of
AGy- and AGy+ cancel, and to derive Eqgs. 2.40-2.42 we appropriately balance Ey, o (4) and

Ey,(g) depending on the reactants and products involved:

HO* - O0*+H" —e~
AG, = AGy- — AGyor + kT Inay+ — eU (2.40)

O0*+ H,0 > HOO*+H" — e~
AGs = AGyoor — MGy + kT Inay+ — eU (2.41)

HOO* -» 0,4+ H* + e~
AG, = Gp, — AGypo* + kT Inay+ = 4.92 eV — AGypor — eU + kgT Inay+ — eU
(2.42)

where AGyp+, AGy+ and AGy o+ are the binding energies of each OER intermediate, and
Go, 1s replaced by the experimental Gibbs reaction energy of 4.92 eV due to known issues
in describing the triplet ground state of molecular oxygen with DFT.!3® This simplification
is further justified since the dissociation of the oxygen molecule is rarely limiting. We use
T =298.15K,pH =0,P =1bar and U is potential against the normal hydrogen

electrode.
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The theoretical overpotential, ¢xe0r., 1S then found through Eq. 2.43 where 1.23 V is the
thermodynamic potential of the OER versus the reversible hydrogen electrode (RHE).

max(AGy—_,)
Ntheor. = % —1.23 [V] (243)

we have V in square brackets to denote the application of U = 1.23 Vzyg. To model the
Gibbs energy change associated with a molecular one-electron oxidation, we have used Eq.
2.44, where we denote the oxidized species as Gy«

AGoy = G4y — G, + eEgy (2.44)
In Eq. 2.44 E, ¢ is the value assigned to the normal hydrogen electrode potential in water
referenced in vacuum, for which we used a previously calculated value of —4.28 V.13° The
method applied to arrive at this value uses the absolute solvation Gibbs energy of the proton
calculated using the cluster pair approximation method. Enthalpy and entropy corrections
are then added by numerically solving equations from Fermi-Dirac statistics.!*® This
method showed appreciable agreement with previous studies of iron-based molecular water
oxidation catalysts.!4!
Since activation barriers are not calculated in this thermodynamic analysis, N¢neor
represents a lower bound for the expected onset potential of OER, since the kinetics
determine the overpotential. However, provided BEP relations®* between reaction and
activation energies hold, this analysis indirectly highlights where the highest transition state
energy is expected to be.’> Furthermore, the activation energies of the HO* — O* have
been found to correlate to the reaction binding energies in a study of transition metals'*?
and these barriers have also been shown to be on the order of 0.2 eV in a study of the

143 For these reasons, we

electrochemical oxygen reduction reaction over a Pt(111) surface.
neglected investigations into these activation barriers because such calculations require the

modelling of explicit solvent and are computationally-intensive. As such, including these
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calculations would not be amenable to high-level analyses of trends across molecular OER
catalysis.
2.7 Thermodynamic stability of inorganic solids
An inorganic solid is defined by its structure and composition. Given these, we can use
DFT to calculate a ground state energy, which is defined by that energy associated to the
most stable arrangement of atoms for a given composition.
The stability of a structure A, B, in its ground state can then be forecast using its formation
energy, AEf, defined as the energy difference between the structure and the separated
constituent parts

AE¢a,p,) = Eap, — aEq — DE, (2.45)
This value is less than zero if A,B;, does not segregate into phases A and B, and greater
than zero if it does. This quantity is not enough to determine whether a material is
thermodynamically stable, for this we need to consider all possible linear combinations of
ground state formations energies of A and B phases, as well as any material in the A — B
chemical space. Creating a phase diagram in some quantity x, where this is often the molar
concentration of a given element, we can create what is known as the convex hull which is
formed from the lower envelope joining all datapoints across this chemical space, as shown
in Figure 2.1. This lower envelope defines the boundary region of thermodynamic stability,
with AE},,;; representing the distance to the lower hull at a given point in the phase diagram.
For instance, the MnO5 datapoint shown in Figure 2.1 is an example of a material which is
above this lower envelope and thereby unstable, while Mn, 05 is an example of a material

which is on this lower envelope and stable; it is said to be on the hull.
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Figure 2.1. Convex hull phase diagram for the Mn—O system, with AE values calculated

as in Eq. 2.45, and the convex hull connecting the points with AE,,;; = 0. A material with
formula MnO; predicted to be above the convex hull is also shown to illustrate AEy,,;;
qualitatively. Data is taken from the Materials Project database.®> Blue/red points represent
materials that are predicted to be stable/unstable with respect to phase segregation on the

basis of the convex hull diagram formulation.

A material is predicted to be stable, then, if AEj,;; = 0, meaning there is no linear
combination below that material on the convex hull and is said to be on the hull. We note
here that there are many known materials with values of AEj,;; > 0 which are denoted
metastable.!* The scale of acceptable measures of metastability differ across chemistries.
Some known, stable oxides exhibit calculated values of AEj,; on the order of 50
meV/atom, this is reasoned to be because known metastable materials are the result of
syntheses processes which allowed a given material to be the lowest Gibbs energy phase at
some point in the synthesis.!#*

DFT considers systems in vacuum at 0 K, so formation energies calculated from it can be

mapped to formation enthalpies, AHf, by including zero-point energy corrections and
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integrating the heat capacity at constant volume up to the appropriate temperature. To
model the Gibbs energy, we also need to consider entropy contributions, with vibrational
entropy being the primary source of this contribution in most cases.!** The internal energy
E, H and G are related as:

G=H-TS=E+PV-TS (2.46)
where P, T,V and S represent the pressure, temperature, volume, and entropy of the system,
respectively. When considering the relative stability of condensed phases at standard
pressure, the PV term is small and often neglected, and at 0 K we see that G then simplifies
to E, which we can calculate with DFT. This analysis applies to closed systems, but we can
extend this formalism such that it can treat varying compositions as a function of chemical
potential under the grand chemical potential phase diagrams.

2.7.1 Grand chemical potential phase diagram
By modelling E and determining AE},,;; values we can determine phase equilibria at a given
controlled composition, often the environments of interest are controlled by a specific
synthesis parameter such as the chemical potential of oxygen, p,. This parameter can, for
instance, be varied by temperature or changes in oxygen environments such as N> or Ar
atmosphere or, as is relevant to OER catalysts, by varying the applied potential. To
introduce o, into a different thermodynamic potential than Eq. 2.45 we first need to
incorporate the compositions of the constituent elements. The relevant thermodynamic
potential to consider competing phases with respect to an oxidizing or reducing
environment is the oxygen grand chemical potential, ¢, developed by Ceder et al.'*¢ and
defined as

@(T,P,Ny, Ny, pio,) = G(T, P, Ny, Np, tio,) — tto,No, (T, P, Na, N, 1o, (2.47)
for a hypothetical A — B — O system, where we use Ny/p = x4/5/(Ny + Np + Np) where

Xa/p = Nasp/(Ny + Ng) to normalize with respect to number of particles in the system
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using With these terms can normalize with respect to A — B composition, and neglect the

PV term to:

E—-TS — ‘uOZNOZ
Ny + N

@(T, P, x4, x5, to,) = (2.48)

To handle the entropic term, we assume that phase equilibria will occur through absorption
or loss of oxygen gas, so that the entropy of this gas is taken to be the primary contribution,

whose effect can be captured by the oxygen chemical potential:

Po,

p
to, (T, Po,) = to, (T, po) + lenf ~ ho, (T, po) — T(S0,(T,po) — kin > ) (2.49)
0

0

With p,, the partial pressure of oxygen, p, a reference oxygen partial pressure, (o, (T, po),
ho,(T,po), and s, (T, py) are the chemical potential of oxygen, enthalpy and entropy per

molecule at a given temperature and at the reference oxygen partial pressure. The

expression in Eq. 2.50 then simplifies to

E — ugN,
@(T' Pl xAI xBi.uO) =~ ﬂ (250)

Using Eq. 2.50, the effect of outside influences such as temperature and oxygen partial
pressure on a multicomponent phase diagram can be captured by a single variable: y,. This
approach was developed to study Li — Fe — P — O phase equilibria,'*® which is highly
technologically relevant for battery applications. Just as in Figure 2.1, we can calculate

grand chemical potential formation energies @ within a chemical system, for varying
values of up, from which we can a convex hull analyses and calculate @y,,;; within varying
potential spaces. This approach has seen extensive use in screening for applications in Li-
ion battery technology.!47:148
2.7.2  Pourbaix energy

Marcel Pourbaix reported an atlas of data for almost every element in the periodic table,

wherein it showed the species present for a given pH and redox potential in aqueous
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solutions;'* such diagrams are widely known as Pourbaix diagrams. To extend the analyses
in the preceding section, which only consider solid-solid equilibrium, and to plot such
Pourbaix diagrams, we require the Gibbs energy of potential redox reactions, 4,.G°, for a
binary A — B system in aqueous media, which can be generally represented as

aA(s) + bB(s) + cH,0(l) - [A,B,0.H;]™(aq) + (2c —d)H* + (2c —d + m)e~
(2.51)

where a, b, ¢ and d represent stoichiometric coefficients for A, B and O and m is the charge
of the formed aqueous species [4,B,0.H;]™. Using the Nernst equation, we can then
relate the reaction Gibbs energy change to the charge transferred as:

—(2¢c—d+m)FE° = A,.G° + RTInQ (2.52)
Where Q is the ratio of the activity of the reaction product and reaction reactants, at
chemical equilibrium this is equal to the equilibrium constant of the electrochemical half-

reaction, writing this explicitly:

(a[agp,o0Hal™ (a,+)%¢74
= A,.G° + RTI [ Ab < i ] 2.53
T n (@aa(s)*(ap(s)P(@n,0)¢ ( )
then, expanding the a,+ term using the nature of logarithms we arrive at:
— 4.G° + RTIn [ (AtaqB,0cal™) ] —2.303(2c — d)RTpH (2.54)
(@aa(s)*(ap(s)P(an,0)¢

Where F is the Faraday constant, E° is the cell potential, R the ideal gas constant pH =
—log[pH™*], and a; denote the activities of the respective reactants and products in Eq.
2.52. In practice, identifying the redox reaction for which the difference between the
expressions on the left and right in Eq. 2.52 is minimized identifies the range of potentials
and pH at which a certain aqueous species or solid phase is stable. Using this insight,
Persson et al. developed a method which uses experimental redox reaction energies in the
atlas from Marcel Pourbaix to correct DFT-calculated redox reactions involving aqueous
species. Then, they combined these corrected energies with DFT calculations for solid

phases to correct 4,.G° and create computationally-derived Pourbaix diagrams.>
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To consider metastable materials,®' we introduce the term Pourbaix hull energy AG,;, as:

AGppy = A4,G° + RTINQ + (2c —d + m)FE® (2.55)
which is taken as a measure of instability at a specified pH and applied potential. Hence, a
large AGyy,, value indicates there is a higher driving force towards whatever redox reaction

is on the hull formed by the formation energies of the solid and aqueous phases. This

method has been used to identify novel materials!®® and screen for OER

electrocatalysts.’!-7

2.8  Materials Project data

In Chapters 7 and 8, we use data and tools provided by the Materials Project. In this section,
we describe how this information is calculated. Firstly, we note that any large-scale
computational materials database needs to tackle the issue of defining a uniform calculation
scheme. In the case of the Materials Project, it contains millions of calculations using the
Vienna Ab Initio Simulation Package (VASP) implementation of the computationally
amenable GGA-PBE functional, and applies the rotationally invariant approach of
Dudarev!'?” to GGA+U for cases where localized d or f-states should be considered. In
particular, the energies are calculated using the PBE+U level of theory for V, Cr, Mn, Fe,
Co, Ni, Mo, and W-containing oxides, while all other materials are calculated with PBE.
To define the U value the formation energies of unary oxides were calculated over a range
of U and the value which minimized the discrepancy between experiment and computation

was taken.!08

Issues with this approach have been outlined previously, since the DFT+U
approach is motivated by correctly localizing electrons, not reproducing energies, so fitting
the Hubbard U such that it reproduces experimentally observed localized electronic
structures of defects is more appropriate.!®! In any case, the MP primarily concerned with

thermodynamic energetics, so their scheme may be more appropriate for their use case, and

we provide the values they use in Table 2.2.
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Table 2.2. Values for DFT+U used in the calculations of MO, oxides in the Materials

Project.!®

Co 332 Cr 3.7
Fe 53 Mn 39
Mo 438 Ni 6.2
Vo 325 W 62

The kinetic energy cutoff — E,,,, in Eq. 2.25 — for calculations in MP is set by multiplying
by 1.3 the highest cutoff recommended by the pseudopotentials used for the set of elements
being simulated. Their force convergence criteria are found by taking the product of the
number of atoms in the cell and 0.0005, for units in eV/atom. To mix PBE energies with
those calculated with PBE+U, a per metal correction scheme is applied in Materials Project
for any reaction which mixes these two methods such that the error in binary formation

reactions energies is minimized.!*?

Finally, an adjustment of —0.687 eV per O atom is
included to correct for issues with correlation and the systematic underestimation of
oxidation enthalpies in the GGA+U framework, as noted by Wang et al.!*®

For further details on specific heuristics used by MP, which at the time of writing, could be

found at:

https://docs.materialsproject.org/methodology/materials-methodology/calculation-details.
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Chapter 3  Objectives

The overarching thread binding this thesis is the use of DFT and data-driven techniques to
understand fundamental thermodynamic constraints which limit both molecular and
heterogenous OER catalysts. In each of the following subsections, we briefly summarize
the aims of the research presented in this next chapters while outlining the rationale for
their being studied.
3.1 Scaling Relations and Novel Descriptors for Molecular Water Splitting
Molecular catalysts for the OER are the most active catalysts in terms of activity (i.e.
turnover frequency, TOF), but they suffer from poor stability and electron transport. Most
computational studies focus on heterogeneous OER catalysis, with few reports focusing on
their homogeneous counterparts. Thus, we began our studies by modelling a set on
experimentally realized molecular catalysts and applying methods commonly used in
heterogeneous catalysis to:

e Determine whether linear scaling relationships between binding energies can be

derived for homogeneous catalysts and compared with heterogeneous systems.
e Rationalize the exceptional activity of the most active Ru-based molecular catalysts.
e Develop design principles to enable the search for complexes which can catalyse the
OER efficiently.

3.2 Activity and inactivity towards water splitting in molecular complexes
Based on our study of experimental catalysts, we noted that we had been predicting one
well-known Fe-based catalyst to be very inactive. To understand and correct this we carry
out a more in-depth analysis of this family of complexes by considering more than one

active site. In doing so, we aim to rationalize:
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e The source of inactivity among Mn, Co, and Ni-based catalysts with the same ligands.

e The source of activity among Fe-based catalysts with different ligands.

e The source of instability due to off-cycle reactions which are the source of instability

for the molecular catalyst.

33 Screening molecular water splitting catalysts
Using the design principles described upon completing our study of experimentally known
molecular catalysts described in section 3.1, we set out to generate hypothetical complexes
generated through combining different ligands arranged in different geometries which were
then tested for their ability to catalyse the OER at low overpotentials via the ‘extra oxidation
mechanism’. As a result of this, we aimed to:

e Study whether linear relationships between binding energies across different DFT

methods.

¢ Identify efficient catalysts for experimental testing.

e Rationalize metal-specific scaling relations between specific binding energies.
34 Ocxidation state analysis for binary oxide stability prediction
Turning our attention to heterogeneous catalysts, we focused on using materials databases
to develop a predictive theory of oxidation state changes as a source of stability in binary
oxides. We chose to use pre-existing data instead of studying specific systems due to the
vast swathes of investigations already available on heterogeneous OER catalysts.
Furthermore, most studies of oxides for OER focus on reactivity while ignoring materials
stability, which is a more discriminative property for acidic oxygen evolution. With this in
mind, we set out to do the following:

¢ Understand the stabilising influence of oxidation state changes in binary oxides.

e Develop a model to represent this influence and allow for formation energy

predictions.
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e Validate the model against pre-existing data in the computational materials
databases, namely the Materials Project.

3.5 High-throughput screening of binary oxides for acid stable water splitting
Discovering a catalyst which exhibits activity comparable to platinum group metals for
acidic oxygen evolution, while also retaining material stability, would be of exceptional
value due to the improved efficiency of PEM electrolysers.!**!3* This motivates an
application of our oxide stability predictor to forecast which elements represent the most
promising candidates to reduce or eliminate precious metal content for acidic oxygen
evolution. To do this, we define two clear goals:

e Define a scheme to determine whether to classify a material as acid stable for the
OER and determine where our model can and cannot identify known acid stable
oxygen evolution reaction catalysts.

e Gather cross-periodic table statistics for material stability under acidic conditions and

high applied potential.
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Chapter 4  Scaling Relations and Novel Descriptors

for Molecular Water Splitting

4.1 Introduction

Molecular catalysts for the oxygen evolution reaction exhibit the highest turnover
frequencies amongst all catalysts.?® This motivated a study of a representative snapshot
within molecular OER catalysts to compare against commonly applied methodologies used
for heterogeneous catalysts. With this aim, we curated the literature for molecular OER
catalysts for seminal works reporting discovered molecular catalysts which were
significant advances, while also respecting our desire to represent as much chemical
diversity as possible. With these objectives in mind, we will enumerate a brief history of
molecular catalysts via the catalysts which are studied in this chapter. Each of the
subsequently mentioned complexes are labelled M-I, with M denoting the metal and I a
labelling number which will be denoted in Arabic numerals, where we have grouped
catalysts by metal, and shown in Figure 4.1.

The first reported molecular catalyst for OER was the so-called ‘blue dimer’!> from Meyer
(cis,cis-[(bpy)2(H20)Ru(III)ORu(III)(H20)(bpy):]*"; bpy=bipyridine) and co-workers in
1982, which consisted of two octahedrally-coordinated Ru atoms connected through a
bridging oxygen, we refer to this complex as Ru-1. The redox flexibility of this system in
having two Ru sites to oxidize was used to justify the observation of the impressive activity
of Ru0,, a highly active heterogeneous catalyst for the OER. Another dimeric catalyst
based on Mn [(terpy)(H2O)Mn(III)(O)>Mn(IV)(H20)(terpy)](NO3)3; terpy=2,2":6,2"-

terpyridine) was reported in 2001 by Brudvig et al;'>® this complex, which we denote as
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Mn-10, draws similarities with the oxygen evolving complex found in chlorophyll and is
composed of dimeric Mn centres in a Mn,CaOs unit. One of the first synthesized
mononuclear catalysts was reported in the group of Thummel, where again the catalyst was
ruthenium-based, and we denote as Ru-2. Dimer formation drove the O—O bond formation
in Ru-2, and no report of a reaction catalysed through a single site mechanism was reported
until 2008 when Meyer and co-workers used [Ru(tpy)(bpm)(H.0)]** and
[Ru(tpy)(bpz)(H20)]** (tpy is 2,2":6',2"-terpyridine; bpm is 2,2-bipyrimidine; bpz is 2,2'-
bipyrazine) and noted the existence of Ru(V)=0O-enabled mechanism.'”’ In 2011,
exceptional activity was observed by the groups of Sun and Llobet?>!>® within a family of
Ru-complexes with a common tetradentate equatorial ligand (2,2'-bipyridine-6,6'-
dicarboxylic acid) with varying axial ligands exhibiting TOF values up to 300 s™! prior to
deactivation. This group of catalysts are denoted Ru-4, Ru-5 and Ru-6 in Figure 4.1. Then,
ligand-mediated water oxidation was proposed to occur for another Ru-based catalyst with
two benzimidazole-based tridentate ligands, which we denote as Ru-7 and Ru-8,' and
displayed TOF and TON values similar to those reported by Llobet and co-workers.!
Further improvements in TOF were observed, again by Llobet and co-workers, by using a
similar tetradentate ligand as in Ru-4, Ru-5 and Ru-6, with a key difference in that there
was a dangling carboxylate arm, thought to facilitate O—O bond formaition.!'®°

Mononuclear Mn-based catalysts bearing pentadentate anionic ligands were developed by
Brudvig et al.'®" which could stabilize high valent Mn up to Mn(V); we refer to the two
complexes reported in that work as Mn-11 and Mn-12. Iron-based catalysts consisting of
a single metal centre began to be discovered as a tetraamido macrocyclic ligand
coordinating iron commonly referred to Fe-TAML and denoted as Fe-13 in this chapter.'®?
This catalyst exhibited a TOF of 1.3s™!, although it degraded within minutes under relevant

reaction conditions.'®? Lloret-Fillol, and co-workers then reported a family of Fe-based
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Figure 4.1. The set of molecular catalysts studied in this chapter, and the nomenclature and
citation which is the first report of OER activity for the respective complex. The 4-picoline

ligands in Ru-2, Ru-6, Ru-7and Ru-8 have been replaced by “pic” for clarity.
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molecular OER catalysts with tetradentate ligands and two active sites in a cis position,'%3
seen as Fe-14 in Figure 4.1. Although the initial TOF for these catalysts were low, being at
most 0.1 s”!, they had lifetimes on the order of hours. In any case, these represented the
highest activity achieved for a homogeneous catalyst without Ir or Ru and spurred on the
development of other earth abundant molecular OER catalysts. In the same year, Co housed
within a pentadentate ligand was found to catalyse water oxidation,'®* denoted as Co-16. .
More recently, multidentate Cu'® and Ni'® catalysts have been reported, labelled as Cu-
15 and Ni-17, respectively.

Mononuclear Mn-based catalysts bearing pentadentate anionic ligands were developed by

Brudvig et al.'®!

which could stabilize high valent Mn up to Mn(V); we refer to the two
complexes reported in that work as Mn-11 and Mn-12. Iron-based catalysts consisting of
a single metal centre began to be discovered as a tetraamido macrocyclic ligand
coordinating iron commonly referred to Fe-TAML and denoted as Fe-13 in this chapter.!'®?
This catalyst exhibited a TOF of 1.3s™!, although it degraded within minutes under relevant

reaction conditions.!®?

Lloret-Fillol, and co-workers then reported a family of Fe-based
molecular OER catalysts with tetradentate ligands and two active sites in a cis position,'®3
seen as Fe-14 in Figure 4.1. Although the initial TOF for these catalysts were low, being at
most 0.1 s”!, they had lifetimes on the order of hours. In any case, these represented the
highest activity achieved for a homogeneous catalyst without Ir or Ru and spurred on the
development of other earth abundant molecular OER catalysts. In the same year, Co housed
within a pentadentate ligand was found to catalyse water oxidation,'®* denoted as Co-16. .
More recently, multidentate Cu'®® and Ni'% catalysts have been reported, labelled as Cu-
15 and Ni-17, respectively.

In the case of the Ru and Mn dimer catalysts investigated in this thesis, we only considered

one active site for simplicity and kept the investigation for specific molecules uniform in
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that we only vary the intermediates at a single site. In addition, we did not consider Ir-based
molecular catalysts since most of these systems featured pentamethylcyclopentadienyl
(Cp*) ligands'67-16% and their integrity has been shown to be compromised under OER
conditions, %1 despite some of them show considerable OER activity. More complex and
unique systems with multi-metallic centres were also discarded due to the multiple distinct
valence states and active sites which would have to be considered prior to oxygen
evolution.*

Computational studies which focus on molecular OER have reported scaling relations for
a few model molecular systems bearing a corrole, porphyrin ligands and functionalized

170-172 Hut the generalization of these relations to catalysts featuring

graphitic materials,
different metals and ligand scaffolds, as well as the applicability of the OER descriptor, is
yet to be demonstrated. In this chapter we study the existence of universal scaling relations
for the experimental catalysts depicted in Figure 4.1 and intends to rationalize this
exceptional activity using methods from heterogeneous catalysis, while also investigating
whether molecular catalysts can take advantage of the second coordination sphere to
stabilize the HOO* intermediate, as has been proposed recently.!”

To summarize the experimental activity of these complexes, we provide TON and TOF
values for each catalyst, where possible, in Table 4.1. While we note that the results are
very sensitive to reaction conditions (e.g. catalyst concentration, oxidant concentration,
whether the catalyst is oxidized chemically or electrocatalytically, pH), we still feel it is
instructive to note their relative differences and assume that these values represent some
optimal performance across these conditions. We also note in Table 4.1 that there are empty

values since in many cases experimental studies do not report the TON and TOF values,

which precludes comparison between catalysts.
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Table 4.1. Reported experimental TOF (in s™') and TON values for the set of catalysts

shown in Figure 4.1. Unless states otherwise, each catalyst was oxidized using chemical

oxidants. References were the reported values can be found are provided.

Catalyst TON TOF  Ref.
Ru-1 - - 155
Ru-2 580 - 174
Ru-3 8 0.02 157
Ru-4 8360 303 25
Ru-5 4500 286 158
Ru-6 2010 32 25
Ru-7 800 1 159
Ru-8 4000 >7 159
Ru-9 27e6 8000 160

Mn-10 ~5lal 0.01 175
Mn-11 ~5lal 0.001 161
Mn-12 ~5lal 0.05 161
Fe-13 ~5lal 1.3 162
Fe-14 145 0.1 163
Cu-15 ~5 - 165
Co-16 - 0.83— 164
Ni-17 ] 0.67 166

[a] Precise value not reported, but reference was made to the number of turnovers in

terms such as ‘a few’ or ‘a number’.

[b] Reaction driven electrochemically.

While this data highlights the fact that results are so sensitive to conditions, to make

comparisons to real world applications, we assume that the reported value is the optimum
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for that catalyst, so that their utility can be compared. From this table we see that Ru-based
catalysts show far higher activity and stability relative to any other metal, and that Fe-14

catalysts stand out among the remaining catalysts in terms of TON.

4.2 Computational methods

DFT calculations were performed at the TPSSh level using the Gaussian09 software.!’¢
The choice of this functional was based on the satisfactory results obtained in a preliminary
benchmark study of the redox potentials of four molecular OER catalysts investigated in
this chapter using three different functionals with varying levels of HF exchange, namely
B3LYP (20% HF),!% TPSSh (10% HF),!%%19 and BP86 (0% HF).!7"-17® The results and
details of these calculations are presented in Table 4.2.

The binding energies of the different OER intermediates in the WNA mechanism were

computed using the CHE model described in section 2.6.3 to arrive at Eqs. 4.1-3

AGHO* = GHO* - G* - GHZO(I) + O'SGHZ(g) (4’.1)
AGo: = Go =G, = Gyyoq, + Gry, (4.2)
AGHOO* = GHOO(III)* - G* - ZGHZO(l) + 1'SGH2(g) (4’3)

To describe the Ru, Mn, Fe, Cu, Co and Ni metals, the LANL2DZ effective core potential
was used along with f-polarization functions with exponents 1.235, 2.195, 2.462, 3.525,
2.78 and 3.13, respectively.!!®!!7 The more electronegative O, N, F, and CI atoms were
described using the 6-31+G(d) basis set, while the 6-31g(d,p) basis set was employed for
C and H atoms. To account for non-covalent interactions, Grimme-D3 dispersion
corrections!” Gibbs energy through single point calculations using the optimized
geometries in solution. The primary conclusions of this chapter remain the same regardless
of the addition of dispersion. Data calculated without dispersion corrections are included

in Appendix A.
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Molecular structures were optimized in solution using the implicit SMD solvation model
with H,O (e = 78.3553) as a solvent.!3! Whenever high- and low-spin states (HS and LS,
respectively) were accessible, both were considered in geometry optimizations and the
lowest energy structure was selected.

Gibbs energies were calculated at the temperature of 298.15 K and pressure of 1 atm, except
for the isolated H>O molecule that was computed at the temperature and pressure at which
both the liquid and gas phases are in equilibrium, i.e., 298.15 K and 0.0035 bar. Relative
Gibbs energies are referenced to H2O and H> in solution, to avoid introducing the error
associated with the modelling of O, with DFT methods, as discussed in the methods
section. All the structures were verified to be real energy minima by means of vibrational
frequency analysis.

4.3  Benchmarking

To justify our choice of DFT functional, we tested three separate functionals showing
varying levels of HF exchange, with 0 % in BP86, 10 % for TPSSh and 20 % for B3LYP.
The WNA mechanism consists in 4 PCETs which involve the oxidation of a transition
metal, so our benchmark analysed standard reduction potentials for 4 of the 17 catalysts in
Figure 4.1. Overall, the TPSSh functional provided the lowest MAE (MAE =303 mV, max
error = 470 mV) compared with the reported experimental values (see Table 4.2), and
therefore, this functional was chosen for subsequent theoretical investigations throughout
this thesis. This choice of functional, along with the chosen basis sets is further supported
by results obtained in the computation of heats of formation of many different transition
metal complexes.? The large discrepancy observed in using BP86 to predict the redox
potential [Mn(IV)Mn(IV)]*"/ [Mn(II)Mn(IV)]** in Mn-10 is thought to be a consequence

of the inadequacy of applying GGA functionals to open-shell transition metal complexes. '8
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Table 4.2. Calculated and experimental reduction potentials (Etneor. and Eexp., respectively),
in Vrug, using different DFT functionals. The MAE for each modelled catalyst is provided.
The lowest MAE value obtained for each catalyst is highlighted in bold.

Catalyst | Redox Pair Functional | Eeor. | Eexp. MAE
B3LYP 0.63 0.20
Ru-5 [Ru(II)-H20]"/ [Ru(11)-H20] TPSSh 0.64 0.43 0.21
BP86 0.80 0.37
B3LYP —0.07 0.30
Ru-2 [Ru(IIN-OOH]*"/ [Ru(I)-OOH]* | TPSSh —0.15 |0.30 0.45
BP86 0.02 0.28
B3LYP 1.87 0.63
[Mn(IV)Mn(IV)]*/
Mn-10 TPSSh 1.32 1.24 0.08
[Mn(IIHMn(TV)]**
BP86 6.43 5.19
B3LYP 1.53 0.78
Co-16 | [Co(IIT)-OH]J*"/ [Co(I)-H,0]* TPSSh 1.22 0.75 0.47
BP86 0.32 0.43

4.4  Results
4.4.1 Molecular OER scaling relations
First, we demonstrate that there is a scaling relation between HO* and HOO* intermediates

observed for heterogeneous systems using the molecular OER catalysts. As shown in
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Figure 4.2, the binding energies of the HOO* species (4G yp0+) against those obtained for
the HO* species (4Gy.) shows that the energetics of these two intermediates are strongly
related, displaying a linear correlation (R = 0.93) with a slope of 1 — as expected based on
the bond order conservation principle'®' — and an intercept of 3.26 €V. This confirms that
the same linear scaling relation observed in metal and metal oxide systems can be applied
to molecular OER catalysts, since this relation holds across complexes showcasing many
distinct ligands and metal centres. In addition, the constraint imposed by the OER scaling
implies that both homogeneous and heterogeneous catalysts — where intercepts of 3.2 eV

are typically observed — are subject to a minimum overpotential of ca. 370 mV. This value
is derived by calculating 32—2 — 1.23 = 0.37 where for the first term we divide the implied

energy difference by the number of steps which is two (HO* to O*, then O* to HOO*) and

we subtract the thermodynamic potential of 1.23.
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Figure 4.2. Linear scaling relation between the HO* and HOO* intermediates for the

molecular OER catalysts investigated in this chapter and depicted in Figure 4.1.
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Intramolecular hydrogen bonding has been proposed to lower 4Gy o+ independently of
AGy o+ given the innate rigidity of the HO* group (Figures 4.3b, ¢) in comparison to HOO*.
This additional stabilization of the HOO* intermediate would shift down AGyp0. With
respect to AGyg., closing the energy gap between the two intermediates, and therefore,
improving the OER scaling. To test this hypothesis, we classified data in Figure 4.2 as
catalysts with or without a H-bond by measuring the minimum distance from the H atom
in the HOO* group to the nearest N/O-ligand using different cut-off radii, chosen such that
each split contained sufficiently different data points. As we anticipated, the ability of the
HOO* intermediate to form intramolecular H-bonds decreases the value of 4Gy, and,
consequently, reduces the energy difference AGypo+ — AGyo+. This effect is conveyed in
Figure 4.3a, where distinct scaling relations are obtained depending on whether the HOO*
intermediate exhibited a H-bond or not. Importantly, we note that all linear trends display
slopes close to unity; however, those catalysts with an intramolecular H-bond present in
the HOO* intermediate show a value of 4G+ — 4G+ that is ca. 0.1 eV lower than
those without the H-bond. While this effect is not decisive — being within our reported
MAE of the chosen functional — we conclude that H-bonding can be leveraged to improve
the scaling, and therefore, it should be considered as an important feature in the design and
fine-tuning of molecular OER catalysts. H-bonding can also be leveraged to boost the
kinetics of the O* to HOO* step in the WNA mechanism, as recently shown by

experiments, !¢

while theoretical investigations have highlighted the possibility that the
second coordination sphere can modulate the binding energy of the crucial O*
intermediate.!®?> A table including the binding energies of each intermediate for each

complex, and whether the HOO* intermediate does or does not display a hydrogen bond at

2.2 A, is shown in the Appendix Table Al.
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Figure 4.3. (a) Lines of best fit though points for catalysts with (solid lines) and without
(dashed lines) hydrogen bonds within the OOH intermediates, for varying cut-offs
specifying the maximum distance of a H-bond distance. Further illustrations of the
intramolecular hydrogen bond which can occur from b) the HOO* fragment and ¢) HO*

intermediate, where these bonds are less likely to form.

4.4.2 Non-PCET OER mechanism

After demonstrating that molecular catalysts exhibit a scaling relationship between the
HO* and HOO* intermediates, we tested whether the OER descriptor proposed for
heterogeneous catalysts, ie. AGy, — AGyp., could also be applied to rationalize the
experimental performance of the investigated complexes. By plotting this descriptor
against the computed theoretical overpotential described in Section 2.6.3, a volcano
representation is obtained, where the most active catalysts should lie at the top. This
representation also allows us to categorize molecular catalysts based on the PLS, with
catalysts lying on the left-hand side of the volcano displaying a small OER descriptor value,
and therefore, the O* to HOO* transition becomes the PLS. On the other hand, catalysts
found on the right leg of the volcano exhibit a high descriptor value, and we have that this

descriptor value on the x-axis, 4Gy, — AGyo., dictates the OER overpotential.
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The volcano plot obtained for the 17 molecular catalysts is shown in Figure 4.4a where,
surprisingly, none of the 17 are predicted to have an outstanding OER activity. This
contrasts with the reported exceptional experimental activity of Ru-based catalysts as
discussed in this chapter. In the following, we demonstrate that this unsuspected behaviour
is caused by an oversimplification of the reaction mechanism typically assumed in most

theoretical studies of heterogeneous OER catalysts.

a) b)
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Figure 4.4. (a) Volcano representation using the conventional OER descriptor. Full
markers denote catalysts which are theoretically predicted to undergo an additional ET step
before O—O formation. The red shaded area indicates the optimal range for the conventional
OER descriptor. (b) Volcano plot including only the molecular catalysts predicted to
undergo an additional ET. In this volcano, the calculated Gibbs energy for the additional
ET from the M(IV)-oxo to M(V)-oxo intermediate is represented in the x-axis as a new
OER descriptor. Note, the same scale and the left leg of the volcano in a) has been used for
comparability. The dotted line in b) is drawn to guide the eye towards an ideal OER

catalyst. The PLS on each side of the two volcano plots is indicated in red text.

Notably, some metals, such as Ru, Mn or Fe, have been experimentally proven to undergo
an additional one-electron transfer (ET) before O—O bond formation.!'®*-!8¢ Bearing this in
mind, we computed the Gibbs energies for the ET from the M(IV)-oxo to M(V)-oxo species

with M = Ru, Mn, Fe, hereafter referred to as O(IV)* and O(V)*, respectively (see
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Appendix A, Table A1 for details). We had modelled M(IV)-OH to M(V)—oxo for a subset
of the complexes due to the mechanisms and charge balances reported in the manuscripts,
so this extra oxidation was not tested for those complexes which were already found to be
stable at M(V)—oxo. The Gibbs energy change associated with this step, and the subsequent

O-0 bond formation via a PCET event, given by:

o(IV)r =0(V)" +e”
AGz = AGoyy — AGoqyy — el (4.4)
o(V)*+ H,0 = HOO* + H*

AGy = AGpoo — AGoy* + kT Inay+ (4.5)
After accounting for the additional ET in the M(IV)-oxo intermediates, we observed that
catalysts which undergo this step exhibit an improved theoretical overpotential, deviating
from the lines defined by the volcano in Figure 4.4a. This divergence from the scaling
stems from the fact that those catalysts are neither limited by the HO* to O*, nor the O* to
HOO* steps. Instead, the additional ET from the M(IV)-oxo species becomes the PLS,
which demands less energy leading to a lower predicted overpotential. Based on this
observation, we proceeded to apply the Gibbs energy change associated with the additional
ET step, 4Goy* — AGovy+» as an alternative OER descriptor on the x-axis. The result of
adopting this new descriptor can be appreciated in the volcano plot depicted in Figure 4.4b,
where the relevant catalysts now lie on the right leg of the volcano and where the best Ru-
based catalysts cluster together around the top. Notably, DFT calculations predict Ru-4,
Ru-5, Ru-6, and Ru-9 to exhibit the lowest theoretical overpotential amongst the 17
complexes investigated in this chapter, which agrees with the highest experimental TOF
values reported for these complexes. It is important to note that the active species for Ru-
9 has come under scrutiny,!®” but our calculations predict that this catalyst would be a

relatively active OER catalyst. We also note that when comparing energy differences



66

between the PCET and one-electron oxidation steps, it is important to consider whether this
difference is within the inherent DFT error in the (Table 4.2), in which case neither of the
two pathways can be entirely discarded.

Another important observation from Figure 4.4b is that Ru-4, Ru-5 and Ru-6 are predicted
to display a theoretical overpotential below 370 mV, suggesting that molecular catalysts
undergoing the O(IV)* to O(V)* transition might be able to hurdle the overpotential wall.
We can demonstrate this concretely by examining the experimental Pourbaix diagram
reported by Llobet et al. for Ru-4, shown in Figure 4.5, where the extra oxidation redox

potential is depicted with the horizontal line separating Ru(IV)-O/(Ru(V)-O or Ru(IV)—

O) regions. Therefore, for this particular system, the mechanism of Ru(V)-O or Ru(IV)—

O formation is pH-dependent and can either form through the route typically considered

in heterogeneous catalysis via PCET from Ru(IV)-OH or via ET from Ru(IV)-O. Note
that the reaction occurs across the range of pHs, meaning the OER can occur via distinct
mechanisms for the same catalyst, under different conditions, underscoring the necessity

of considering mechanisms which are not composed solely of PCET steps.
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Figure 4.5. Pourbaix diagram adapted from Llobet et al. with permission.?

One blind spot of using this descriptor lies in the fact that it decouples proton and electron
transfers into sequential steps. When using a descriptor such as 4G vy — AGop )+ there
is a symmetry to arguing that it can map directly to overpotential because as you increase
this descriptor, the barrier for the subsequent PCET comes down, and due to BEP
arguments, it is posited that the kinetic barrier involved in going from O(IV)* to OOH(III)*

intermediates reduces in tandem. In contrast, a change in AGgy) — AGo(yy+ does not

translate directly to a change in the barrier for the net proton transfer in forming, for
example HOO(III)* via water nucleophilic attack on O(V)*. In either case, to get accurate
kinetic barriers, ab initio molecular dynamics (AIMD) simulations are necessary, which
were outside the scope of this thesis. These simulations are time consuming in
heterogeneous catalyst surfaces, while they are even more demanding for molecular
catalysts since the molecules need to be enclosed within a three-dimensional solvation

shell.
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4.5  Experimental TOF values

Comparing our DFT predicted overpotentials to the experimentally observed catalytic
activity is challenging since the conditions applied to measure performance are not uniform
across all investigations, as seen in Table 4.3. However, upon comparing our results with
the reported experimental TOFs we feel confident that our calculations respect the right

trend.

Table 4.3. Experimental conditions and TOF values reported for the most active Ru
catalysts investigated in this chapter. In all the cases, cerium ammonium nitrate (CAN) was

used as chemical oxidant.

Catalyst TOF (s') pH [Catalyst] /M [CAN] /M Ref. Ntheor.

Ru-4 303 1 2.16 x 104 0.48 25 0.39
Ru-5 286 1 222 %10 0.365 158 0.29
Ru-6 32 1 2.16 x 10 0.48 25 0.38
Ru-9 8,000 7 1.7 x 1073 n.a. 160 0.51
Ru-9 50,000 10 1.7 x 1073 n.a. 160 0.51

Notably, the catalyst we predict to exhibit the lowest theoretical overpotential is Ru-5,
followed by Ru-4 and Ru-6. In experiments, this trend is respected also, with the Ru-4 and
Ru-5 catalysts showing similar yet undoubtedly superior performance than Ru-6. The
reason for the apparent difference between the experimental TOFs reported for Ru-6 and
Ru-4-5 and our theoretical overpotentials may be ascribed to the fact that these Ru catalysts
have been experimentally proposed to follow an I2M mechanism rather than the WNA
assumed in our theoretical overpotentials. On the other hand, Ru-9 shows remarkable
activity at high pH (Table 4.3). This has been attributed the an intramolecular proton
transfer which is facilitated by the dangling carboxylate arm!'6%!°! which betrays the fact
that our model overlooks the potential for ligand involvement in O—O bond formation. In

any case, to form the O—O bond, the preceding redox potentials still need to be low enough
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to form a high-valent Ru(V)—oxo intermediate, and these redox potentials are considered
here. This bond formation is likely a delicate function of the chemical oxidant used, the
local environment and the nature of the catalyst ligands. Investigations into the effect of
explicit solvent on the stabilization of OER intermediates have been undertaken in

192

heterogeneous systems.”> Due to the increased flexibility and asymmetric nature of

molecular catalysts!?

compared to heterogeneous catalysts, such a study of solvent
stabilization would require computationally taxing AIMD calculations with water
molecules solvating the entire molecule as opposed to using layers of water molecules as

in metal oxide systems. This level of theory would allow for the modelling of O—O bond

barriers as a function of chemical oxidant and pH, but is not tackled in this thesis.

4.6 Discussion

This chapter sets the foundation for a fast and efficient screening of molecular OER
catalysts in Chapter 6 and posits that catalysts which are close to the top of volcano, as seen
in Figure 4.4b, have the potential to evolve oxygen through both the WNA mechanism as
well as through more complex routes. This approach, yet to be exploited in homogeneous
catalysis, could lead to the discovery of novel catalysts with improved performance.
Therefore, we establish and discuss a series of catalyst design principles to accelerate the
discovery of novel molecular systems based on earth-abundant elements which could

exhibit low OER overpotential.

i. Any high-throughput search should focus on transition metal complexes which can

stabilize high oxidation states such as Cr, Mn, and Fe.

ii. Although a complete characterization of activity would require the modelling of many
more intermediates, our approach allows for the rapidly accelerated screening of
molecular catalysts using thermodynamic OER descriptors. The activity of catalysts

with a low conventional OER descriptor — those lying on the left leg of the volcano in
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Figure 4.4a — can be underestimated if they undergo an extra one-electron oxidation.
This can be prevented by considering our new proposed OER descriptor. In addition,
the 12M mechanism could be leveraged by designing ligands which could facilitate

dimer formation through n-m interactions.

iii. H-bonding with the metal ligands can be leveraged to improve the OER scaling
between the HO* and HOO* intermediates, although ligands with different electronic
properties may play a role in stabilizing other high-valent intermediates, or by acting
as a proton shuttle to improve the overall reaction kinetics, as has been experimentally
demonstrated recently.'®® Therefore, the electronic and steric effects of the ligand
environment need to be systematically investigated to illuminate potential strategies
for merging the desirable features of distinct ligands to identify highly active OER

catalysts.

Owing to the vastness of chemical space, homogeneous catalysts are essentially infinitely
tunable.!”* Highlighting the fruitful regions within this space is a demanding and exciting
challenge which we can begin to address with these design principles. With enough data,
which we will collect and utilize in Chapter 6, ML algorithms could become an integral
part of such processes to greatly enhance the speed of catalyst discovery.

Finally, regardless of whether we use the conventional or novel OER descriptor, some of
the experimental catalysts show significant overpotentials which would prohibit oxygen
evolution for those complexes. Either the nature of some of the catalysts is not well
described, or the representation we are using is wrong for reasons which may include the
representativeness of the CHE model applied to chemically driven water splitting, inherent
DFT error, as well as the instability of molecular catalysts in general, which may have led
to erroneous reports of catalyst activity which were in fact obscured by metal oxide. This

has been posited to occur for Co-16,'%>!1%¢ which could be rationalized by the high activity
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of cobalt oxide in basic media, and this complex was reported to only evolve oxygen above
pH 10. A similar rationalization could possibly be made for Ni-17, since this could be a
precursor to the extremely active NiFe oxyhydroxide catalyst, which can be formed in situ

in the presence of parts per billion impurities of Fe.!’

The ligands themselves can also
behave as active sites or there may be two adsorbates and therefore two active sites, as is
the case, for example, of Fe-14. In the next chapter, we consider this extra site to correctly
identify promising Fe-based catalysts and justify the large OER descriptor found in Figure
4.4a for this complex.

4.7  Conclusions

In summary, in this chapter we began by demonstrating, for the first time, the universality
of the linear relationship between the HO* and HOO* intermediates in the WNA
mechanism by showing that this relationship holds for experimentally known molecular
catalysts. The linear relationship is found to be very similar to that seen for metal oxides.
In addition, we showed that molecular OER catalysts can circumvent the scaling between
the HOO* and HO* intermediates by undergoing an additional one-electron oxidation prior
to O—O bond formation. As a result, we predicted molecular catalysts which are able to
carry out this extra oxidation could behave as efficient OER catalysts. Further, we
demonstrated that the activity of such highly active systems is underestimated by the
conventional OER descriptor. We also proposed a new descriptor to screen and narrow
down the search of promising molecular catalysts and outlined design principles to realize
this. In this chapter, we did not inspect the conventional OER descriptor at higher oxidation
states since we focused on the novel mechanism, but a full characterization of activity will

need to consider whether the O(IV)* or HO(IV)* intermediate is most stable, since this

controls whether AGg vy, — AGo(vy« OF AGo vy« — AGon vy« is responsible for setting the

PLS. This will be determined by the pKa of this reaction, and thereby the pH of the solvent
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or solution that the complex is in. In Chapter 6, we will tackle this and apply the extra

oxidation descriptor, AGo ). — AGoyy«, to perform a search for low overpotential

molecular OER catalysts.
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Chapter 5  Activity and Inactivity Towards Water

Splitting in Molecular Complexes

5.1  Introduction

Iron-based green technology solutions are especially appealing due to the abundance of
iron in the Earth’s crust, with Fe being found at rates which are orders of magnitude higher
than for any other transition metal. The set of molecular OER catalysts investigated in this
chapter is based on experimental studies,'®®> one of which was denoted as Fe-14 in the
previous chapter. Lloret-Fillol et al. studied a wider family of iron complexes with
tetradentate nitrogen-based ligands and two coordination sites in cis position that were
identified to be OER active. The authors also reported the thwarted attempts to promote the
OER using first-row transition metal complexes under identical experimental reaction
conditions (i.e., catalyst concentration, oxidant concentration, oxidant type, and pH).
Subsequent experiments have shown that substituting electron withdrawing groups (EWG
= NO,, COzEt, Cl) in the para position of the pyridine ligand in one such catalyst,
[Fe(OTf)(Pytacn)]** (OTf denotes trifluoromethanesulfonate and Pytacn denotes 1-(2’-
pyridyl-methyl)-4,7-dimethyl-1,4,7-triazacylononane), greatly improved the OER activity.
In contrast, the substitution of a fluorine and methyl group in the ortho position led to
reduced performance, which was posited to be due to increased catalytic degradation.?®
While the previous chapter focused on complexes which were reported to be highly active
towards the OER, in this chapter, we will focus on both active Fe-based catalysts, as well
as inactive Mn, Co and Ni complexes with two potential active sites in cis position.
Previous theoretical works investigating subsets of these catalysts have focused on

exploring the mechanism of the O—O bond formation step, however, no reports gave an
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account of the inactivity shown by the Co, Ni and Mn catalysts which were presented in
the original paper, nor a direct comparison of the activities of the Fe-based active catalysts,
nor a detailed rationalization of the effects of catalyst functionalization. In this chapter, we
address these issues by modelling the intermediate steps — beginning from M"-(H>O)(H>0)
— towards the [MY(O)(OH)]*" intermediate of both active and inactive complexes. The form
of this final intermediate has been chosen since experimental and computational studies
strongly suggest that [Fe(V)(O)(OH)]*" is the only species which can promote O—O bond
formation at room temperature, which we denote as the oxygen evolving intermediate
(OEI).!""%19 PCET and electron transfer (ET) steps were modelled for every possible
reaction intermediate starting from the metal oxidation state M to MY. While our
methodology does not include kinetic barriers, it provides essential insight into the redox
potential at which electrochemical steps are expected to occur prior to the formation of the
OEI. We also considered isomeric complexes where the catalyst geometry was asymmetric
with respect to the position of the active site. Each of the catalysts examined, along with
their associated experimental TOFs, are shown in Figure 5.1. Note that 4Fe in Figure 5.1
is the same catalyst as was studied in the previous chapter as Fe-14, where we only
considered a single active site instead of two. In that analysis, the predicted overpotential
was 0.37 V higher than would be expected if we took the overpotential to be equal to the
redox potential of CAN, (1.61 Vnug) far higher than would be necessary for real world
application. This suggests that the way we modelled the OER by considering only one
active site was an oversimplification. Other Fe complexes reported by Lloret-Fillol et al.
containing single active sites, or active sites frans to each other did not see any activity,!%3
indicating that the redox flexibility afforded by having two sites to transfer electrons and
protons, as well as the proximity of the sites, is key for molecular Fe-driven oxygen

evolution, and we will study these factors in this chapter.



Activity and Inactivity Towards Water Splitting in Molecular Complexes 75

1Fe-Y_X 2Fe Z

= Fe Co Mn Ni Y=NO, Cl H S |
TOF=222 0 0 0 X=H H F
TOF = 815 564 80 TOF = 838
3Fe = 4Fe = 5Fe
< <
N N

D | om e om
éN( |e\0H2 N |e\0H2
N 7 N

7 7

TOF =167 X TOF=503 X TOF = 53

Figure 5.1. Complexes modelled in this chapter with accompanying labels and

experimental initial TOF values (in h™!) from Refs. 26,163.

5.2 Computational details

DFT calculations were carried out using the Gaussian 09 software!’® implementation of the
hybrid meta-GGA TPSSh exchange-correlation functional.!”® C and H atoms were
described using the 6-31g(d,p) split valence basis set while the same basis set including
diffuse functions was used for O, N, CI and F atoms. Fe, Mn, Co and Ni atoms were
described using the LANL2DZ effective core potential''® with additional f~polarization
functions, with exponents of 2.462, 2.195, 2.780, 3.130, respectively, taken from work by
Ehlers et al.''” Geometry optimizations were performed without imposing any constraints
and confirmation of the nature of stationary points was obtained through vibrational
frequency analysis. In addition, for transition states, geometry relaxations along the

reaction coordinate were carried out to confirm they connect the expected energy minima.
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As in our previous study described in Chapter 4, the effect of the solvent was modelled
using the SMD implicit solvation model (H20, ¢ = 78.3553) from Truhlar and co-
workers.!3! High and low-spin states were modelled in each case and the lowest energy
multiplicity was used. In cases where topological isomers were modelled, the multiplicity
was assumed to be the lowest energy spin-state found for the previously modelled isomer.
This level of theory was justified on the basis of the benchmarking results from the previous
chapter.

The Gibbs energies of OER intermediates were calculated using the CHE model from

Section 2.6.3 and the following equations:

AGon/myoamny = Gonyuyoun +%GH2(g) — Guyo/m,0(10) (5.1)
AGo/uy0avy = Gosayoavy + GHZ(g) — Gu,o/m,000) (5.2)
AGoonwy = Gojonw) +§GH2(g) — Guyo/H,0(11) (5-3)
AGy,o/m,0011) = Guyomy0ainy — Guyo/moan + €Egps (5.4)
AGonu,0avy = Gonymyoavy + %GHZ(Q) — Guyo/u,0a1) + €Egps (5.5)

AGosmyow) = Gosmyowy + Ghygy = Gryo/myoan + €Eaps

(5.6)

Where the subscript denotes a specific arrangement of two distinct adsorbates on the cis
active sites, shown in Figure 5.2, and E,; is the value assigned to the NHE potential in
water, previously calculated to be —4.28 V and described in Section 2.6.3. Each binding
energy was calculated equivalently for distinct isomers.

To calculate transition state barriers for C—H hydroxylation reactions which can deactivate
these catalysts, we performed a scan of the potential energy surface, restricted to the C—H
distance, in steps of 0.2 A, and performed a Berny transition state optimisation at the point
along the reaction coordinate which had the lowest gradient. The geometry of one structure

was then used as a starting point for the other complexes, where we would replace the metal
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centre or functionalize the complex without altering the essential features of the transition

state geometry.

5.3  Assessing OER reactivity
In Figure 5.2 we present the Gibbs energy profile of potential routes toward the OEI for the

1M catalysts, calculated at ambient conditions and at U = 1.61 Vnue. This potential
corresponds to the redox potential of cerium ammonium nitrate (CAN),?% the sacrificial
oxidant used in the experiments. Each reaction intermediate in Figure 5.2 is labelled as 1M-
A/B, where A denotes the active site trans to the methyl-substituted amino group, and B
denotes the active site co-planar with the pyridine ligand.

The calculated energies in Figure 5.2 illustrate clearly the well-documented large ‘oxo-

wall’ for Co and Ni complexes,?°!

showing no exergonic paths for 1Co or 1Ni in going
from Co(III) to Co(IV), or from Ni(IV) to Ni(V). While we find that even though 1Mn has
exergonic paths between each oxidation state under reaction conditions, the most stable
Mn(IV) intermediate, 1Mn(IV)-OH/OH, at —1.22 eV relative to the Mn(II) state, below all
Mn(V) intermediates. Furthermore, —1.22 eV is more stable than the proposed OEI for 1Fe,
1Fe(V)-O/OH or 1Fe(V)-OH/O which lie at —0.7 and —1.15 eV respectively indicating that
this Mn(IV) intermediate is a thermodynamic sink. In addition, the 1Mn(IV)-OH/OH
complex is calculated to be 0.35 eV lower in energy than the 1Mn(IV)-O/H2O complex,
which can also undergo a PCET to the OEI in oxidation state Mn(V).

UV-vis and Raman spectroscopy experiments indicated that 2Fe(IV)-O/H,O complexes are
the necessary precursors to an electrophilic oxygen evolving iron-oxo-cerium intermediate
in 2Fe.1%>202 Qur results support this observation as we reproduce this iron species to be
the resting state until an applied potential of ca. 1.5 V (Figure 5.3a). In the case of 1Mn,

however, these 1Mn(IV)-O/H>O and 1Mn(IV)-H20/O intermediates are the least stable of

the Mn(IV) complexes, so if CAN cannot perform the necessary PCET from 1Mn(IV)-
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OH/OH which it can for 2Fe(IV)-O/H20, then the OER may be blocked due to the stability
of this cis-dihydroxo intermediate. Therefore, Lloret-Fillol and co-workers proposed a
mechanism with Ce(IIl) or Ce(IV) atoms coordinating to the O fragment on the complex
along with a solvent water molecule, which then facilitates the water nucleophilic attack.!”
To address the feasibility of a Ce-induced PCET, which has been reported for 2Fe, we
would need to model the reaction intermediate involving the chemical oxidant explicitly.
This would be largely determined by the resting state of the complex prior to the addition
of an excess of CAN, and we would assume that it would be more difficult to facilitate the
Ce-enabled mechanism from the more hydrogenated resting state found for Mn (i.e.,
IMn(IV)-OH/OH). For the oxygen evolving 1Fe catalyst, while there is no downhill path
from 1Fe(Ill)-H,O/H,O, we note that the Gibbs energy difference between that
intermediate and 1Fe(III)-H>O/OH 1is only 0.08 eV, which can undergo an exothermic
PCET step to the intermediates 1Fe(IV)-OH/OH, 1Fe(IV)-O/H2O or 1Fe(IV)-H20/0O.
These latter intermediates are very close in energy (within ca. 0.08 eV), and all of them
exhibit exergonic routes to the OEI. Using the same analysis, the activity of the remaining
iron catalysts can be rationalized, as shown in Figures B1 and B2 in Appendix B. The plots
were split in this way to group catalysts as symmetric and non-symmetric versions of 1M.
Having distinguished active and inactive catalysts in Figure 5.2, we now turn our attention
to distinguishing the most active catalysts which are presented in the same fashion as in
Figure 5.2 in Appendix B. The precursor species to oxygen evolution, the OEI, has been
rigorously shown to be Fe(IV)-O/H>0 in 2Fe.?’> Assuming each Fe catalyst shares the same
essential oxidative intermediates, we have investigated the predicted potential for the PCET
step from the lowest energy Fe(IV)-O/H2O to the most stable topological Fe(V)-O/OH
isomer for each active iron catalyst, hereafter referred to as the predicted potential to OEI

Interestingly, the representation of the experimental activity and that predicted potential,
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shown in Figure 5.3, seems to be somewhat predictive of activity. Given that this analysis
only considers the thermodynamic Gibbs energy change for one possible step in a complex
reaction such as the OER, this is a noteworthy result, suggesting that oxidation to Fe(V)-
O/OH is a common PLS. This finding ultimately indicates that O—O bond formation is not
rate limiting for these complexes, which would not be without precedent, as this has been

422 as well as heterogeneous a-Fe>O3 OER catalysts.?%

confirmed to be the case for 2Fe,
We attribute this correlation to BEP relations between reaction and activation energies,
which indirectly account for the kinetics and thereby TOF, to distinguish active from
inactive catalysts. There are, however, a few deviations from the line of best fit (black line
in Figure 5.3), which can be interpreted in different ways. For example, the relative
difference between the predicted potentials are within previously reported inherent DFT
errors for PCETs.2** However, since the coordination environment of these complexes are
all the same, one may expect qualitatively correct trends despite slight errors in the absolute
values. Another possibility is that there are two sets of outliers to the linear model. This is
illustrated in Figure 5.3, where we plot the linear fit after removing 1Fe-Cl_H, with the
remaining set of catalysts labelled Set A, or both 1Fe-NO2_H and 2Fe, with the remaining
catalysts denoted as Set B. Obviously, we would not expect this trend to continue
indefinitely at continuously lower predicted potential to OEI, as the O—O bond formation
may become limiting, for instance, which could also explain the deviation for 1Fe-Cl_H.
Additionally, because the 1Fe-Cl H-OH/OH intermediate is more stable relative to the
1Fe-Cl_H-O/H;0 and 1Fe-Cl _H-H>O/O intermediates in the oxidation state Fe(IV) (Figure
5.4), from which the OEI is proposed to form, we posit that the outlier is 1Fe-Cl_H and
stress that the linear relationship may cease below 1.5 V, or there may be a volcano-like
relationship with 1Fe-NOz_H at the peak, since clearly if the complex is too readily

oxidized it will not be reactive enough to perform the WNA. In all, we emphasize that
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focusing only on O-O bond formation barriers may obscure the full picture for
homogeneous OER catalysts. Therefore, we propose that the predicted potential to OEI
descriptor is used along with an analysis of the relative stability of IM(IV)-OH/OH against
IM(IV)-O/H20, or 1M-H>O/O to garner a cursory prediction of activity. Of course, this
descriptor cannot account for competing reactions which may deactivate the catalyst. In the

following, we describe a primary route towards catalyst deactivation.
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Figure 5.3. Plot illustrating the relationship between the reported experimental TOFs and
the predicted potential to OEI in OER active Fe cis-labile catalysts.

5.4  Catalyst functionalisation

5.4.1 Assessing reactivity

In Figure 5.4, we present the data for functionalized 1Fe, where again we see exergonic
paths from at least one of 1Fe(IV)-H20/0O or 1Fe(IV)-O/H>0 to 1Fe(V)-OH/O or 1Fe(V)-

O/OH for the EWG functionalized catalysts, with an exception for the F-functionalized 1Fe
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in the a-position of pyridine (i.e., 1Fe-H-F). In that cases these two paths are endergonic
by 0.05 eV, indicating a reason for the relatively low activity of this complex along with

the differences in the predicted potential to OEI as presented in Figure 5.3.
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Figure 5.4. Gibbs energy profile at 1.61 Vnue for functionalized 1Fe. The information is
presented as in Figure 5.2. The representative intermediates along the top of the figure
corresponds to 1Fe without functionalization, however, the labelling of intermediates in

the case of the calculations for functionalized catalysts remains unchanged.

5.4.2 Catalyst deactivation via C—H hydroxylation

Costas ef al. have recently reported that the deuteration of specific hydrogen atoms in the
catalyst leads to striking effects on the OER activity.?*> In particular, the deuteration of the
C atoms of the ethylene linker in 3Fe caused a five-fold increase in the TON without
improving the initial TOF, indicating that the bridging H atoms are deactivating the catalyst
after a given number of cycles. For a separate Fe coordination complex, not studied in this
chapter, the H-atoms of methyl groups were deuterated. This greatly increased the TOF
with respect to the non-deuterated species from ca. 10 to 200 h™!. The rationalisation for
this was that deuteration helps prevent the hydroxylation of the methyl group at the

equivalent OEI intermediate for this catalyst. This was confirmed by DFT studies, which
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showed that the barrier heights involved for the C—H hydroxylation were accessible under
experimental conditions, and that this deactivation was kinetically favoured for the methyl
group. Due to the pronounced effect of deuterating the methyl group on the reported TOF,
we sought to investigate this competing reaction leading to catalyst deactivation for some
of the complexes studied in this Chapter. We present the results of this investigation for
1Mn, 1Fe, 1Fe-Cl_H and 1Fe-NO>_H in Table 5.1, which includes the computed Gibbs

energy barriers for the two hydroxylations possible from M(V)-OH/O, denoted as AG j and

AG;, and the one hydroxylation possible from 1M(V)-O/OH, reported as AG;. An

illustration of these reactions is shown in Figure 5.5.

OH/O O/OH

Figure 5.5. Possible competing C—H hydroxylation reactions from the two OEI isomers

OH/O and O/OH. The associated calculated barriers are shown in Table 5.1.

Table 5.1. Calculated Gibbs energy barriers (in eV) for the hydroxylation reaction shown
in Figure 5.5.

Catalyst AGE  AG} AG}
1Mn'?! 0.53 0.71 0.45
1Fel? 0.72 0.85 0.34
1Fe-C1_H! 0.70 0.82 0.98

1Fe-NO,_H™™  0.72 0.83 1.11
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[a] The most stable OEI is M(V)-OH/O. [b] The most stable OEI is M(V)-O/OH. The
relevant barriers associated with the hydroxylations indicated in Figure 5.5 are highlighted

in bold.

The results in Table 5.1 need to be interpreted with care, as the relevant barriers are the
ones associated with the most stable isomer. Accounting for this, 1Mn and 1Fe both share
the same isomeric stability (i.e. IM(V)-OH/O is the most stable isomer). Here we can see
that the Mn—O* moiety in the lowest energy intermediate 1Mn(V)-OH/O is the most easily
deactivated of the studied complexes, with a AG jf, 5 0£0.53 and 0.71 eV respectively, which
are accessible under the experimental conditions and below the previously reported barriers
for 0-O bond formation.'% Furthermore, AG; for 1Mn exhibits an even lower barrier of
0.45 eV, although we expect this intermediate to be less easily accessible as the 1Mn(V)-
O/OH isomer is less stable than 1Mn(V)-OH/O. All of this implies that 1Mn could be
rendered active by deuterating methyl groups, provided C-H hydroxylation is what
prevents oxygen evolution instead of the thermodynamic sink at the 1Mn(IV)-OH/OH or
IMn(IV)-OH/H20O intermediates (Figure 5.2). The similarity between the oxygen evolving
complex in Photosystem II and the iron-oxo-cerium OEI has been noted previously,???

indicating that such cis-labile Mn catalysts could be possible. In the case of the Fe-based
complexes, the calculated energy barriers increase by ca. 0.1-0.2 eV. While the barriers of
the functionalized complexes from Fe(v)-OH/O (AGiB) are almost identical, we see a
marked difference in the values of the barrier for hydroxylation of the Fe(V)-O/OH isomer
(4 GéF). Previous DFT studies of this hydroxylation found similarly distinct barriers for a
specific catalyst,2®> although that analysis was less complex as it did not include a
comparison of topological isomers or distinct catalysts.

Importantly, these results on modified 1Fe catalysts also shed light on the improved activity

of the catalysts functionalized with EWGs in para-position on the pyridine ligand (Figure



Activity and Inactivity Towards Water Splitting in Molecular Complexes 85

5.1). Calculations indicate that the Fe(V)-O/OH intermediates are more stable than Fe(V)-
OH/O for 1Fe-Cl_H and 1Fe-NO>_H (Figure 5.4), whereas the reverse trend is observed
for 1Fe (Figure 5.2). Hence, this functionalization swaps the stabilities of the topological
isomers of the OEI as compared with 1Fe, making the functionalized catalysts more
resistant to deactivation via C—H hydroxylation. This is because by inspection that isomer
has one less methyl group which can deactivate the catalyst from the OEI. This effect could
be investigated experimentally by selectively deuterating specific methyl groups for
functionalized and non-functionalized catalysts presented in this study. A potential
explanation for the observed difference in AGéE between 1Fe and the functionalized
catalysts is a slight increased distance of the metal-oxo moiety in the Fe(V)-O/OH
intermediate to the nearest H-atom of the single methyl group (from 2.561 to 2.625 A),
which is reflected in a larger hydroxylation barrier (Table 5.1). In general, this underscores
that homogeneous OER catalysts should be designed to maximize the distance to methyl
groups or any hydrogen atoms reactive enough to migrate from the ligand to an active site,
while also demonstrating the tunability of molecular OER complexes. Furthermore, we
propose that the slightly reduced AG;IE value in 1Fe-Cl_H may account for the observed
deviation from the relationship shown in Figure 5.6.

5.5  Discussion

With all the knowledge acquired above, we formulate the following high-level blueprint
for future efficient evaluation of OER complexes with two cis-active sites using only
absolute Gibbs energies: i) Calculate the predicted potential to the OEI; ii) assess the
relative stability of M(IV)-O/H20 vs. M(IV)-OH/OH; and iii) note the proximity of the O
atom in the most stable OEI to neighbouring methyl groups. If the predicted potential to
OEIl is less than 1.6 V, (all catalysts which satisfy this in Figure 5.6 exhibit a TOF greater

than 100 h™'), the M(IV)-O/H>O intermediate is within 0.1 eV of M!V-OH/OH (to avoid the
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unfavourable thermodynamic sink), and the electrophilic O atom within the OEI is at least
3.0 A away from the nearest H-atom of a dangling methyl group, then this complex is
worthy of further study.

The importance of ligand oxidative stability has been experimentally shown by
deuteration,?® and our results emphasize this by indicating that ligand functionalization
can bias certain topological isomers which would be more resistant to deactivation because
they are not as close to flexible methyl groups. Future work to identify more stable and
long-lasting Fe-based OER catalysts should focus on a broader set of ligands which are
similarly neutral, non-equatorial and coordinate Fe as a tetradentate ligand, but crucially
contain no H-atoms liable to oxidation. Finding the electronic effects governing the relative
stability of different OH/O O/OH isomers should also be explored. Another important
factor is the comparability of chemical and electrochemical oxidations of these molecular
catalysts. In this context, a recent work on a set of molecular Ir OER catalysts have provided
evidence that catalysts which showed the highest activity when using CAN do not continue
to show the best activity under electrochemical conditions.?%

5.6  Conclusions

In conclusion, in this chapter we presented a thorough investigation of experimentally
reported active and inactive OER catalysts. We showed that straightforward considerations
based on relative thermodynamic energies can be used to explain the inactivity of Co and
Ni complexes, while also coarsely distinguishing active catalysts via a simple
thermodynamic descriptor. This study also highlights the importance of experimental
reports of inactive complexes which can then be benchmarked by computational chemistry.
A primary advantage of molecular OER catalysts is their inherent tunability via
functionalization, however, understanding the effects of such adaptations can be

challenging. This chapter indicated that the site-selectivity of the OEI can be enforced by
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functionalizing 1Fe with EWGs in para-position, aiding the inhibition of the off-cycle
hydroxylation of methyl groups. In all, we demonstrated that DFT-calculated PCET and
ET energies are an effective means of screening hypothetical transition metal catalysts.
This study extends on the work done in Chapter 4 by studying a specific subset of catalysts
while considering two possible active sites as opposed to only one. As in the previous
chapter, we presented a novel thermodynamic descriptor which could be used to screen this
specific subset of catalysts, and which was directly correlated to experimental catalytic
efficiencies. The system-specific approach that we outlined to screen Fe-based complexes
considers the potential for catalyst deactivation, as well as our thermodynamic descriptor,
and may allow for faster and more efficient evaluation of hypothetical Fe-based cis-active

site OER complexes.



88

Chapter 6  Screening Molecular Water Splitting Catalysts

6.1  Introduction

In chapter 4, we described the importance of a one-electron oxidation occurring at the
metal-oxo unit of certain molecular complexes, prior to O—O bond formation, which must
be considered to explain the impressive activity of certain homogeneous OER catalysts.
We showed that this additional step could allow for the circumvention of the restriction
imposed by the OER scaling relation, leading to the possibility for catalysts to exhibit near-
zero overpotentials provided the energy levels of redox intermediates are appropriately
distributed.

With this insight, we proposed a series of catalyst design principles to allow for the
discovery of molecular catalysts based on earth-abundant metals which can stabilize high
oxidation states such as Mn and Fe. In this chapter, we test the design principles outlined
in Chapter 4 by studying intermediates across metals and oxidation states among a uniform
set of ligands. Traditional computational OER studies apply the conventional OER
descriptor, AGy+ — AGy o+ which is thought optimal when it is equal to half the value of the
intercept found in the scaling relationship between AGy,+ and AGypo+. While this is
effectively a pH-independent descriptor, OER catalyst performance is known to be pH-
dependent, with activity varying significantly in alkaline or acidic conditions. This is
especially relevant due to the exigency of developing catalysts which are active in acid.!>*
Alterations in activity due to pH can be attributed to interwoven factors such as catalyst
instability, ionic transport, switching mechanisms or a combination thereof. In this study,
we examine distinct reaction mechanisms by modelling descriptors in differing oxidation

states, which is typically not done in studies utilizing the OER descriptor. Since one can
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expect more protonated intermediates in acidic conditions, one would expect the extra
oxidation mechanism to be less favoured than in base. We believe such a simple
consideration could allow for pH-dependence using simple descriptors.

To test our design principles, we set out to conduct a high-throughput computational
screening of mononuclear complexes with the aim of accelerating the discovery of earth-
abundant OER catalysts by focusing on non-critical elements which can stabilize high-
valent M(V) intermediates and deepen our understanding of this reaction. In particular, in
this chapter we present a fully-automated approach to create transition metal complexes
with molSimplify?®’” by permutating a selected set of ligands which have been previously
seen in experimental OER catalysts.>* As shown in Figure 6.1, five different geometries
are generated from these ligands depending on their denticity, each of them containing one
of six metal centres (i.e. Cr, Mn, Fe, Ru, Co, and Ni), leading to a total of 444 molecular
catalysts which are octahedral upon the addition of the adsorbate. To more clearly explain
how we constructed each of the complexes, we will detail how to interpret Figure 6.1. Each
of the geometries except 32 contains either one (41a) or a combination of monodentate
ligands, which we can see by inspection of Figure 6.1 since each of the 1a, 1b and 1c
ligands trace lines from their molecular representation to each of the five remaining
geometry types. Five separate tridentate ligands are found in geometries 32, 31t and 31a
where the 7 and ¢ denote active sites in trans and cis, respectively. We acknowledge that
most coordinations of these complexes are derived from Ru-based catalysts, and that metals
may not be exchanged with ease, although such freedom has been seen among first-row

transition metal catalysts, specifically Mn, Fe, Co and Ni.'*® For each catalyst, 4Gy o1y*
and AGyoo - are evaluated, with AGyo vy, AGroo vy AGoavyr and 4G+ calculated

for a subset of these complexes which can access higher oxidation states.
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Figure 6.1. Depiction of the combination of ligands, geometries and transition metals used
to automatically generate the OER complexes investigated in this chapter, with the label
for each distinct geometry. Monodentate ligands in each of the geometries are represented
by squares, while the adsorbate is placed at the end of the free lines protruding from the
metal. Where there are two monodentate ligands, they can either be cis or trans to each

other, leading to labels 31¢ or 31t, respectively.

In what follows we will describe the computational methodology applied, probe the
existence of universal, OER scaling relations and re-examine fundamental assumptions of
scaling relations between the HO* and O* intermediates. Our data also provides
justifications for intriguing deviations from prototypical scaling relations that are a result
of the spin states observed in the modelled open-shell systems. In addition, our automated
high-throughput screening leads to 9 earth-abundant catalysts based on Cr, Mn and Fe

exhibiting a predicted OER overpotential lower than 400 mV. In all, our high-throughput
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analyses provide new insights on experimental findings and open new avenues for future
research towards the discovery of low cost and efficient OER catalysts.

6.2 Computational details

DFT calculations were performed at the TPSSh, M06-L and B3LYP level using the
Gaussian09 software, while BEEF-vdW calculations were performed using the VASP
code, version 5.4.4.208211

To describe the Ru, Mn, Fe, Cr, Co and Ni metals using Gaussian09, the Lanl2dz effective
core potential was used along with f~polarization functions with exponents 1.235, 2.195,
2.462, 1.941, 2.78 and 3.13, respectively.!!” The more electronegative O, N, F, and ClI
atoms were described using the 6-31+G(d) basis set, while the 6-31g(d,p) basis set was
employed for C and H atoms. Molecular structures were optimized in water using the
TPSSh functional and the implicit SMD solvation model (¢ = 78.3553).13! These
geometries were used to generate the data with the B3LYP and M06-L functionals via
single point calculations.

Gibbs energy corrections obtained from the TPSSh frequency calculations were then added
to the potential energies computed with B3LYP and MO06-L. Gibbs energies were
calculated at the temperature of 298.15 K and pressure of 1 atm, except for the isolated
H>0O molecule that was computed at the temperature and pressure at which both the liquid
and gas phases are in equilibrium, i.e. 300 K and 0.035 atm. Relative Gibbs energies are
referenced to H>O and H: in solution, to avoid introducing the error associated with the
modelling of O with DFT methods, and the global reaction Gibbs energy was fixed to the
experimental value of 4.92 eV. To ensure sound geometries, we inspect any intermediate
if atoms coordinated to the metal change, or if a bond distance changes by 20% or more.

2

Grimme D3 dispersion corrections?'? were added via single point calculations at the
P gle p
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optimized geometries, except for the results of MO06-L calculations, as this Minnesota
functional was partly fit to non-covalent interactions.
BEEF-vdW calculations in VASP-5.4.4 were performed using projector-augmented wave

pseudopotentials!?*

and plane waves with a kinetic energy cut-off of 500 eV. The valence
configurations for each element is indicated in brackets beside their symbol: Cr (3d*4s?),
Mn(3d%4s?), Fe(3d%4s?), Co(3d74s?), Ni(3d®4s?), Ru(4d®5s?), C(2s?2p?), N(2s*2p?),
O(2s*2p*) and H(1s). Molecular catalysts were modelled in a unit cell with a vacuum
spacing of at least 15 A in each direction. A self-consistent evaluation of the wavefunction
was stopped once the electronic energy changed by less than 1x107¢ eV, while geometry
optimization completed when all forces on atoms were within 0.02 eV/A with Gaussian
smearing of 0.05 eV. Gibbs energy corrections — using the same conditions outlined in the
previous paragraph — of 0.31 eV and 0.4 eV were added to AE»+ and AEy o+ to arrive at
AGy o+ and AGyp o+, respectively. These corrections were obtained by taking the average of
the Gibbs corrections of a Ru and Fe catalyst, which only varied by at most 0.02 eV. These
values were derived for individual adsorbates using the ideal gas approximation,
comprising the zero-point energy, translational, rotational, vibrational and electronic inputs
to the heat capacity at constant pressure of 1 atm and at 298.15 K, along with the entropic
contributions via the Thermochemistry module provided by the Atomic Simulation
Environment.!3*

The set of ligands seen in Figure 6.1 were chosen as they had seen application in
experimentally realized catalysts, and the charges of these ligands were pre-assigned and
used to define the total charge of the catalyst. The spin state of metals in each reaction
intermediate was determined by investigating which multiplicity was the most stable for a
representative set of molecules. If, for a given metal in a certain oxidation state, one

multiplicity was consistently lower in energy by 0.3 eV, that spin state was assigned
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throughout for all calculations. Following this criterion, all Mn oxidation states, Fe(II),
Co(Il), and Cr(II) were assigned to be high-spin, while all Ru oxidation states, Co(IIl),
Ni(Il), were assigned low-spin. For Fe(Ill) complexes, both high and low-spin structures
were modelled as no prevalent spin-state was determined. The results of this investigation
are shown in Appendix C, Table C1. The spin-states exhibiting the lowest energy were
subsequently modelled using the M06-L and B3LYP exchange-correlation functionals.

The Gibbs binding energies of the different OER intermediates are defined using the

computational hydrogen electrode model'? described in Section 2.6.3, as in Egs. 6.1-6

1
AGyoamny* = Groamy — G« — GHZO(D + EGHZ(Q) (6.1)
1 *
AGHO(IV)* = GHO(IV)* - G* - GHZO(I) + EGHZ(Q) + eEabS (6.2)
AGouvy = Goavy: —Gs = Gryo(,y + Ghyy (6.3)
AGO(V)* = GO(V)* - G* - GHZO(Z) + GHZ(g) + eE;_bS (6.4’)
3
AGhooumy* = Grooamy* — G« — 2Gp,0,, + EGHZ(g) (6.5)
3 *
AGuooavy: = Grooavy” — G = 2Guy00) + 5 Ghygy + €Eaps (6.6)

6.3  Method-agnostic scaling relations

With the 444 catalysts formed via the automatic structure generation outlined in Figure 6.1,
we modelled the HO(IIT)* and HOO(III)* intermediates to investigate the universality and
method-dependence of the OER scaling relation between AGy o+ and AGyp+. To confirm
the robust nature of this relationship, we use a set of four different DFT methods, which
include two widely used hybrid mGGA functionals exhibiting varying degrees of HF
exchange (%), i.e. TPSSh'®? (10%) and B3LYP!%¢ (20%), as well as the m-GGA functional
MO06-L°7 and the pure GGA functional BEEF-vdW.?? The latter functional also allows for

the non-self-consistent evaluation of an ensemble of 2,000 separately parametrized GGA
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functionals, which permits the estimation of errors.”? Details outlining the application of
these functionals is provided in the Computational Methods section. While this GGA
functional is not appropriate for use in describing open-shell systems, we include it in our
analysis to compare our results with prior OER scaling relation studies on heterogeneous
catalysts which tend to employ GGA+U functionals.

In Figure 6.2a, the results of TPSSh calculations for individual catalysts are shown as data
points, while the lines of best fit through each functional are also provided, showing each
line to be essentially parallel, with the intercept of the lines being the only appreciable
difference. Notably, we find that this data can be used to begin to rationalize past decades
of experimental research into monometallic OER catalysts.>* Ru complexes exhibit a
tendency to shift below the line of best fit, meaning these complexes stabilize the HOO*
intermediate to a greater extent than other metals, on average. This phenomenon, which
reduces the minimum theoretical overpotential via the conventional WNA mechanism, was
also noted in a computational study of Ir0, and Srir0O; surfaces, and formed part of the
rationalization for these materials’ impressive activity in acidic media.?!* Similar to Ru, Ni
catalysts are found to deviate from the line of best fit, which we will rationalize later.
Figure 6.2a also reveals that some octahedral Ru complexes bearing the 4a ligand in the

Oct geometry, shown as purple circles, exhibit a AGy - close to the ideal value of 1.23
eV, leading to a AGyo i+ 0f 4.5 €V. Notably, this particular family of Ru catalysts with

the 4a ligand are some of the best molecular catalysts known to date.?>?!* We propose that
this is because they are not constrained to follow the conventional WNA pathway. Instead,
these catalysts are known to undergo an extra oxidation step before forming the O—O bond
via the I2M mechanism.?>>!* These complexes, therefore, avoid the constraints imposed by

the scaling relationship by circumventing the formation of the HOO* intermediate.
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Figure 6.2. (a) Plot
showing the OER
scaling relationship
between  AGyo iy
and AGyoony
spanning  different
DFT methods with
lines of best fit for the
multiple methods and
geometries. The line
of best fit for TPSSh
data was found to be

AGHOO(III)* =
0.894Gho - +
3.41. Data points
correspond to the
calculated =~ TPSSh
data.  The ideal
binding energies are
indicated with the
star. Each marker
represents a distinct
geometry as depicted
in Figure 6.1, with
each colour denoting
a distinct metal. (b)
Plot showing the
scaling plots across
model  space  of
BEEF-vdW and

other GGA
functionals. The
distributions of

values from these
ensembles are shown
in the secondary axes
to  illustrate  the
funtional-
independent  nature
of the scaling relation
using the BEEF
ensemble. The inset
shows the datapoints
with the associated
errorbars derived
from the ensemble of
the BEEF-vdW
calculations.
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To further confirm the robustness and insensitivity to method of the OER scaling, we
applied the error estimation framework utility from BEEF-vdW to represent that relation
for GGA functionals which are within one standard deviation of the mean value of this
ensemble (Figure 6.2b). This was performed similarly in a study on the functional-
dependence of scaling relations,?' although to the best of our knowledge, this is the first
time that the analysis in Figure 6.2b has been done for the OER. In the GGA space, we find
that the distribution of the binding energies for each metal is the same, providing further
evidence that the OER scaling relation is insensitive to method.

Implicit in the extra-oxidation mechanism is the assumption that the one-electron transfer
occurs immediately prior to the formation of what we assume to be the site for the water
nucleophilic attack, the M(V)-O intermediate. However, this M(IV)-O to M(V)-O
oxidation could occur at any point before this, leading to the M(IV)-OH intermediate,
which would be subject to the same constraints on the overpotential inherent in the scaling
relation in Figure 6.2, as evidenced in the oxidation-state independent scaling in Figure C1
in Appendix C.

6.4  Spin-based scaling circumvention

Interestingly, Figure 6.2a also indicates that the AGyoo(1)- values for Ni(IIl) complexes

deviate from the linear scaling relationship. We posit that this is because the HOO(II)*
intermediate allows for these complexes to be stabilized in the Ni(Il) oxidation state, while
the HO(IIT)* intermediate cannot. To support this, we inspected the Ni spin densities in the
HOO(II)* and HO(IIT)* intermediates to use them as a proxy for oxidation state, finding
values of ca. 1.5 and 0.9, respectively. This makes a further connection to recent
experimental findings, where it has been shown that orienting a magnet appropriately with
electrocatalysts composed of mixed Ni, Fe and Zn oxides can significantly enhance the rate

of the OER.2!® The authors proposed that this effect stems from the induced magnetic field
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which facilitates the parallel spin alignment along the OER to yield the triplet oxygen
product. In their case, they invoke the I2M mechanism, while we observe this phenomenon
for a WNA intermediate, although the essential justification is the same; facilitating oxygen
atoms to be spin-aligned, a rate enhancement can occur. Furthermore, a recent perspective
has proposed that the magnetic enhancement effect could be related to a deviation from
scaling relationships.?!”
This prompted us to investigate this hypothesis by inspecting the spin density in the HOO*
intermediate and the deviation of the AGy ooy values from the scaling shown in Figure
6.2a. To do this, we describe the collinearity of oxygen atoms, A, using the Mulliken spin
densities, u, of the individual oxygens in the HOO* intermediate as:

A = po,Ho, (6.7)
The result of plotting A along with the corresponding Mulliken spin density on the metal
(up) in the HOO* intermediate is shown in Figure 6.3, where we identify a distinct region
defined by 4 > 0.1 and u,, > 1 in which Ni catalysts deviating favourably from the OER
scaling lie.
The remaining catalysts in Figure 6.3 are grouped into two regions. The upper left region
denotes Fe(Ill), Mn(IlII) and Cr(IIl) complexes with HS d° d* and d* electronic
configurations, respectively. These catalysts tend to lie above the line of best fit, except for
an Oct-Fe complex which shows a seven-coordinated HOO* intermediate. This geometry
has been shown to be important in Ru OER catalysts.!*> On the other hand, in the lower left
region, we find Fe(IIT), Ru(Ill) and Co(III) catalysts with LS d°, d° and d® configurations,

respectively, which tend to lie below or close to the scaling line.
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Figure 6.3. Graphical representation of the A parameter defined in Eq. 6.7, against the metal
spin density, py, to rationalize the scaling deviation of the HOO* intermediate for Ni
catalysts. The colourbar represents the deviation from the TPSSh line of best fit from Figure
6.2a (inset). The rectangle and parallelogram are used to illustrate the essence of the
relationship found. We note there is not a one-to-one correspondence between the data
points in each shape, that is, not all points in the rectangle are in the parallelogram.

Our calculations indicate that the ligand scaffold is not responsible for the deviation from
the scaling, as H-bonding does not lead to the same decisive effect, as depicted in Figure
6.4. Hence, we conclude that the magnetic enhancement effect can also be leveraged in the

WNA mechanism to facilitate O—O bond formation via the stabilization of the HOO*

intermediate relative to the established scaling.
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Figure 6.4. Graphical representation of the A parameter against the H-bond distance to the
nearest non-bonded O or N atom. This illustrates that H-bonding cannot be used to

decisively explain the linear scaling deviations observed in Figure 6.2a.

The theoretical basis for spin-dependent oxygen electrochemistry has been developed and
examined by Gracia and co-workers.?!3220 In those works, this effect was claimed to be
exchange-mediated, which is borne out by our analysis as we only observe this effect when
using DFT functionals which include HF exchange, as shown in Figure 6.5, where the
effect is seen for B3LYP, but for M06-L, we only see one point decisively below the scaling
relationship, as evidenced by the single dark blue point in the ellipse of Figure 6.5b. We
note that B3LYP and M06-L are functionals with 20 and 0 % HF exchange, respectively.
Our contribution indicates that there is a connection between spin conservation and
circumventing well-established scaling relations, which to be of importance in identifying

cost-effective OER materials.
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Figure 6.5. As in Figure 6.3, we show the scaling deviation as a function of metal
multiplicity, py, and the A parameter for the B3LYP and M06-L functionals. This implies
that HF exchange is required to observe a deviation from the scaling relation among the Ni
catalysts, as a deviation is only manifest for the B3LYP and TPSSh functionals. The group

of Ni points in question are highlighted within an ellipse.

6.5  Catalyst screening

We next sought to test the possibility of near-zero overpotential catalysts via an extra-

4

oxidation mechanism.2** With this aim, we computed the conventional OER

descriptor, AGo vy — AGuoqy+> for catalysts in Figure 6.2a which exhibit a value of
AGuoamy < 1.5 €V, leading to the volcano plot presented in Figure 6.6a. Use of this
volcano representation has found useful application across OER research.!!?2! This upper
limit is chosen to place a lower limit on the overpotential due to AG o1y, Where our aim
is to find catalysts with overpotentials that circumvent the “overpotential wall”. While
catalysts which are close to the peak of the volcano in Figure 6.6a demand a considerable
overpotential, they evolve oxygen via PCETs exclusively, thereby avoiding the building-

up of positive charge.???

Scaling Deviation (eV)
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Figure 6.6. Two-dimensional volcano plots using (a) the conventional OER descriptor
representing a PCET between oxidation states M(IIl) and M(IV), (b) the extra one-electron

oxidation descriptor, in AGy ) — AGo vy, With dashed line denoting the cutoff point of

400 mV overpotential and (c) the OER descriptor representing a PCET between oxidation
states M(IV) and M(V). In a) and c) we present the presumed limiting step based on the
scaling relations. The points with a black outline denote experimentally known OER
catalysts, where we use a square to represent catalysts with pentadentate ligands, since this

geometry is not represented in the set of catalysts generated as in Figure 6.1.

The best leads for future experiments which exhibit a PCET-only mechanism are chosen
s0 that N¢peor. < 0.55, (since this is close to the lower limit of 0.5 V imposed by the scaling
relation depicted in the caption of Figure 6.2a and Figure C1); 4Gy vy < AGhovy+; and
AGuooumy < AGoy+, since we do not want to perform the extra oxidation in this case.
This identifies a 32-Fe catalyst composed of the 3a tridentate and 2a bidentate ligands, as

seen in the labelled catalysts from Figure 6.1. The 32-Fe catalyst is interesting as we expect
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that the bipyrimidine ligand (labelled 2a in Figure 6.1) could be used to immobilize the
catalyst onto a solid support.??* Also included in Figure 6.6 as black-outlined datapoints
are catalysts which are experimentally known to catalyse the OER.

We next investigated whether the complexes with AGy gy — 4Gy < 1.5 eV can

undergo the extra oxidation prior to O—O bond formation by inspecting the one-electron
oxidation descriptor AGo ) — AGo(vy+, leading to the volcano plot shown in Figure 6.6b.
This step is reasoned to be crucial in finding low-overpotential earth-abundant catalysts for
this reaction, and we note that it is required to justify the activity of the Fe and Mn
mononuclear catalysts of the same geometry as the set of catalysts examined in this study.
In particular, we correctly predict near-zero overpotential at pH = 0 for an amidate-ligated
iron complex via the extra-oxidation mechanism, conferring with the experimental
Pourbaix diagram which showed that this step occurred at ca. 1.25 V,??* while correctly
describing the Mn complex with an anionic N-donor ligand as low overpotential (< 0.4 V),
and within the redox potential of the chemical oxidant used.!¢! Importantly, this agreement
with experiment is not possible without considering the extra oxidation, which affords
greater confidence in our predictions of the OER activity. Also noteworthy is the fact that
multiple earth-abundant catalysts lie within the region of low overpotential with n < 0.4
V, although we detail how to further filter catalysts before ultimately suggesting promising
leads.

The volcano plot for this higher oxidation OER descriptor is shown in Figure 6.6c.
Interestingly, we find that Ru and Cr catalysts predominate in the left leg of the volcano,
implying a relative ease in the formation of the M(V) oxidation state, while Fe candidates
lie on either side, and Mn and Co exclusively lying to the right leg of the volcano. In
calculating the overpotential for Figure 6.6c, we calculated the Gibbs energy changes

associated with going between the most stable intermediate for a given oxidation state, an
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approach which we have applied to molecular OER catalysts with two active sites in
Chapter 5. Note that in doing this, there are points which deviate significantly from the
faces of the volcano, since the reaction intermediate we are considering does not necessarily
determine the overpotential.

We note that the volcano peak at (1.7 eV, 0.47 V) in Figure 6.6a is larger than the
overpotential wall reported in Chapter 4, which we attribute to the fact that individual
metals have slightly different scaling relationships and intercepts, as seen in Figure 6.3, and
this difference leads directly to a difference in overpotential walls. In Chapter 4, we
reported a scaling relationship with an intercept of 3.26 eV, where the dataset of molecular
catalysts contained 9 Ru catalysts out of a set of 17, which led to the scaling relation being
overly representative of complexes with this metal.?** As seen in Figure C2, fitting through
the subset of Ru-containing data generated as a result of this screening led to an intercept
of 3.25 eV, and a slope of essentially 1. The other catalysts with slopes close to 1 all have
similar or higher values for their intercepts, leading to higher overpotential walls and
therefore less room to identify a low overpotential catalyst.

With all the knowledge acquired above, and using the data from Figure 6.6, we can now
propose catalysts for experimental realization based on predicted overpotentials less than
400 mV and consisting of earth-abundant metals. For this, we filter candidates by enforcing

that AGo vy < AGuooqmy* so the extra oxidation is possible, and that the Gibbs energy
change associated with the atom-proton transfer (APT), AGy oy — AGo(vy+, be less than

1eV, as this is the largest value exhibited by the set of transition metal complexes known
experimentally to catalyse the OER (in particular, the red square in Figure 6.6b). Aside
from the overpotential, we also need to determine what conditions the catalyst is predicted
to evolve oxygen under. To properly determine which mechanism is expected to occur, the

pK, for the HO(IV)*/O(IV)* pair needs to be calculated. Doing this using only the Gibbs
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energy differences of the transition metal species involved has proven challenging in protic
environments such as water.??> However, we use an OER-specific descriptor for the pKy,
created by reproducing Pourbaix diagrams and described.

We approximate the value of the pK, for the M(IV)-O/OH pair using the following

equation:

1
GO(IV)* - GHO(IV)* + iGHZ + 4.28
PKaojomy = 0.05% (6.8)

where each G value is in units of eV. We can understand this approach as a calculation of
the intersection of the relevant redox species on a Pourbaix diagram for M(IV) to M(V)
electron transfers using the 0.059 mV/pH unit. This is because the redox couple M(V)—
O/M(IV)-OH is calculated as AGgyy- — AGovy- and varies with pH by 0.059 mV per
pH unit. Then, the M(V)-O/M(IV)-O redox couple is calculated as AGyyy- — AGovy*
and does not vary with pH. Therefore, the intersection of the redox couples, which occurs

at pH = pKy(0/0m) On a Pourbaix diagram, can be found by equating:

(AGO(V)* - AGHO(IV)*) - 0.0Snga( ) == AGO(V)* - AGO(IV)* (6.9)

o
OH
If we solve for pK,,om), and replace the binding energies with their individual

components, we retrieve Eq. 6.9. This can be compared to the classic scheme to calculate

pKa values:

H+
~(Goavy* = Groavy*+6lag) )

PKao/omy = —10g10 € RT (6.10)

where G(chfl; denotes the Gibbs energy of solvation of a proton in aqueous solution for

which we take the value of —11.803 eV,??¢ derived by Tissandier et al.



Screening Molecular Water Splitting Catalysts 105

In doing this, we attempt to predict which mechanism can occur under certain conditions.
Casting this value in terms of our OER mechanism; when Eqgs. 6.8 and 6.10 are less than
0, the extra oxidation mechanism is predicted to occur for this catalyst above pH = 0.
In Table 6.1 we see the results of the predicted pK, values for experimentally known OER
catalysts. Where possible, these values are compared with the experimental pK,, taken from
Pourbaix diagrams for the given complex.

Table 6.1. Predicted pK,/on) values for experimentally known catalysts with

experimental values taken from Pourbaix diagrams provided in the references.

Catalyst PKokEq 6.8 PKaEq 6.10) PKgexp Ref.
a[Ru(1T)(bda)(is0q):] 9.1 7.7 5.5 25
b[Ru(IT)(bpe)(bpy)(H20)]" 49 6.2 <0 159
“[Ru(IT)(tpy)(bpm)(H20)>* 8.6 98 <0 157
d[Fe(TIT)(dpaq)(H20)]>* 3.1 1.8 <1 224

2 (Hzbda = 2,2'-bipyridine6,6’ -dicarboxylic acid; isoq = isoquinoline)

® (bpc = 2,2-bipyridine-6-carboxylate, bpy = 2,2'-bipyridine)

¢ (tpy = 2,2":6',2"-terpyridine; bpm = 2,2'-bipyrimidine)

d(dpaq = 2-[bis(pyridine-2-ylmethyl)Jamino-N-quinolin-8-yl-acetamido)

While we acknowledge that Eq. 6.8 can lead to errors on the order of up to 3.6 pK, units,
one can determine whether a given mechanism should occur with reasonable certainty.
We therefore use this to determine catalysts to suggest for experimental realization via the
extra oxidation mechanism while also considering pH-dependence. With this, in concert
with the data shown in Figure 6.6, we propose catalysts for experimental realization on the
basis that predicted overpotentials which are less than 0.4 V and consist of earth-abundant
metals. Correctly identifying catalysts undergoing the extra oxidation mechanism this
mechanism is only possible if the OER descriptors are sampled at the correct oxidation

states, leading to the ability to assess the resting state of the catalyst prior to the formation
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of the high-valent M(V)-O species. Filtering based on the pK,, such that the extra oxidation
occurs, leads to 3 promising Cr-based catalysts, highlighted within the red rectangle in

Figure 6.7.
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Figure 6.7. Catalysts found from the computational screening with overpotentials less than

400 mV, Wthh haVe AGO(V)* < AGHOO(III)* and AGHOO(III)* - Aco(v)* <1eV. The Cr

catalysts highlighted in the red box are most promising having been further filtered on the
basis that these catalysts can perform the extra oxidation at low pH. The theoretical
overpotential for each catalyst at pH = 0 is provided alongside each structure. The

monodentate pyridine ligand is represented as py for simplicity.

6.6  Metal-specific scaling relations

Taking the data presented in Figures 6.6a-c, we establish metal-specific scaling relations
between AGyoirvy: and AGoyvy+, shown in Figure 6.8. Notably, Co and Cr exhibit
different slopes to the set of Mn, Fe and Ru catalysts, while two scaling relations are shown
for Cr as the linear fit for oxidation-state specific scaling relations differ considerably for
Cr, which is not the case for the other metals. Another interesting facet of these linear fits
is the difference in the intercepts of the Mn, Fe and Ru set of metals, wherein the oxo-

formation energy of Ru at a given binding energy, for either oxidation state, is ca. 0.2 eV
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lower than for Fe and Mn for either oxidation state, thus indicating that forming high-valent

intermediates is comparatively easier for Ru in complexes with the same AGyo(11,1vy*-

) Co

) Ru

507 @ cr
X=1

O xX=1Iv

AGo(x+/)* (eV)

Figure 6.8. Metal-specific, cross-oxidation state scaling relations with lines of best fit for
each set of metal-specific relations. Outlines of points denote the oxidation state of the
HO*, O* pair. Two scaling relations are shown for Cr as the oxidation-state specific scaling

relations differ considerably, which is not the case for the other metals.

The sensitivity of the slope to separating by metal in the scaling relations requires further
discussion. On the basis of the d-band model,??” which is the bedrock of scaling relations,
these slopes should equal 2. However, there are often deviations from this behaviour in
studies of both heterogeneous and homogeneous catalysts.”!?*® The justification for
predicting a slope of 2 was predicated upon assumptions derived from effective medium
theory that less electron density is required to stabilize metal active sites upon the addition
of a hydrogen atom to an O adsorbate.??” Yet, we note that this would not be the case in
radical metal-oxyl (M—O¢) fragments since the electron which forms the bond with H
would not have been associated to the electron density of the complex, but only with the
adsorbate. In fact, we observe this for Co, wherein the spin density on the metal centre

remains the same in going from HO to O despite the d-electron count varying from d* to
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d®. This is enabled by the oxyl moiety (along with the organic ligand at Co(V)-O* and
Co(IV)—OH) hosting spin density to allow for the reduction of cobalt to a LS-Co(III) with
a d® electronic configuration. For this reason, the bonds between the Co-O(IV, V)* and
Co(III, IV)-HO* species are of similar order, leading to a slope of ca. 1 in the scaling plot
depicted in Figure 6.8. A similar effect is observed in Mn(IV)-0O, Fe(IV, V)-O, Ru(IV, V)-
O, with the metal only slightly oxidized in going from HO* to O* complexes. From these
observations, we can approximate the expected slope for these metals as:

A(spin on 0)yo* -0~

Myred.(11) = (611)

- A(spin on M- 0) g0+ 0
where the numerator denotes the average spin density change (for a given metal) occurring
on the oxygen in the adsorbate in going from the HO* to O* intermediate, and the
denominator denotes the average total spin density change in both the metal and the bound
oxygen. However, we note that this equation falters in the case of Mn and Cr as the metal-
oxygen spin pairing is antiferromagnetic in nature for Cr(V)-O and a mix of both
ferromagnetic and antiferromagnetic for Mn(V)-O species. Indeed, spin-based non-linear
d-band model refinements have been proposed for ammonia adsorption on heterogeneous
catalysts.?3°

Creating lines of best fit through the antiferromagnetic complexes in Appendix C, we

observe a slope less than 1. In these cases, the slope can be predicted by using Eq. 6.12.

A(spin on 0) o+ 0"

Mprea.y) = 1 (6.12)

- A(spin on M- 0) g0+ 0
The results of using Eq. 6.11 to predict the slopes of lines of best in Figure 6.8 are also
outlined in Table 6.2, wherein we see an impressive agreement in predicting the slopes for
Mn(V)-O and Cr(V)-O. We can now see that the slope of the combined Mn(IV, V)-O
scaling relation is the combination of the ferromagnetically and antiferromagnetically

coupled species, which leads to different slopes when separately fitted. We note that the
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cluster of Cr(IV)—O points (black circles with yellow outlines in Figure 6.10) are the most
closely-packed subset of data, which may obscure the true scaling relation due to the
sensitivity of the lines of best fit to new points that lie outside the bounds of the considered
points. Thus, altering adsorbates does not affect all metal active sites in a uniform way, an
implicit assumption of cross-metal scaling relations. These results highlight the value of
studying the effect of fitting subset-specific scaling relations and make a compelling case
for revisiting scaling relations involving O* and HO* binding energies and using

magnetism to guide deviations away from these relations towards optimum activity.

Table 6.2. Predicted slopes using the spin-based descriptors from Eqs. 6.11 and 6.12. The

slope m was found by fitting the line of best fit to the relevant subset.

Catalyst Set m Mpreq 1ty Mpred.(1))
Co(IV, V) 0.96 1.06 -

Ru(IV, V) 1.27 1.25 -

Fe(IV, V) 1.18 1.24 -

Mn(IV, V)? 1.66 1.43 -

Mn(V)® 0.92 - 0.76
Cr(IV) 1.33 1.96 0.96
Cr(V) 0.88 - 0.85

2 Slope fitted by including only Mn(V) species which are ferromagnetically spin-coupled,
of which there were four, shown in Appendix C.

® Mn(V)-O species with antiferromagnetic spin coupling, seen in Appendix C.

6.7 Convergence analyses
One may note that there are not actually 444 datapoints in every plot of the scaling relations,

this is since not every calculation for every intermediate converged. The trade-off we made
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was to only focus on those catalysts for which there were only a few intermediates to be
completed to allow us to get all the binding energies that were required. In doing so, some
catalysts are not plotted, simply because some intermediates did not converge, or had an
associated imaginary frequency. In Figure 6.11, we plot the metal and intermediate for
which the highest proportion of the calculations were not successful, for reasons which
include convergence issues and imaginary frequencies. From this we note that the vacancy

calculations tend to be problematic, as well as Fe and Mn calculations for other

intermediates.
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Figure 6.11. Most frequently failed combinations of intermediate, metal combinations, the
remaining fraction in each case represents the proportion of successful calculations. We
divide the failures into those that failed due to the geometry not resting within a stationary
point, i.e., there is an imaginary frequency present in the frequency analysis of the PES, we
colour those cases red and label them ‘Imaginary frequency’ and the calculations which

failed for other reasons we label as ‘convergence failure’.

Future studies could neglect the vacancy intermediate, since 5-coordinated molecules are

rare in comparison to octahedral ones; the use of this vacancy intermediate is a result of
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matching the typical modelling practice followed in computational studies on
heterogeneous catalysts, where the vacancy intermediate is often a coordinatively
unsaturated metal site. Since the formation of HO* does not typically limit OER, the choice
of reference for the vacancy intermediate may not matter, and so we may suggest using a
coordinating water so that the reference coordination is octahedral and thus may converge
more reliably. We use this information in the following chapter by only calculating OH and
O intermediates to arrive at a value for AGo vy — AGopy- Without considering the
vacancy intermediate, since we are only interested in predicting the energy change for a
single step in the following chapter.

6.8  Conclusions

In this chapter, we have tested our design principles from Chapter 4 to highlight potentially
interesting candidate catalysts for the OER. To do this, we automated the generation of
complexes from distinct combinations of ligand orientations around metal centres
consisting of Cr, Mn, Fe, Co, Ni and Ru. In doing so, we confirmed a scaling relationship
across methods, showing an increasing intercept in this linear relationship for increasing
HF exchange, and showed that this increase in exchange also led to a favourable deviation
in the scaling for Ni-based catalysts due to the alignment of spin densities on OOH
fragments. We then set out to identify catalysts which have low overpotential and follow
the extra oxidation mechanism laid out in Chapter 4. Further filtering these catalysts, so
that only those which are predicted to be able to follow this mechanism in acid, led to the
identification of three Cr-based complexes with promising activity. Finally, using this data,
we showed the fundamental thermodynamic constraints on the binding energies for each
of the metals by demonstrating each metal element had unique AGy+ vs. AGy o+ scaling

relations, justifying the ascendency of Ru-based catalysts on the grounds that the energy
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required to form higher valent intermediates is lower across oxidation states for this
element.

In the following chapters, we shift focus towards heterogeneous catalyst stability, though
the impetus behind this is driven by our understanding of the importance of oxidation states

outlined by the data in this chapter.



Oxidation State Analysis for Binary Oxide Stability Prediction 113

Chapter 7  Oxidation State Analysis for Binary Oxide

Stability Prediction

7.1  Introduction

The construction of phase diagrams is a time-consuming process experimentally, and while
DFT has allowed for the calculation of phase diagrams from first principles,!*6-23!
populating these for the entire periodic table is too computationally demanding. An
approach which saw widespread application in metallurgy was to simply calculate the
formation energy of a ternary compound ABC from equal weights of AB, BC and AC
formation energies.?*?> More recent work extended this approach by correcting for the fact
that taking weighted averages tends to underestimate formation energies systematically,
leading to a MAE of 0.12 eV/atom across binary compositions of metals and demonstrating
how simple heuristics can lead to impressive results.’** Elucidating an approach to
formation energy prediction with appropriately high fidelity holds great potential in
materials discovery, since this quantity determines the AE},,,;;, described in Section 2.7, and
thereby the stability of a given material with respect to phase segregation. Widely available
databases of calculated crystal structure properties have naturally led to numerous
predictive models of these properties.?*4237 A most impressive machine learning model
applied to general stoichiometries, known as Roost>*® (Representation Learning from
Stoichiometry), uses neural networks to form dense graph networks which can be used to
learn the appropriate representations of general inorganic materials. This method can
achieve 0.03 eV/atom accuracy when training over the lowest energy polymorphs in the
OQMD*® dataset. Another method is the crystal graph convolutional neural network

approach from Xie and Grossman,?*® which is within the inherent error of GGA+U
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formation energies for oxides.?** Such methods could be ideal to use in addition to the
approach described in this chapter, since the representations would not need to ‘learn’ about
oxidation states. However, these methods tend to require on the order of tens of thousands
of example calculations (e.g. Roost required over 200,000 training datapoints to achieve
the quoted accuracy). Thus, these methods are highly data-intensive, very biased towards
the pre-existing datapoints in computational materials databases and effectively
uninterpretable in that there is no way to understand a specific prediction with respect to
chemical or physical concept.

In this chapter, we begin by mining computational materials databases to analyse formation
energies of unary and binary oxides, leading to an analysis of oxidation state changes for
earth-abundant elements (i.e. Cr, Mn, Fe and Co) which would be ideal for use in
commercial electrolysers. We restrict our analyses to oxides since these are the most
technologically relevant for the OER,>** while the impetus to study oxidation states
specifically is a result of the analysis in Chapter 6 which demonstrated their influence on
binding energies for this process. These results then lead to the development of a scheme
to predict formation energies in binary oxides with a physics-based charge balancing
scheme which can predict formation energies with errors of 0.09 eV/atom for A;_,B,0,
stoichiometries (where z varies from 0-1) for elements across the periodic table. This
scheme allows for the prediction of oxidation states within an oxide, the ideal concentration
across a constrained convex hull diagram, and the oxide formation energy. Taking each of
these capabilities in concert highlights the interpretability of the scheme while its generality
is showcased in its application to elements across the periodic table.

7.2 Computational details

We begin by querying the Materials Project API using the python package pymatgen to

gather data on binary and unary oxides. Our aim is to analyse the variation in the formation
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energy of binary oxides with general formula A;_,B,0, by calculating their relative
stability, 64, _p o, With respect to their constituent unary oxides, AO, and BO,. For this,

we use the difference in formation energies between the observed Materials Project
formation energy of a binary oxide, AEf(a,_,B,0,) and the weighted average of the unary
formation energies

841,80, = AEf(a,_,8,0,) — (1 — 2)AEf(a0,) — 2AEf(50,) (7.1)
We note that 84, _p_ o, is calculated if each of the three oxides represented in the above
equation have similar structures. To compare these, we have used a structure similarity
metric defined by pymatgen which finds the nearest neighbour for every atom to define a
site and then collect statistics about the nature of the site within a vector of length 61, where
each value in the vector represents the likelihood that the site corresponds to a certain
structural motif.>*! We include a detailed outline of one value contained in this vector in
the subsequent paragraph, and this is one example of the values known as order parameters
(OPs) to define equations which use rotationally invariant spherical coordinates to
mathematically define likeness to a certain structure type. For a tetrahedral coordination,

for instance, it is calculated via the OP shown in Eq. 7.2

. Nngn Nngn
e = > fen(r) Y cos’ (L5 exp(m)}  (7:2)
tet Nngh(Nngh — 1)(Nngh - 2) = ( 1) &, m
 —(6; — 109.47)?
Vi= 2462 (7:3)

with Ny, 4, representing the number of neighbours bound to a central atom i, 6; is the polar
angle which j and k form with respect to the atom with which they are both bound, i, ¢ is
the azimuthal angle between the i — m bond and the plane formed by i, j, and k, and 48 is

set to the empirically-determined value of 12.*? The Gaussian functions in the above
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equation represents the notion that these polar angles should be close to the expected value
of 109.47°.
Each of the 61 OPs vary from 0 to 1, with 1 representing exact match to a given structural
motif and 0 meaning no resemblance. The other OPs represent the likelihood a motif is
octahedral, body-centred cubic, face-centred cubic and hexagonal close packed. The
product of these likelihoods is used to make up the 61-length vector for a given site. Over
the entire structure, this vector is calculated for every site, leaving us with a matrix with
the number of rows matching the number of atoms and the number of columns equal to 61.
Then the minimum, maximum, mean, and standard deviation for each of the 61 values is
taken as a structural fingerprint for a given structure, v, To compare two structures,
we calculate the distance between these vectors, as shown in Eq. 7.4

d =|| vistruct _ vjstruct I (7.4)
This value d is then used as a threshold where two structures are deemed similar if d is
lower than this value.

The python scripts to carry out the analyses presented in this chapter are available on the

open-source repository GitHub at: github.com/michaelcraiger/oxide formation energy.

7.3 Materials project data analysis

7.3.1 Structure similarity

We wish to understand how changes in oxidation states of individual elements in binary
oxides influence their stability. There are of course other sources of stabilization separate
to charge balancing via oxidation state changes which we do not wish to consider as we
can loosely capture them under the umbrella of morphology-related stabilization. Thus,
there is a need to minimize the influence of structure on 84, g o,. To do this we vary d,
defined above, from 0.1 to 1.5 in intervals of 0.1 and plot 84, g o, as a function of this

parameter. In Figure 7.1, we note that for d = 0.1 we have &4, _p 0, & 0, which means
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that the binary formation energy could be calculated directly from the unary oxide
formation energies. This is useful in itself since it indicates that taking the weighted average
of the formation energies of oxides is predictive of binary oxide formation energy in the
restrictive case where each of the three oxides share near-identical morphologies. As we
increase from d = 0.1, we see a mostly monotonic increase in the mean value of 84, g o,,
and from this analysis we took a threshold of d = 0.5 since this balances allowing the most
comparisons while minimising the introduction of noise into 84, g ¢,, Which could be

attributable to structural variations.
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Figure 7.1. Calculated mean value of binary oxide stabilisation in A;_,B,0,, 64, 5,0, 88
defined in Eq. 7.1 against the similarity threshold, d, defined in Eq. 7.4. We allow for
measurements of this value in cases where the structures to be compared, 4,_,B,0,, AO,
and BO, are deemed similar since, when each oxide is compared, their structures lie within
a given similarity threshold d, which is the Euclidean norm between two structure

fingerprint vectors.

7.4  Oxidation state analysis
To track changes in oxidation state in unary and binary oxides, we calculate the weighted
change in bond length for a given material. Namely, given A;_,B,0, where z = [0- 1], we

calculate the mean bond distances between A- 0 and B- 0 (Ug-0,4, ,8,0,> HB-0,4,_,B,0,>
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respectively) and compare each of these averages to the mean bond distance for A and B in
AO;, and BO; (Ua-0,40, and Up_¢po,), Where we count bonds when the interatomic
distances are within a cut-off radius of 2.5 A. Then we calculate the weighted bond length

change over the oxide for each element according to
(MA—O,AOZ - .uA—O,Al_ZBZOZ)(l —z) (7.5)

(.uB—O,BOZ - HB—o,Al_zBZoz)(Z) (7.6)
and compare bond length shifts whenever each of the three oxides, AO,, BO,, A;_,B,0,
lie within the threshold for the similarity metric of d = 0.5 for each of the three pairings of
materials so that AO,~B0,~A,_,B,0,. A negative value in the Eqs 7.5 and 7.6 indicates
that the bond length in the binary oxide is lengthened with respect to the unary oxide,
meaning that the element is more reduced in the binary material, whereas positive values
indicate that the element is more oxidized. We perform this calculation for the subset of
Cr, Mn, Fe and Co-containing binary oxides in the Materials Project database, with the
result of this analysis shown in Figure 7.2. Here note that for each of the metals, the largest
stabilisation, i.e. lowest 64, _p o,, is seen when the metal is reduced, and that in each of
these cases there is a seemingly complementary shift in the bond length shift of the other
element. In the Materials Project, each of these first-row transition elements are unstable
as A0, relative to their most stable phases, with Cr and Fe preferring corundum phases
A,05; with oxidation state 3+, Mn the spinel Mn;0,, and Co the rock salt CoO with
oxidation state 2+. We nevertheless study these oxides to gain an understanding for how to
construct a method which can forecast formation energies for oxides of any stoichiometry

based on the stabilisations which are a result of changes in oxidation state.
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Figure 7.2. Weighted change in bond lengths for Cr, Mn, Fe and Co-containing binary
oxides with respect to the MO, bond lengths, with negative values denoting that the given
bond length is shorter in MO, than in the binary oxide. These shifts are plotted against the
stabilization 8, _p o, energy from Eq. 7.1 for that oxide, and the shift in bond length for

both elements —calculated as in Egs. 7.5 and 7.6 — within the binary oxide are plotted, where
the dashed line is drawn to illustrate that the two elements A and B are contained in a certain
binary oxide.

Having shown that oxidation state disproportionation could be a common source of
stabilisation across oxides, we focused specifically on the effect of doping rutile Cr0,. The
effect of calculating 6, where only MO, rutile morphologies are compared, is shown in
Figure 7.3, where we note that disproportionation in oxides again appears to drive stability
within this subset of oxides. Using this approach, we again observe that Cr reduction,

represented by a lengthening of Cr—O bond lengths, appears to belie stability in chromium-
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based binary oxides, and one can see a rough correlation between the Cr—O bond length

shift and stabilisation.

0.10 T . Ir
|mp-773120, Cr, Mn _.O,| g W
0.05 1 ® 8 Cr
Nb
£ 0001 mp-1101261, Cr, .V, ,,0, °
8 G-mmmmmmmmmm e © OV
< -0.051 O Mo
> € e telntelntulnleteltelteletele R0)
= —0.101 mp-753633, CrIr, O,
5 0. 5o,
& R S ©
¥ 0157 mp-1213733, Cr, Mo, O,
S ~0.201
-0.251 mp-758053, Cr, ;Nb, O, |mp-19894, Cr, ;W ,,0, |
_0.30_ G___GI.________________I__________________I_________________I_______ﬂ___I_.O
-0.04  -0.02 0.00 0.02 0.04

Bond length shift (A)

Figure 7.3. Stabilisation against bond length changes in binary oxides with respect to their
pure unary rutile counterparts, with the y-axis representing the deviation from weighted
formation energies described in Eqs. 7.4 and 7.5. Dashed lines connecting the elements
which make up the binary oxide are drawn to demonstrate that the shifts are centred roughly
around 0, to anchor the labels of Materials Project ids and associated stoichiometries are

found along each line.

Next, we set out to determine quantitative measures for the propensity of each element
towards a given oxidation state. To do this, we simply take the difference in Materials
Project-calculated formation energies between Cr0O, and Cr,0;, and the difference
between M0, and that M O, which would exhibit an appropriate oxidation state to make the

average oxidation state of the material 4+; given Cr is assumed to be 3+, i.e. for mp-19894
(C1o.67Wo.330,) we require W oxidation state (since 4 = 3(2) + 6(?)) so we take the

difference in formation energy between W0, and W 05. To represent points which do not
exist in the Materials Project, we calculate the formation energy at the convex hull of the

M-O phase diagram, i.e. the projected formation energy of hypothetical Ir,05, M0,0s,
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V4,09, Mng0,5; materials, which are chosen so that their assumed oxidation state, % for

oxide A,0;, and the assumed oxidation state of Cr in 3+ make the overall oxidation state
of the binary oxide 4+. The projected formation energy and required oxidation states for

each of the six cases in Figure 7.3 are shown in Table 7.1.

Table 7.1. Formation energies (in eV/atom) for reference MO, compared to that MO,
presumed to represent the oxidation state of the material if the binary oxide in Figure 7.3

contains Cr>*.

Cry_;M,0;  AEfmo,y Cr3*F, M AErwo,) AErwo,) — AEfmo,)  Ocry M0,

- -2.05 - -2.37 -0.32 -
Croc/Woss0, —1.94 Cr3t,wst 219 _0.25 029
CrosNbosO, 290 Cr3+ NpS* -3.03 _0.13 029
CrosMogs0, —2.02  Cr3*,MoS* —1.97' 0.05 _0.13
Crosl7550, -1.26  Cr3*,Ir5t 1121 0.14 —-0.06
CrossVog O, —229  Cr3+,y45+ 2301 0.10 ~0.02
CropsMng,s0. —1.79  Cr3t, Mn*3 —1.947 0.07 —-0.04

¥ The formation energy for this value is calculated by projecting between points on the

convex hull as opposed to using values in the Materials Project.

Using the data from Table 7.1, we can define proxies for the gain in stability of elements
in being oxidized or reduced by taking the difference between the preferred MO, and MO,.
To account for cases such as Mn-doping, where no bond length changes, and therefore no
oxidation state appears altered, we need a way to represent the relative amount that Cr is

reduced. To do this we set a hypothetical percentage of Cr reduction, y,, which we set to
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be 1 in the Cr-W case since this structure has the longest Cr—O bond in Figure 7.3. Then,
the fraction of Cr reduction in each other case is set to the fraction of the bond lengthening
that is seen, and the oxidation fraction for the other element is the same. We then multiply
the resulting product by the fractional metal concentration of that element in the oxide
relative, i.e. z in Cry_,M,0,, leaving us with a predicted stabilisation, which we denote

Ocr,_,M,0,> for a given Cry_,M,0, of

Ocr,_mo0, = (1 = 2)(AHscry0,) — AHpcroy ) Xer + (2) (AHr o,y — AHpmo,)) Xm (7.7)
We plot this heuristic energy defined in Eq. 7.7 against §,, g o, revealing a slight
correlation in Figure 7.4. The reduction and oxidation of similar pairs of elements appears
to occur in Figure 7.2 across Cr, Mn, Fe and Co-based oxides; for instance, Sb, W and Te
are alloyed elements which show lower values of 8¢y, yn,re,co),_,m,0,- This is promising
when taken in tandem with the data shown in Figure 7.4 which indicates that the formation
energies of unary oxides could be used to predict binary oxide formation energies. This
simple scheme appears as though it could be applicable to a wide class of materials which
has inspired the development of a methodology which extends this scheme. Effectively we
need to construct measures of the propensity of elements to be certain oxidation states based
on their unary formation energies, and test whether this can be used to predict binary oxide

stability.
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Figure 7.4. Result of plotting the ¢, __u o, value as shown in Eq. 7.7 against the observed
8cr,_,m,0, (Eq. 7.1) values from MP. The line y = x is drawn as a dashed to show the

decent parity between the two variables as well as an equation of best fit through the
datapoints (R = 0.9).
7.5 Formation energy prediction via oxidation state
The insights drawn from the previous section impelled a study across the periodic table,
with the specific goal of highlighting potentially interesting acid stable catalysts or supports
for the OER. Clearly, the method applied above is not predictive since it can only be applied
a posteriori by measuring bond lengths in optimized structures. Instead, to more generally
describe the propensity of a given element to be oxidized or reduced when mixed, we fit
quadratic equations through formation energies of the most stable entries in computational
materials databases across M:O ratios. For each element, M, we have quadratic equations,
foxmo,(X) and freq mo,(x), which take the general form

foxreamo,(X) = a1x* + azx (7.8)
where a; and a, are determined by ordinary least square fitting over the formation energies

at the standard state, with formation energies calculated by MP outlined in Section 2.8. We

provide further details on fitting these equations in the subsequent section, and in what
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follows focus on the mathematical details of our model. Then, x is used to represent the
way unary oxide formation energies change in response to oxidation and reduction and it
is applied as a dimension along a phase diagram. We set the origin at the stoichiometry we

wish to represent, for example M 0,, and we fit two quadratic equations from that origin,

. . 2c 2c
where given an oxide 4,0,, x = —or for A,By0., x = 7

In Figure 7.5a we fit quadratic equations over the standard formation energies for the
oxidation of Ir, fo 1r0,(x) = 0.11x, and the reduction of Cr, freq cro,(x) = 0.43x% —
0.82x, where we use Cr0, and Ir0, as our (0, 0) point, and fit through the points which
form the convex hull in the direction of oxidation or reduction. Given Cr,05 is the
chromium-based oxide with the lowest formation energy at standard state, this curve is a
mathematical representation of the fact that Cr’s preferred oxidation state is 3+. The

fox1ro0, (x) is shaped linearly, with IT03 just piercing the hull formed by I70, and O..
To maintain charge balance, we constrain the average oxidation state of the material

A,B, 0, to the oxidation state azi. We then enforce that the mixed compositions have the

same fixed average oxidation state as the unmixed oxides, in this case 4+. If we use o and
r to represent the oxidation and reduction of a material A;_,B,0,, then to keep the
oxidation state constant when mixing we need:

o(l—2)—r(z)=0 (7.9)
And use a change of variables in x to balance the equation, setting 0 = x(z) andr = x(1 —
z). This allows us to take appropriately weighted averages of the parabolic equations from
Eq. 7.8 to represent the propensity to mix. For instance, a Cry, 517 50, stoichiometry could

observe Cr**, Ir’" oxidation states, while Shy 7 Niy 330, could exhibit oxidation states Sb>*,
0.67 0.33Y2

and Ni?" under this scheme, such that the overall oxidation state remains 4. In real systems,
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however, such ideal oxidation mixing eventually breaks down, and further compensation

occurs via oxygen or metal vacancies, or interstitials.
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Figure 7.5. a) Fitted parabolic equations for Cr and Ir, with fitted datapoints indicated by
the stoichiometry of the material, and with x-axis for an oxide A,0,, given by x = 2a_c b)

Weighted averages of the equations in a), dependent on the concentrations of Cr and Ir, z,
the minima of those curves are used to denote AC(, __cr,0,) as in Eq. 7.10. The x-axis here
represents X, the overall oxidation state change, without being weighted by concentration
with the points representing the minimum of the curve. ¢) The minima of the curves plotted
in b), plotted as a function of z, with the predicted oxidation states of each element shown,
and derived by taking the product of x;,; and the relevant concentration. The dashed line
is to guide the eye connecting the values for z = 0, 1. d) Convex hull phase diagram

constructed using 4D 4, g 0,) from Eq. 7.12 compared against a calculation in MP.

To mathematically define a combination energy, AC, we use the parabolic equations

fox,AOZ (x), fred,AOZ (x)a fox,BOZ (x)a and fred,BOz (x) fOI‘ a hyp()thetical material Al—ZBZ 02
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and test both combinations of oxidizing and reducing either of the constituent elements,
which leads to:
AC = miny(fox,a0,(x2) + frea,po,(x(1 = 2)), frea,a0,(X2) + fox,po,(x(1 — 2))) (7.10)
In Figure 7.5b we show Eq. 7.10 for varying values of z for the specific case of Ir oxidizing
and Cr reducing, where the minimum is shown as a point along the weighted average
curves. Taking that minimum from the weighted parabolic equation, with respect to x,
where possible, represents the stabilization driving force that can be induced by mixing
these elements, and can be performed for an arbitrary concentration z, as shown in Figure
7.5¢. Then, to represent a mixing formation energy with respect to segregation against Cr0,
and Ir0,, which represents a deviation in weighted formation energies of Cr0, and Ir0,,
we define AD, 1-2B70y) with:
AD(y, B0,y =0 for z=1{0,1} (7.11)
To enforce this, we calculate the formation energy of mixing using the endpoint
calculations of Eq. 7.10, that is:
AD 4, _,8,0,) = ACa,_,B,0,) — (1- Z)AC(Alsooz) — 24C(4,B,0,) (7.12)
To ensure the condition in Eq. 7.11 is met, set z = 0 then we note the third term is zero and
the first and second term cancel, set z = 1 and the second term is zero and the first and
third terms cancel. This AD value can then be thought of as a deviation from the weighted
average in formation energies of the respective endmembers, thereby allowing for a
predicted formation energy:
AEfa,_.B,0,) = AD(a,_,B,0,) + (1 — 2)AEf(a0,) + ZAEf(p0,) (7.13)
This general method can be used to predict formation energies given any relative

concentration z, and we can compare our predicted 4D (4, __p,0,) Values with those which

have been observed by previous calculations in the MP by setting values of AEf (4 pyo,) by
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choosing the most stable unary oxides in MP and comparing their weighted average to

AEf(4,_,B,0,)- We demonstrate the application of this method to predict AD( A1_7B,0,) for

mixing Cr and Ir in the MO, stoichiometry, as seen in the convex hull phase diagram
constrained to the Iy _,Cr,0, phase space in Figure 7.5d, where we observe a deviation of
0.03 eV/atom between our prediction and the observed I, 5 Cry 50, material in the MP (ID
mp-753633). This scheme therefore holds promise as a rapid means of garnering a
prediction for the minimum energy over a span of concentrations for a given stoichiometry
as well as the oxidation states of the respective elements. In the case outlined in Figure 7.5,
we can read off the predicted oxidation states of Cr and Ir by noting the value of x which
minimizes the curves in Figure 7.5b and multiplying that value by the concentration of the
other element. We see that for z = 0.5 the minimum is for x = 1.5, multiplying this change
by z so that the change in oxidation state should be 0.75 relative to the MO, unary oxide.
So, Cr and Ir should have oxidation numbers of 3.25 and 4.75 respectively.

This methodology can, in principle, be applied to any combination of elements provided
formation energy data about the M:O stoichiometry attempting to be mixed, and preferably
data for other stoichiometries to construct appropriate parabolic equations for use in the
outlined scheme, is available. In the next section, we detail the protocol for fitting these
parabolic equations.

7.6  Parabolic equation fitting

To gather data for the fitted parabolic equations we use the computational materials

databases MP® and OQMD.® Our stipulations for the form of the parabolic equations are:

1. The resultant parabolic equation should pass as close as possible through the material
with the lowest formation energy for a given element. This respects the preference of

a given element to be in a certain oxidation state.
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2. The curve should avoid linearity where possible and must avoid being concave up.

This is enforced by setting the second order coefficient to zero if it is negative.

The way we decide which points to fit to a parabolic equation is element-specific, and to
some degree arbitrary, since constraining the ordinary least squares regression analytically
severely restricts the possible space of parabolic equations. If we were to assert that the
slope of the parabolic equation is zero at the lowest energy material, then the form of the
parabolic equation is forced to be symmetric about that point, regardless of the presence of
other materials of different oxygen concentration. Instead, we prune points which are not
at the apex of the convex hull until we satisfy condition 1.

To choose between OQMD- or MP-fitted quadratic equations, the parabolic equation which
most closely satisfies condition 1 is taken. While the oxides may not correspond to the same
materials in each database, the fitted equation should represent something inherent for that
element. If this is not enough data, to satisfy condition 2, we use a linear equation:

AE x AE x
1 (407) /(40
frea.a0, = Tz; 0x,A0, = Ti) (7.14)

The definition of f, 40, assumes the creation of a more oxidized hypothetical A0, material
with oxidation state 8+, which is poorly defined so systems using these linear equations
should be treated with relatively more suspicion. This choice is somewhat arbitrary, and
effectively comes down to choosing at what oxidation state do we set the formation energy
to 0, normally we use the energy of O, as the end member, but this would have an ‘infinite’
oxidation number as per our oxidation state scheme. Thus we choose 8+ since it is close to
the highest observed oxidation number of 9+,2* and since it means the denominator of the
Eqgs. 7.14 are the same, affording a symmetry to the equations formed. Future work could

focus on tuning this value. A table of the coefficients for the parabolic equations which
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satisfy the rules outlined in this subsection, and will be in use throughout both this and the
following chapter, is shown in Table D1 in Appendix D.

We will attempt to predict AE; using 4D as in Eq. 7.13 for A;_,B,0, oxides where z =
[0 — 1] so we will need 2 parabolic equations per element, representing both oxidation and
reduction from A0, oxides.

7.7  Model performance

7.7.1 Formation energy prediction

We now gather parabolic equations for any element which has a binary oxide with an M:O
ratio of 2:1, without restricting ourselves to any part of the periodic table, and test the model
for its ability to predict the formation energy deviations as in Figure 7.5d. This leads to the
following elements being considered: Mo, W, Nb, Ni, V, Ir, Cr, Fe, Mn, Co, Sb, Sn, Bi, Ti,
Ta, In, Pt, Re, Ge, Rh, Cu, Te, Li, Na, Mg, Y, Ca, Sc and Zn. All the coefficients for these
equations are tabulated in Table D1, and the reference MP ids required to calculate AD in
Eq. 7.13 are provided in Table D2. Our model was constructed with the notion of a constant
average oxidation state across the composition of a binary oxide, so we use a filtering
condition which requires: i) A4 and B are within 2.5 A to 6 oxygen atoms, ii) oxygen atoms
are taken to be 02~ anions which are within 2.5 A to 3 metal atoms, and iii) no oxygen
atom is within 1.5 A of another oxygen atom. This way we attempt to constrain the overall
oxidation state across the elements A and B is respected to be 4, where both are elements
that exhibit a unique oxidation state for every site in the oxide. We also gather only those
Materials Project datapoints with the lowest derived 4D values across all A: B ratios so that
only the ground state for that concentration is taken; this mitigates the noise which could
be introduced by taking unrealistic structures with unrealistic formation energies.

A parity plot of these predictions against the observed MP is shown in Figure 7.6, where

we can see a remarkable correlation between predicted and observed points despite the
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simplicity of our model. MAE values of predicted and observed 4D values of 0.09 and 0.16

eV/atom are shown for the case where we do and do not filter by coordination, respectively.
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Figure 7.6. Parity plot showing the correlation between the AD derived from our formation
energy prediction scheme (defined in Eq. 7.10) against the observed AD from Materials
Project for different sets of filtered and unfiltered data contained. The blue and pink colours
represent filtered and unfiltered structures of the A;_,B,0, stoichiometry for which we
predict AD, with the MAE in units of eV/atom. The inset is shown to highlight that blue
points contain only those oxides which are composed solely of A and B elements
coordinated by oxygen atoms in an octahedral geometry, which leads to a filtering out of
the pink datapoints. Lines of best fit and correlation coefficients are shown in the legend,

with the line representing y = x is shown to compare the predictions.

This prediction of AD can be used to predict the formation energy of a binary oxide by
inspection of Eq. 7.13, so our MAEs can be compared with other machine learning models
trained on tens of thousands of datapoints which attempt to predict this quantity. To
highlight the need to filter by coordination, we include the unfiltered cases as pink points,
where we observe a higher error than if we restrict our comparisons to specific co-

ordinations. This is expected, since controlling for co-ordinations should reduce the
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possibility for each element to have distinct oxidation states, which our model does not
represent, it only considers that A and B have constant oxidation states. The distinctly
influential character of specific co-ordinations has been demonstrated in the case of the
tetrahedral d° VOj structural motif, which has been found to be a common feature of oxide
photoanodes with favourable bandgaps.?**

In general, our model seems to underestimate stability, as we see with the line of best fit
exhibiting a slope greater than 1 in Figure 7.6. Even when separating by individual
elements, parity plots where each prediction shares a common element in the target material
are included in Figures D1 and D2 of the Appendix D, where this underestimation tends to
be observed for each element. This systematic bias could be reduced by calibrating the
predictions per element, or by understanding potential sources for the deviation which
simply cannot be captured by this method.

We call the above method to derive formation energies from oxidation states (FEFOS) and
now compare this error to the state-of-the-art deep learning method to predict formation
energies, which reported a test set of 25,663 OQMD entries with a MAE of 0.03 eV/atom
when trained with 230,959 datapoints.?> This test set contains materials of any
composition, whereas our test set from Figure 7.6 only compares formation energies in
binary oxides. Goodall et al. thankfully accompanied their report with a spreadsheet of
values including the composition, target variable and prediction for each of the 25,663 test
datapoints, and therefore we can condition the composition so that we only compare values
for A,_,B,0, type calculations. Their algorithm does not use any information about the
structure and uses a neural network to create feature vectors for each element and for pairs
of elements. While the Roost model ignores structural features, our method does account
for structure through coordination numbers. They also provided what is known as a learning

curve, where they report the error in their test set when the deep learning algorithm has
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been trained on progressively more datapoints. We compare both their MAE across all
datapoints to ensure we reproduce their value, and also the MAE for the A;_,B,0, oxides

in the test set and show these values as a function of the number of training datapoints in

Figure 7.7.
° Roost All data
0.4 o ® ° RoostAZB1_202 data
— ——— FEFOSAZB1—ZOZ
=
S 031
R
o .
~ i ([ ) °
EEJ 0.2 o
= °
o [ )
011 e e e e e = —
¢ ® ° ¢ °
° ° °
4000 10,000 100,000

Number of training points

Figure 7.7. Learning curves of the state-of-the-art deep learning method®*> to for both the
as-reported red datapoints which includes the entire OQMD formation energy test set, and
only the OQMD entries which have the form A;_,B,0, shown as blue points. The MAE

from our FEFOS method from Figure 7.6 is shown as a horizontal dashed line.

Our MAE in Figure 7.6 is shown as a dashed horizontal line and can be directly compared
to the learning curve from the blue datapoints by Goodall et al. In comparing these values,
we see that this state-of-the-art methodology requires a training set size of approximately
30,000 to surpass the MAE achieved by our FEFOS method.

To further demonstrate the appeal of this method, in the next section we test the model by
alloying specific oxides (i.e. Sn0,, NbO,) with 3d metals (i.e. Mo, Nb, W) demonstrating
distinct cases on opposite sides of the periodic table where AD,, g o,) is either

predominantly negative, or positive. Where possible, we compare these values to MP
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calculations of A;_,B,0, which are only octahedrally coordinated A and B sites and three-
coordinated oxygen sites, as in Figure 7.6. These calculated values are considered as the

ground truth which our model is attempting to capture.

772 Sno,

We see the results of alloying Sn0O, in Figure 7.8a, where the model agrees with MP-
calculated energies for first-row transition metals in predicting they are unstable with
respect to their respective native Sn0, and B0, phases. The difficulty in alloying Sn0, is
that it has a low formation energy and is at the apex of the convex hull for the Sn—O
composition, which can be noted for the purposes of our model from the equations for
fox,sno, () = 0.40x and freq sn0,(x) = 0.16x% + 0.03x in Table D1, which are positive
for all x > 0. The only dopants which show a negative AD (s, g 0,) are Nb and W, which
are predicted to be oxidized to 5+, 5+ and 6+, respectively, as Sn is reduced. We attribute
this to the fact that all of the tested 3d elements except Ti are most stable at lower oxygen
concentration than is seen in rutile structures (M:O = 1:2), so their fi..q y0,(x) equation
must out-compete fo, sno,(x) = 0.40x. On the other hand, for Nb and W the relevant Sn

equation is freq sno, (¥) = 0.16x% + 0.03x which exhibits a shallower slope. In fact, Sn is

5 and work in

known to form oxygen vacancies more readily than tin vacancies,?*
transparent conducting oxides (TCOs) from Scanlon and Watson studied formation
energies to point towards the infeasibility of efficient p-type doping in Sn0,.%*® Notably,
recent work has reported the doping of Sn0O, with Nb, W and Ta for application as a
TCO.**"**¥As an aside, we highlight that if AD(s,,__p 0,) < 0 it implies that the material

is stable with respect to segregation to Sn0O, and BO, but not necessarily against

segregation to other competing phases.
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Figure 7.8. Constrained convex hull diagrams showing the predicted AD from Eq. 7.10
across the compositions spaces a) Sn;_,B,0, and b) Nb,_,B,0, after alloying them with
earth-abundant elements, B. The datapoints denote MP-calculated values which our model
attempts to capture. Here we plot our prediction across composition space, not only

comparing our prediction with MP data as in Figure 7.6.
7.7.3 NbO,

When doping niobium with first-row transition metals, (Figure 7.8b) all have negative
AD (sn,_,B,0,) due to their preference for reduction with respect to MO, (except Ti). Except
for Mn, which we discuss later in this subsection, the positions of the minima of our curves
appear to align with the calculated values from the MP, which we could reasonably assume
are close to the true minima, for example the Cu, Co, and Ni points are clustered around
the Nb(z = 0.33) area, attributable to these metal’s affinity for oxidation state 2+, while
Fe and Cr have minima closer to Nb(z = 0.5) due to their preference for oxidation state
3+. For MnNb, 04 with Materials Project id mp-22100, an older calculation, not indexed
by MP is lower in energy. Through enquiry with Materials Project developers, this appears
to be due to a process by which the program automatically deprecates prior calculations
based on deprecated input sets which do not agree with updated revised calculations. In
this case the initialized magnetic moments for Mn were less than 1 in the newer

calculations, and 5 in the old, deprecated calculations, despite the expected high-spin states
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of Mn in this material. When the old energy is used, the minima align more closely with
those expected by our method, indicating that this tool is useful in detecting outliers within
materials databases, and demonstrating its predictive power. Note, also, that this calculated
material matches an ICSD entry despite Materials Project giving it an energy above hull of
0.25 eV/atom, if we take the older calculation as the ground truth, the formation energy is
lowered by 0.29 eV/atom, such that it is below the hull.

7.8  Discussion

The spate of data in computational materials databases have led to the creation of machine
learning-based techniques to predict formation energies, which have seen some success.
However, these methods suffer severe limitations, such models require lots of data to
become useful, their predictions may be biased towards previously discovered classes of
materials and understanding the outputs of machine learning models is challenging. In
contrast, our model only requires information about unary oxides, thereby allowing for the
automatic screening of any potential combination of elements in each oxygen
concentration, and the source of stabilisation or destabilisation is easily interpreted with
respect to an element’s propensity to be oxidized or reduced.

On a related note, the prediction of the stability of perovskites (with general formula ABX3)

has relied on the use of the Goldschmidt tolerance factor,’*° t, defined as:

r+ 1y
t=——"-—"7"— (7.15)
V2(rp + %)
where 7; denote atomic radii of the constituent elements, and the perovskite is predicted to
be stable if t is within the range 0.9—1.05. The justification for the ratio is formed from the

lattice parameters for an ideal cubic structure, as the ratio of the two lengths expressed in

different radii is Eq. 7.15. More recently, another metric has been developed®° which
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extends upon this by including the oxidation state of 4, n,, as well as ionic radii by defining

a new variable, T:

L Uy (7.16)

For a fixed perovskite stoichiometry, n, determines ng to maintain charge balance, so the
fact that this descriptor makes an improvement over considerations Eq. 7.15 forms an
interesting connection with the results presented in this chapter, while the importance of
ionic radii points towards a promising route to improve our model.
We also note that our current model only handles 2-component systems within oxides,
although the same methodology could be applied to more than two elements. Here we
outline how a 3-component system could be tackled. Taking A,B,C.0,, witha + b + ¢ =
1, we need to check the response of AC(4 5, c0,) 0 six possible combinations of oxidations
and reductions over A, B, and C. We can illustrate one example combination, where A is
oxidized by an amount x, and B and C are reduced by xp and x. respectively, Then, to
keep the overall oxidation state constant we need

xX4a = xgb + xcC (7.17)
In the 2-component system, we could directly form the weighted sum of the parabolic
equations since there was a direct relationship between the amount each element was
oxidized, whereas in this case we can vary two variables freely, which then determines the
third variable. Therefore, given that we know the concentrations a, b, and ¢, we can
perform a grid search over possible combinations of fox40,(X4), frea,po,(Xg) and
frea,po,(X¢) to find the minimum of the sum of parabolic equations for each element.
Performing this for each of the six combinations would then provide us with our final value

AC(a,8,c.0,) from which we subtract the respective unary oxide formation energies that

have the same overall stoichiometry.
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AEf(AaBbCCOy) = AD(AaBbCCOy) — alEfa0,) — bAEs g0,y — cAEf(co,) (7.18)
Spinel oxides can exhibit multiple oxidation states given the co-existence of different co-
ordinations. These systems could be studied using this method by fitting coordination-
specific parabolic equations to represent these types of systems, so that the relative
affinities for certain oxidation states in both octahedral and tetrahedral sites could be
considered in tandem by applying the grid search approach that we have detailed above.
The applicability of this approach relies on the notion that phase diagram surfaces can be
drawn as parabolic equations, but the shape of these surfaces could conceivably be more
appropriate as a piecewise linear function, or step functions in the case of p-block elements
like Sn, which are only known to exist either as Sn(II) or Sn(IV). At low concentrations of
dopant, the oxidation state of the host material is only slightly shifted, meaning that the
resolution of the phase diagram close to the apex of the convex hull determines the accuracy
of predictions. Performing vacancy formation energy calculations to resolve this could be
the subject of future work, although such calculations would detract from the appeal of this
high-throughput scheme. Interestingly, a recent work has proposed using the convex hull

to predict differing defect formation energies directly,?!

again forming an interesting
connection with the work described in this chapter. Our model predicts non-integral
oxidation states due to the concave curvature of the separable quadratic equations for each
element stabilises points at arbitrary positions of oxidation states. Interestingly, the
motivation behind work in DFT+U, which was due in part to address the fact that
simulations often do not predict a clear oxidation state with integer charge.

Our reported MAE of 0.09 eV/atom is on par with state-of-the-art methods reported by
Wolverton et al. which uses feature vectors of length 145 to generally describe any

crystalline compound.?*” The method presented in this chapter is distinct in that it focuses

on oxides and oxidation states specifically and is more interpretable than methods which
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rely solely on machine learning, since a prime source of stability can be explained with
respect to which elements are changing their oxidation states in what direction and by what
amount. While we do not study as wide an array of structures, our FEFOS method can be
extended to other M:O ratios by fitting more sets of parabolic equations and is far more
interpretable than a black box machine learning method using a vast set of features, and
our model is not biased like ML algorithms trained on whichever set of structures happen
to be available in materials databases. Extending our simple scheme across other
stoichiometries and applying machine learning models to learn how to correct for the
systematic biases in the model appear to be the most logical next steps in improving this
methodology.

7.9  Conclusions

In this chapter we have presented an analysis of the source of stability in earth-abundant
binary oxides with reference to their structure in their respective unary oxides. Tracking
the changes in bond length as a proxy for alteration in oxidation number with respect to
unary oxides, we observed that Cr, Mn, Fe and Co alloyed in a A;_,B,0, stabilize most
when their bond lengths are lengthened, indicating a tendency to reduce their oxidation
state from 4+, and this was satisfied when alloyed with another element which has a
propensity to be oxidized. The common elements which were oxidized in concert with the
first-row transition metals included Sb, W, Ta, and Te. This qualitative observation was
made concretely into a linear relationship between binary oxide stabilisation and a measure
of the relative propensity for elements to be in a certain oxidation state. That linear
relationship motivated the creation of a model allowing for the pre-screening of elemental
compositions requiring only appropriately fitted parabolic equations of formation energies,
where these were taken from the MP and OQMD databases and the oxidation number was

assumed to be a function of oxygen concentration across M—O compositions. The intuitive
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representation of these equations, which simply relates to the thermodynamic affinity that
an element has for a certain relative concentration of oxygen, means the approach is easily
interpretable. We then develop the mathematical methodology to predict binary oxide
A;_,B,0, formation energies and compare these predictions to 118 pre-existing
calculations in MP. Our model’s performance leads to a MAE of 0.09 eV/atom, which is
comparable to state-of-the-art models which are trained on tens of thousands of datapoints.
In addition, we demonstrated the interpretability of our method by inspecting its behaviour
across composition space for Sn,_,B,0, and Nb;_,B,0, showing two distinct cases for
Sn and Nb, where they behave as an element which prefers to be reduced and oxidized
from 4+, respectively. From this, we conclude that only certain earth-abundant elements
can be alloyed into Sn, namely those with a preference to be oxidized with respect to 4+,
i.e. Mo, Nb and W, with Nb and W having been previously doped into Sn0, for application
in a transparent conducting oxide.?*” Conversely, Nb cannot be alloyed with these elements,
but it can with first-row transition metals. The ability to predict which of the pairs of
elements tend to be oxidized and reduced provides an added benefit of our method which
we could be used to tailor the activities of individual elements based on their position on
the OER volcano plots with respect to a reference oxidation state. From our studies of OER
catalysts in Chapter 6, we know that higher oxidation states exhibit weaker binding
energies, so we could use this methodology to attempt to bring elements closer to the peak
of the volcano in cases which allowed for one element with weak binding to be reduced
and the other element with strong binding to be oxidized. Finally, we stress that this model
is generalisable to any relative concentration of oxygen, and so we need only to create
reasonable references at that concentration and construct appropriate equations. In the next
chapter, we will apply this method to screen for oxides which are predicted to be stable in

acidic OER conditions.
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Chapter 8  High-throughput Screening of Binary oxides for

Acid Stable Water Splitting

8.1  Introduction

Green hydrogen production is much more efficient in acid owing to the selective
permeability of PEM electrolysers which allow for higher current densities with respect to
AEM celectrolysers. However, such harsh conditions inhibit the space of possible materials
due to the highly oxidising, acidic environment. By screening oxides using the method
presented in Chapter 7, this chapter attempts to outline the limits imposed by
thermodynamics on the feasibility of low-cost materials for the OER in PEM electrolysers,
i.e. operating conditions of ca. 1.6 VsgE.

Ir 0, and Ru0, are state-of-the-art catalysts for PEM electrolysis, with 70, showing better
stability than RuO,, but worse activity.?> The scarcity of these elements has driven
researchers to seek out acid-stable catalysts which contain less or no precious metals. Cr-
doping these oxides has led to interesting results, with Rug,Cry 0, solid solutions
showing a record low overpotential,>>* while IrCr films deposited through electron beam
co-evaporation exhibiting a two-fold increase in specific activity over the deposited Ir
films.?>* Lyons ef al. and others have also shown that Mn-doped Ru0, exhibits improved
activity and stability over Ru0,.2>>%¢ Research efforts in precious metal-free acid stable
catalysts have led to the discovery of nickel, manganese and cobalt antimonate systems.
First noted by Lewis et al., antimonates such as MnSb,0,, CoSb,0,, NiSb,0, have
exhibited stability yet poor activity for the OER.*® These materials were set upon by the
OER and ORR research communities once their stability and activity were tested for the

chlorine evolution reaction in acidic media, a reaction which necessitates similar conditions
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to the OER (ca. 1.6 Vsug).2>7-?38 Taylor and Choi also synthesised, CoSh, 0 and, MnSh, 0,
samples by electrodepositing (Co,Mn)(OH)> and Sb amorphous films which were
subsequently crystallized into rutile structures by annealing at 700 °C for 3 hours in air.?>
Subsequent electrochemical testing demonstrated that both structures exhibit similar
activity towards the OER at pH = 0.3, although post-electrochemical analyses demonstrated
that Mn had dissolved in solution over the course of the OER.>’

Nocera and co-workers outlined a promising strategy towards enabling earth-abundant
PEM electrolysis by improving both stability and activity in tandem.?” In this fundamental
study, the activity and stability of first-row transition metals, MO, and, PbO, were
compared and extensively characterized. Pb0O, was shown to be a stable unary oxide under
the necessarily harsh conditions, though its Tafel slope was near infinite. However, the
Tafel slope was made comparable to first-row transition metal catalysts by doping, while
avoiding the instability inherent to the respective dopants, with the optimum found for
Cog14Feq93Pbg g50,. Their justification for using Pb derived from the fact that it could be
easily electrodeposited, it is a cheap element, and it is highly acid stable as a unary oxide,
although the authors noted that this template strategy could be applied to other acid stable
unary materials. Lastly, recent work in spinel Co,MnO, represents the state-of-the-art in
precious metal-free acidic OER catalysis, having pushed the preceding Pareto frontier from
previously reported acid stable catalysts on the axes of current density and time running
with values of 1,000 mA/cm? operating for 10 hours and 200 mA/cm? operating for 1,000
hours.?%

Computational research into the activity of OER catalyst has derived fundamental insights
into the origins of the overpotential, as well as the fundamental constraints imposed on the

46,47,261

reaction by thermodynamics, as we have outlined in previous chapters. However,

these OER descriptors described and applied in previous chapters do not account for pH,
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and so are not discriminative in distinguishing potential acid stable catalysts. Stability
descriptors, such as the Pourbaix energy (4G,,,) developed by Persson et al.**%! represents
the difference in Gibbs energy between a bulk phase and the most stable phases under a
given set of conditions (i.e. pH, applied potential) and the concentrations of the respective
elements. This descriptor has allowed for quantitative estimations of oxide stability under

varying conditions of pH and voltage, which has seen widespread adoption®!-7!-262

as a
means to justify acid stability. Singh et al. studied this descriptor to create empirically-

derived thresholds above which a material should not be considered stable.®! To do this,
they evaluated 4G, for a number of photoanode materials whose corrosion behaviour is
well-known, and found this value can be as high as 0.5 eV/atom, in which case the material
in question, a triclinic-FeVOs, forms a self-passivating layer to protect against corrosion
under the conditions used to predict AG,p,. The highest value for a material which is
reportedly stable and does not self-passivate was found for BiFeO; at 0.19 eV/atom.
Stability measures are a more discriminative descriptor than activity for PEM electrolysis,
and a recent study of materials which exist as entries in the MP as well as in CatalysisHub,””
a catalysis-focused computational materials database, has shown this quantitatively.”® This
matches experiments since chronoamperometry studies held at 0.1 A/cm? and pH = 2 show
no unary first-row transition metal oxides lasting longer than three hours.?’

Efforts to screen for catalysts that are acid-stable computationally have begun applying the
AGppy descriptor to identify novel materials. Some efforts have used a tandem approach of
querying a materials database such as the MP for 4G, and then calculating bandgaps at
a higher level of theory than the GGA+U framework from Materials Project,?%® or going
beyond this and further calculating surface reactivity among the subset of entries predicted
to be stable.”! Such efforts all share the same inherent bias towards entries which already

exist in the computational materials databases. Hence, some studies have focused on
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computing AGpy,, for a tailored dataset of materials which are not contained in the MP but

are presumed to have potential to contain some acid stable entries such as transition metal-
doped equimolar [0, and Ir05 oxides;’® however, this is very computationally demanding
and the study was restricted to a narrow space of concentrations. Therefore, we have
focused on applying our scheme from Chapter 7 to predict formation energies in mixed
oxides, focusing on binary oxides with A,_,B,0, stoichiometries. We use our scheme to
forecast the stability induced by doping host materials with earth-abundant transition
metals. This affords the advantage of considering oxidation state changes in constituent
elements, which has shown to be a key consideration in a very recent study reporting this
discovery of a state-of-the-art PEM electrolysis. For instance, a Ir: W05 catalyst (Ir
concentration 6%), with superior mass activity as compared to any other previously
synthesized acid stable catalyst, was justified from ab initio calculations based on the
variation of OER descriptors at different oxidation states. These results indicated that OER

3*/6% sites are more favourable than for Ir*" sites found in commercially

descriptors for Ir
used Ir0,, further emphasizing the importance of considering OER descriptors for multiple
oxidation states which we highlighted in Chapter 6. A broad discussion of the high-level
implications of the existence of how oxidation state specific OER descriptors relate to this
oxide screening method is included towards the end of this chapter. Finally, previous acid-
stable screening attempts tend to condition materials based on a 4Gy, value at some fixed
electrochemical conditions which tend to have a range pH = 0—1 and U = 1-2 Vsgg. In this
chapter we will study the validity of choosing such a threshold in more detail.

8.2 Computational details

Throughout this screening, we use the python package pymatgen to interface our predicted

formation energies developed using the method outlined in the preceding chapter to insert

hypothetical calculated bulk energetics as entries into the MP database. This allows for
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AEy,;1 calculations at fixed oxygen chemical potential (described in Section 2.7.1) via the
GrandPotentialPhaseDiagram module and the 4Gy, (described in Section 2.7.2)
using the PourbaixDiagram module. All the code associated with the results in this
chapter is available in the open source repository GitHub under:

github.com/michaelcraiger/oxide formation _energy and the coefficients and reference

oxides required for the application of the method described in the previous chapter can be
found in Table D1 and D2.

8.3  Oxide screening for acid stability

8.3.1 Protocol definition

Given a formation energy correction as outlined in the previous chapter, we can create
synthetic entries into the MP using pymatgen to add hypothetically-calculated energies
for Pourbaix®® and phase diagram analyses.'462%* We use known catalysts to construct a
filter which can discriminate between stable and unstable candidate catalysts. To do this,
we will analyse both the distance to the hull in grand chemical potential phase diagrams
and the Pourbaix energy described by Persson ef al.’ The threshold past which a material
is thought to be safely considered unstable has been reported to depend on the predicted
stable phases, where, if the material is thought to phase segregate into solid materials, this
phase segregation process can be kinetically-limited and thus can have a larger threshold
of 0.5 eV/atom.®! 1In this high-throughput search we want to identify the true phase of
material under OER conditions, and as such, we should apply a stronger filter which we
will determine empirically so that it distinguishes catalysts which are and are not stable in
acid. The family of catalysts we test are doped Ir0, with Li,2% Cr,266-267 Mn,?¢" Fe,?¢7 Co,2¢7
Ni, 27 Cu?®® and Nd.?®® We choose these elements doped into Ir to first construct grand
chemical phase diagrams. Note that the values derived from grand chemical phase diagrams

are dependent on the existence of other entries to calculate this hull distance, so our values



High-throughput Screening of Binary Oxides for Acid Stable Water Splitting 145

are inherently functions of the resolution with which we scan the composition space with
our synthetically generated materials.

In Figure 8.1, we see the position of our synthetically-generated MP points plotted on grand
chemical potential phase diagrams for u,, = —5.3 eV, (where u, is defined in Eq. 2.49)
this chemical potential of oxygen is chosen to correspond roughly to match 1.23 Vrue. This
was done by inspecting Ir oxide stability with varying oxygen chemical potential and
finding that for o, > —5.3 eV [r0; is more stable than 70, and this also occurs from
1.23 Vrue and higher potentials. If we wanted to find out whether a given mixture is ever
on the hull, we would set y, to the value which minimises the distance to the hull and the
line connecting mixtures of A0, and BO,. However, we are here interested in discovering
materials which can sustain oxidising conditions, so we set py, = —5.3 eV. In doing so,
we observe that only Cu and Co are not found on the hull of the grand chemical potential
phase diagram at some concentration, and they are both within 0.09 eV/atom, while each
of the other dopants for Ir 0, catalysts are predicted to be on the hull at some concentration
for up, = —5.3 eV. Of the transition metals, Fe, Ni, and Mn are on the hull up to ca. z =
0.3, while Cr exists on the hull at higher concentrations. Our predictions also seem to
corroborate experimental observations where Cr concentrations up to 0.5 have been
seen,>>+267 while the other transition metals have only seen reports of z up to 0.05.2¢7
Meanwhile, the molar ratio of Li:Ir in an amorphous Li- Ir0, system was reported to be
0.5:1,2%5 which, if we map to the z value in our systems would leave z = 0.33, while the
Nd-doped acid stable system was reported to be IrygNd,,0,, thus, z = 0.2.2¢° Both of
these points can be seen on the hull in Figure 8.1, demonstrating our model’s ability to
represent the stabilising effect of dopants which span the periodic table. The fact that Nd-
doped systems appear to be on the hull up to z = 0.7 will be handled when we consider

AGppx. While each of these systems are presumably not exactly of the form I7;B;_,0;, as
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Figure 8.1. Grand chemical potential phase diagrams with p,, = —5.3 eV for Ir-based

oxides doped with Mn, Co, Ni, Li, Cu, Fe, Cr and Nd. Green points denote Materials Project

entries, while blue points represent our synthetic entries using the scheme described in

Chapter 7. A datapoint is a circle if it lies on the hull formed by the black line connecting

the endpoints, and a square if it does not. Only points within 0.05 eV/ Metal atom (i.e. 0.15

eV/atom) away from the hull were included for each of the plots.
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our model from Chapter 7 assumes, computational studies accompanying the experimental
works assume that they are 274263266269 Fyrther, experimental reports of the true catalyst
surface are absent from each of these reports, and for 70, many studies report that Ir05 is
in fact the active surface.?’® Note that our predicted distance from the hull is a function of
the pre-existing data in the MP, and only Cr, W and Mo exist as I1,B;_,05 entries in such
database, so whether our points are more stable than some doped I, B, _,03 entry at u,, =
—5.3 eV is not considered. We argue that it is still noteworthy if our model highlights that
a given mixture is stable with respect to competing phases in the MP.

As has been mentioned, the Pourbaix distance to hull, AG,,,, has been used for recent
screening studies for acid stable OER catalysts. To define a condition to apply when
screening for acid stability we use a set of materials whose behaviour in acidic media is
well-known. Rutile Ru0,, Ir0,, and Mn0O, compounds have been found to be active and
stable within a narrow window of applied potential of 1.6-1.75 Vsug at pH = 2,27° while
PbO, is an acid stable material used in the anodic end of lead-acid batteries. By studying
AGppxfor these materials we will rationally derive a criterion on 4G, to use in predicting
acid stable binary oxides. Note that we would not expect PbO, to be an active OER
catalyst, but its stability at ca. 2 Vrue in acid is on a strong footing given its widespread
use in lead-acid batteries at this applied potential. Furthermore, catalytic activity and
stability have been argued to be inextricably linked, so assuming a stable catalyst could
even be active may be misguided and we may be left instead to make conditions for
application-specific use cases such as active within a specific potential window, or
extremely stable yet inactive, as Pb0O, is.>’ The values for AG,,, over the range 1-2 Vsue
at pH = 0 are shown in Figure 8.2, where we take the rutile MO, entries in the MP. Here

we see that each of the materials have 4G, = 0 eV/atom at some point in the range of

applied potentials, with Ru seeing an increase in AGyj, at 1 Vrue and Ir seeing an increase
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from 0 at 1.2 Vrug, respecting the known trend that Ru is less stable than Ir for the OER.!6
MnO, has AG,p, = 0 at 1.5 Vrug, with the range 1.4-1.6 Vrur seeing 4Gy, < 0.02
eV /atom, while past this potential we see an increase as permanganate becomes the most
stable species. Interestingly, the active, stable windows for oxygen evolution in y- Mn0O, —
which is close in energy to rutile Mn0O, at 0.03 eV /atom — are in the range 1.6 to 1.75 VruE,
and at this upper potential we have 4Gy, = 0.15 eV/atom. Finally, PbO, only sees
AGppx = 0 eV/atom from ca. 1.7 Vrue with a negative slope prior to having 4G,p, = 0
eV/atom because PbO is more stable up to that point. This 4G, descriptor does respect
well-known trends in OER catalysis regarding stability, and it appears sensible to set a
voltage at which you require the material to be stable, and then couple that with conditions
on min (4G,p,). Previously-used screening protocols for acid stable catalysts, such as
AGyp, < 0.1 eV/atom at pH =0, U= 1.23 Vsug,’® would not have identified Ru0,, Pb0,
or MnO, as potential candidates, or requiring max (4G,p,) < 0.5 eV/atom at pH = 0 and
U = 1-2 Vsue’! would not identify RuO, or Ir0,. While these are not ideal catalysts, we
believe screening studies should justify their choice of method with respect to what types
of known catalysts either are or are not identified by conditioning on AGpy,. If we want
our screening protocol to identify these four materials as acid stable, which are themselves
known to be acid stable, we would need to condition min (4G, ) over the span of applied

potentials.
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Figure 8.2. Pourbaix energies, 4Gy, at pH = 0 over a range of applied potentials relevant

for the OER in single metal oxides which are reported to be acid stable. The accompanying

Materials Project entry IDs are included in the legend.

In the following, we determine what threshold to take by continuing to study the doped
Ir0, systems presented in Figure 8.1, and define a reasonable cut-off paired with the hull
energy from the grand chemical phase diagram which is that the material is on the hull
Epyy = 0and min (4Gppy.) < 0.2 eV/atom over the range of 1-2 Vsug at pH = 0. To arrive
at this condition, we use the synthetically generated datapoints, calculate their distance to
the hull on the grand chemical potential phase diagram and plot their minimum and
maximum 4Gy, over 1-2 Vsug at pH = 0, as seen in Figure 8.3. Here, we note there is an
averaging of respective 4Gy, values at either endpoint, where at concentrations z = 0.1
and 0.9 the minimum and maximum closely reflect the values found for the unmixed oxide.
Again, we compare filtering conditions previously used to identify acid stable catalysts, for
instance, conditioning max (4Gp,) < 0.5 eV/atom over the considered applied potentials

would miss all systems which have been doped (z < 0.2) into IrO,. In contrast,
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conditioning on min (4Gpy,) is more sensible, but appears to be insufficient on its own,
since if, for example, we only require min (4G,p,) < 0.2 eV/atom, then Co, Fe, Cr and
Mn dopants into Ir0, would be predicted across almost all concentrations, which has not

been reported experimentally. Conversely, setting a more stringent condition such as

min (4G,py) < 0.05 eV/atom would neglect concentrations of Nd, Cu and Li which have
been observed in 70, 255268269 [t appears more sensible to set a voltage at which you
require the material to be stable, and then couple that with conditions on max (4G, ), and
that it is important to know where 4G, = 0 and where 4G,y is increasing, as this could
to indicate where OER begins occur or where a phase transformation towards the truly
OER active surface begins. Therefore, the filter we apply is that the material be on the hull
for up, = —5.3 eV — since, as outlined earlier, this correctly predicts the stability of most
of the doped systems — and that min (4G,,) < 0.2 eV/atom over the range of 1-2 Vsue
at pH = 0, this combined filter is subsequently used to screen for novel catalysts or novel

supports in the MO, stoichiometry.
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Figure 8.3. Pourbaix energies across composition space for dopants which are known to
have been added to I70, while being stable in acidic OER conditions for certain values of
z. Colours of each line represents which dopant is being represented, with dopant
concentration varying from z = 0.1-0.9. The minimum and maximum 4G, across the

range of applied potentials 1-2 Vsue at pH = 0 is shown as solid and dashed lines,

respectively.

8.3.2 Search space definition

Our method allows for pre-screening of mixtures which could be of interest for acid-stable
water splitting catalysts with built-in interpretability as to the source of stabilisation. With
this in mind, we applied our analysis using a set of elements which are stable in acid, that
is, they have 4Gy, = 0 at some point for some oxide for U= 1-2 Vsur H (H = Bi, Co, Ir,
Nb, Pb, Pd, Pt, Rh, Ru, Sb, Si, Sn, Ta, Te, Ti, Tl, W, Mo). The MP has some blind spots,
as such we want to test combinations of these host materials for application in an acid stable
OER catalyst by alloying each H element with a set of earth-abundant elements E (E = Ti,
V, Cr, Mn, Fe, Co, Ni, Cu, Mo, Nb, W) which could be catalyst active sites for the OER.

Lastly, we also alloy them with a separate set of potential stabilising elements S (S = Li,
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Na, K, Rb, Cs, Mg, Ca, Sr, Sc, Y, Zr, La, Ce, Pr, Nd, Sm, Eu, Nd, Er, Tm, Yb) which could
be co-doped with earth-abundant elements to reduce the content of precious metals.26%-26%-271
We model across the composition space of A,B;_,0, where we only combine elements
from H with elements from either E or S, and vary z from 0.05 to 0.95 in increments of
0.05. It is important to note this increment since the variables that we screen over are a
function of the existing entries, given that the distance to the hull is a function of all
considered phases in a system of ternary oxides.

8.4  Screening results

8.4.1 Candidates for OER application

Of the sets E and S, we only consider the elements in E as exhibiting the potential ability
to perform OER, since the elements in S have not been seen to catalyse the OER as an
unmixed oxide. From Table 8.1, we note that the predominant elements from the host set
are precious metals such as Ir, Pd, Pt, Rh, and Ru, although there are 8 combinations (of
the 195 considered) which are not composed of precious metals. We can inspect the MP
for any similar entries which these predictions match to interpret the veracity of our model.
The prediction of Co,_,Cr,0,, z = 0.05 — 0.25 matches two entries, mp-756960 is a
layered structure labelled as CrCos0,, with AEy,;; = 0.10 eV/atom and 4G, < 0.2
eV/atom for ca. 1.5-2 V and MP entry CrCo3;0g mp-837636 with a hexagonal structure
with interlocking layers of Co and Cr exhibits AEy,; = 0.06 eV/atom and 4G, < 0.2
eV/atom for ca. 1.2-2 V at pH = 0. For Sb,_,Cr,0,, z = 0.40 — 0.45 we note the presence
of mp-33857 CrSb0, which is on the hull and has 4G, < 0.2 eV/atom for ca. 0.4-1.9 V
at pH = 0. Finally, we can match our prediction of acid stability for the composition space
W;_,Cr,0,, z = 0.75 — 0.90 to an entry with similar composition, Cr,W Og, mp-19894
which is on the hull with 4G,,, < 0.2 eV/atom for ca. 0.1-1.5 V at pH = 0. This

correspondence between our predictions and the entries in the Materials Project validates
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the model while providing exciting avenues to inspect the stability and activity of these
proposed composition spaces. It is also encouraging that the predicted acid stable
chromium-doped into Ir and Ru systems matches experiment.?>32>* These predictions are
of great interest, though they remain to be verified by DFT calculations and this screening
protocol does not consider the activity of the proposed materials.

Table 8.1. Candidate acid stable mixed oxides predicted by our screening which satisfy
AEpyy = 0 for pp, = —5.3 eV and min(A prx) < 0.2 at the specified concentration for a

certain voltage between U = 1-2 Vsue at pH = 0. Mixed oxides based only on earth-
abundant elements are highlighted in bold.

A B:A,_,B,0, z A B:A,_,B,0, z
Ir, Cr 0.05-0.65 Pd, Cr 0.05-0.45
Ir, Mn 0.05-0.30 Pd, Fe 0.05
Ir,Fe 0.05-0.30 Pt,Cr 0.35
Ir, Co 0.05-0.85 Rh, Cr 0.05-0.20
Ir, Ni 0.05-0.15 Rh, Mn 0.05-0.85
Co, Cr 0.05-0.25 Rh, Co 0.10-0.45
Pb,Cr 0.05-0.25 Ru, Cr 0.65-0.70
Pb,Mn 0.5-0.95 Sb,Cr 0.40-0.45
Pb,Co 0.90-0.95 Sn, Mn 0.95

Pb,Ww 0.15-0.20 W,Cr 0.75-0.90
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Having performed a screening for a set of elements doped into another set of elements, we
can collect high-level statistics about the descriptors we are screening over. In particular,

we calculate the mean value of AE},,;; and Ep px at 50% concentration for every element

when combined with elements from the other sets. We wish to get a characteristic stability
curve for each element and calculating these averages at lower concentrations would see
curves which average out to the same shape, while higher concentrations would simply
morph towards the stability curve of the unary oxide. To calculate these values for an

element in the host set H, we calculate AEj,; and prx over the set of elements in E U S
at 50% concentrations, while for elements in E U S, we would calculate their average at
50% concentration with elements in H, where the sets H, E and S defined above in the
search space definition, Section 8.3.2. We calculate this metric at equimolar concentrations
so that we get a high level view of each elements behaviour across 1-2 Vsug of applied
potential, allowing for general trends to be appreciated and to highlight specific elements
to target as potential sources of stabilisation. We use set notation to denote the union of two
sets and the symbol € to denote that a given element is in said set.

1
= ) AGp(AgsBos0y),  AEH

prx(A) — BleE Us,A#B 8.1)
N Z Aprx(AO.SBO.SOZ) ) A E E US

BEH,A#B
Each element in the sets E or S combined with the same set of elements from the host set
H, so we can consider the measurement as some uniform function which tells us, generally,
how close a given element is to being acid stable. So, the average is calculated differently
depending on whether you want the average for a host element, or an element alloyed into
the host. In the case of 4Gy, We can also observe where each element affords the most
stability at a given potential. In Figure 8.4a we see the set of elements which were

considered as possible active sites for the OER.
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Figure 8.4. AG,p, defined as in Eq. 8.1 found by averaging AG,p,(4g5By50,) for a

specific element A paired each of the appropriate sets of elements B, at pH = 0 for a range

of applied potential 1-2 Vspue. For a) earth-abundant transition metals, A = E and B = H
b) host elements, A = Hand B = EUS c) lanthanides and d) alkali, alkali-earth, and

early transition metals. The elements plotted in a), ¢), and d) make up the set E U S.

In Figure 8.4 we see Mn is the element with the lowest AG,,, until 1.65 Vrue at which

point the average Fe hull distance is the lowest. In general, the shape of these curves for a

given element at 50% concentration mirrors the curve for the binary, unmixed reference

oxide associated with that element. This can be seen directly by comparing the Mn, Ru, Ir

and Pb data in Figure 8.4 with the data presented in Figure 8.2 for the same elements. In

each case, the line is qualitatively the same, while being ca. 0.1-0.2 eV /atom higher, as

expected when mixed with other elements in the set which are unstable over different

potentials. If we take heed of the stability-activity relationship, we discussed earlier, in that

instability may in fact bestow activity, then perhaps the more sensible approach is to
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attempt to mimic the behaviour of the precious metals Ru and Ir which are known to be
performant. In this case, by inspection Cr seems to match the behaviour of Ir and V appears
to match that of Ru. We must note here that the 4G, values for rutile Ir0, and Ru0,
have an important difference between those for rutile Cr0, and VO, in that the precious
metal-based oxides have 4Gy, = 0 at some point over the range considered in Figure 8.4a,
which cannot be said for Cr0, and VO,, where the minimum value is at least 0.2 eV/atom.
In Figure 8.4b we note the distinct character of those Ir and Ru elements with respect to the
other considered host materials, which are either unstable throughout (Te, Sb, W, Ta), with
AGppx > 0.25 eV/atom or become stable at potentials greater than 1.5 Vrue (Ti, Pd, Pt, Rh,
Sn). The lanthanides in Figure 8.4c show a high degree of similarity except for Ce, with
this element seeing the lowest AG,,p, up to about 1.6 V at which point Tm and Tb exhibit
lower values. Finally, alkali, alkali earth and early transition metals have qualitatively
similar AG,p, values within those three subgroups, as shown in Figure 8.4d with Li, Mg
and Sc affording the most stability of the elements. Of course, this analysis neglects the
fact that certain elements may be particularly well-suited to alloying with certain other
elements based on lattice constants or other factors, but this picture allows for a first order
thermodynamic assessment of how feasible it may be for a given element to be alloyed in
an acid stable OER catalyst.

We also used AEy,;; as a condition to determine whether an entry is considered as

potentially acid stable in Table 8.1, so we have also gathered the average AE},,;; for Ho, =
—5.3 eV, at 50% concentration, defined analogously to Eq. 8.1, and shown below, where
the sets H, E and S defined in the search space definition, Section 8.3.2.

1
N Z Enuu(Ao5B0502), A€EH
AEpu(A) =4 PrEusEea (8.2)

1
N Z Enuu(Ao5B0502), A€EE US

B€EH,B*+A
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We plot the results of calculating Eq. 8.2 in Figure 8.5 — this is distinct from the data in
Figure 8.4 in that this is restricted to the distance to the hull formed only by solid phase
materials, so the effect of pH and voltage is not considered. To be clear, the voltage is only

considered tangentially from the use of the oxygen chemical potential.

1

H
0.50
3} . 4 5 6 7 8 9
Li Be B C N O F 0.45
11 13 14 15 16 17
. Al Si P S cI 0.40
23 29 30 31 32 33 34 35
.. .. | Cu Zn Ga Ge As Se Br 0.35
37 47 48 49 50 51 52 53
Rb Sr Zr ‘Nb Mo Tc Ru . Ag Cd In Sn Sb Te | 0.30
55 56 71 72 73 74

83 85 025|
Cs Ba Lu Hf Ta W Re Os .. Au Hg TI Bi Po At :
0.20
62! [Ge) e @l o (S Bl o [RB1 By oo [ERY i B
0.15

Figure 8.5. Mean value of AE},,,;;, defined in Eq. 8.2, for Uo, = —5.3 eV across the periodic

table. More stable average values are displayed as more violet, and the maximum average

eV/atom to display was set at 0.5 eV /atom to enable better comparability of values by eye.

From this, we see that of the earth-abundant transition metal elements, Cr and Mn have the
lowest average distance to the hull, while Ir displays the lowest value of all elements.
Despite Ru0, being one of the most active materials for OER, its AE,;; value at Ho, =
—5.3 eV is ca. 0.3 eV/atom. This explains the fact that it is shown as one of the relatively
unstable elements in the image of the periodic table, since at this oxygen chemical potential,
Ru0, is more stable than Ru0,. Also of note is the stabilising effect that lanthanides appear
to afford, as this group appears to be the only one consistently low, so exploring their use
as an element to reduce precious metal content is a promising avenue.

8.5  Discussion

The method presented in this chapter is extremely fast, with the ability to predict over the
572 combinations in a matter of minutes. Its interpretability also allows us to make broad

statements about oxidation state shifting analysis with implications across OER catalysis.
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In Chapter 6, we showed that the OER descriptor for hypothetical molecular complexes is
oxidation state-dependent, element-specific and that this quantity was not correlated. Each
of these factors are important in thinking about mixing elements at a given M:O ratio with
OER catalysis in mind. As shown in Figure 8.6a, an ideal scenario for OER would be one
whereby A and B elements in A0, and BO, are non-ideal catalysts, but their reduced and
oxidised counterparts, respectively, are. This is illustrated in Figure 8.6a where A is
reduced and B is oxidised by some unspecified degree, and in Figure 8.6 b we depict a
scenario where this leads their OER descriptors to comes closer to the ideal value. This
picture could explain why doping Ir and Ru oxides with elements which have an affinity

272-274

for oxidation states 3+ or lower improves OER activity, since the oxidation state of

Ir and Ru atoms increases. Computational results have shown that Ir0O, and Ru0O, have

lower OER descriptors than the ideal value,>?7

and that when these metals are in higher
oxidation states, which can be stabilised by low valent dopants, it approaches the ideal
value. Indeed, precisely this explanation from first principles calculation was used to justify
the activity of the Ir:W 05 system mentioned in the introduction.?’”> Conversely, Sargent et
al. have observed an increase in activity of NiFe and CoFe oxyhydroxides can be improved
by doping them with high-valent elements Mo°", Ta’>", Nb>*, Re®" or W !11.13 and this
enhancement in catalytic rate was justified on the basis that the Fe atoms were reduced
relative to the undoped catalysts. This does not contradict the argument we have made that
adding low valent dopants improves Ir0, and Ru0O, catalysts because we assume that the
variation of the OER descriptor as a function of oxidation state is not uniform across
elements. Time-resolved spectroelectrochemical analyses coupled with ab initio
calculations have provided detailed insight into the relative effects of Mn-doped, Fe-, Co-,

and Zn-doped NiO on the proportion of oxidized species to understand why Fe doping

shows the most optimal performance.?’® This was achieved by deriving a rate law which
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showed Fe doping to exhibit an optimal balance between binding oxygen too strongly or
too weakly, our FEFOS model could provide a means to forecast this given the built-in

consideration of oxidation states.

a) b)
O
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\/ -
BO

x+B

BO

AE,

AO
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Figure 8.6. Scheme illustrating a scenario where two hypothetical elements A and B are
reduced and oxidised, respectively, due to their unmixed oxides affinity for lower or higher
oxidation states with respect to that seen in MO,.. In the ideal scenario shown here, where
in a) we see the stability shifts and simultaneous improvements in the OER activities in b)
of both A and B within the A,B,_,0, mixture relative to the unmixed case due to the

behaviour of the oxidation state-dependence of the unmixed OER descriptors.

8.5.1 False positives

Our predictions for acid stable binary oxides could also produce false positives, and here
we will outline potential reasons based on the limitations of our model. The reliability of
our method for low concentrations is less trustworthy since MP points tend to include
entries with z = 0.25-0.75, and our predictions have predominantly been tested within this
concentration range. Also, the most stable phase for the MO, composition tends to be rutile,
but that is not always the case. For instance, NiO, is most stable as a layered structure, so
it is unclear how we should interpolate between that end member and an end member
composed of a rutile structure, for example. Another potential source of false positives is

the inherent error of our model of 0.09 eV /atom shown in the previous chapter. Finally,
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our model does not consider the relative expansion or contractions which would be
expected by swapping out elements with different atomic radii.

8.5.2 False negatives

We now outline instances of known acid stable materials which our method did not
highlight, such as Sb-containing oxides. From the analyses in the preceding chapter, where
we compared our predictions directly to MP calculations, we noted a systemic
underestimation of stability. This is especially pronounced for when we restrict the analysis
to any Sb-containing oxide, which we show in Figure 8.7 where the MAE is 0.15 eV /atom.
This is a concrete example of the limitations of our model, which could be tackled by
increasing the threshold of stability, but this is bound to lead to more false positives also.
However, the fact that it is easily interpretable in this way is an advantage since such

shortcomings can be identified in a straightforward way in this high-throughput screen.
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Figure 8.7. Parity plot of our schemes predicted deviation from the weighted average
formation energy against that observed for Materials Project entries containing Sb at M:O
ratios of 1:2. The line y = x is shown to emphasise the systematic underestimation of

stability within this subset of oxides.

Our scheme also does not consider the formation of vacancies which are inevitable at low

concentrations whenever an element is swapped out for an element with a different valence.
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At low concentrations, the oxidation state of the host material is only slightly shifted,
meaning that the resolution of the phase diagram close to the apex of the convex hull
determines the accuracy of predictions. Another way to tackle this would be to calculate
the necessary parabolic equations at M 0, stoichiometries across the ranges of, say, x = 1—
3 in intervals of 0.01. This could be performed by doing vacancy formation energy
calculations, which could be the subject of future work, although such calculations would
detract from the appeal of this high-throughput, interpretable scheme.

8.6  Conclusions

In this chapter we showcase the potential of the method described in Chapter 7 to allow for
the screening of oxides on the order of seconds per composition space. To apply our
methodology, which predicts formation energies, to the prediction of acid stable OER
catalysts, we began by investigating how best to correctly identify a set of known catalysts
which had been doped into I70,. This led to the development of a filtering condition which
correctly identifies 9/10 of these known compounds when applying our formation energy
prediction. With this protocol we then tested 100s of combinations with dopants consisting
of alkali and transition metal elements for acid stability, with only 10% of the tested
combinations coming back as potentially candidates, underscoring the difficulty there is in
finding cheap catalysts for this reaction in acid. We also gathered cross-periodic table
statistics about the stability of each of the elements being contained within an acid stable
oxide in the MO, composition at 50% concentration. Here we found that we could make
comparisons across applied potential for elements, and that some groups such as the alkali
metals, alkaline earth-metals and lanthanides all exhibited similar curves of stability,
indicating a uniformity to stabilization effects which can be afforded by adding elements
of specific groups. This analysis also found that Li, Ce, and Mg show the lowest average

Ep bx» Indicating that these elements have the most potential to alloy with the host elements
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considered in this study. Cr appeared to be the most promising earth-abundant element to
further consider for application in future screening methods based on the average distance
to the convex hull with respect to solid phases, AE,;;, as well as the prx across 1-2
Vrue which mimicked the behaviour of prx for active, though precious, Ir.. We then
discussed the high-level implications of OER descriptors varying with oxidation state and
relate them to results from our investigations of molecular catalysts in Chapter 6 and to
previous experimental work describing how doping Ir and Ru oxides affords stability and
activity. We then finish by providing potential reasons for false positives and false
negatives in our screening, thereby providing clear directions for future work.

Future work should focus on refining the model so that stability predictions are not biased
towards underestimating stability and understand the sources of errors shown in Chapter 7.
The implication of this methodology is that there are fundamental thermodynamic
constraints on our ability to discover first-row transition metal-based, acid stable catalysts,
and that these constraints can be represented simply by the formation energies of oxides
based on these elements. Ultimately, this chapter shows how we are constrained by
thermodynamics in the search for acid stable catalysis and indicates that these constraints
imply that without going to different coordination environments other than octahedral, it
will be difficult to surpass or approach the stabilities and activities shown by Ru or Ir-

containing oxides.
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Chapter 9  Conclusions and Future Work

9.1  Conclusions

The primary aim of this thesis was to describe and develop methods which would enable
for faster evaluation times and deeper understanding of OER catalysts in both homogenous
and heterogeneous phases.

In Chapter 4 we used DFT methods to analyse a set of molecular OER catalysts which chart
the course of catalyst discovery within homogeneous water splitting. Using the hybrid
meta-GGA functional TPSSh, we showed that these catalysts exhibit a similar relationship
between intermediate binding energies as do heterogeneous catalysts. We then described
how the typical descriptor for activity used in heterogeneous catalysis could not explain the
activity of Ru-based complexes, leading to a descriptor derived from the redox potential of
one-electron oxidations, and outlined principles for general molecular OER catalyst
discovery.

Through analysing a specific subset of Fe-based molecular catalysts with tetradentate, non-
equatorial ligands, and two active sites in cis, we noted another descriptor based on redox
potentials and correlated our calculated values for this descriptor to experimental TOFs
across active catalysts. This relates nicely with experimental work which indicates that the
O-O bond formation is not rate limiting,?? but instead the rate limiting step involves an
oxidation of the Fe centre.

In Chapter 6 we applied our design principles outlined in Chapter 4 to identify catalysts
which undergo the extra oxidation mechanism at low overpotential. This led to the
prediction of 9 Cr-based complexes as interesting experimental leads. Analyses generated
secondary to this included the demonstration of oxidation state independent scaling

relations, a spin-based justification for circumvention of established scaling relations, and
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a means to explain why different metals follow different scaling relations by analysing
changes in metal-oxygen spin densities.

In Chapters 7 and 8, we turned our attention to binary oxides — the typical OER catalysts
found in acidic medium. Specifically, we focused on predicting materials stability as a
function of competing changes in oxidation states. As a result, we established a method to
create binary oxide phase diagrams which have MAE values of 0.09 eV/atom over
A;_,B,0, stoichiometries, using physics-based models and just four parameters. This
relates nicely with the work in preceding chapters which outlined the influence of oxidation
state on the energetics of OER intermediates. We then applied this scheme in Chapter 8 to
screen across the periodic table for potential binary oxides for application as catalysts or
supports in acidic OER, highlighting Cr as the most promising earth-abundant dopant for
acidic OER, as well as, surprisingly, lanthanides and alkaline-earth elements.

Although the scheme developed an interesting approach to predict formation energies in
mixed oxides, it cannot yet handle mixed coordinations, which may be of interest for
attempts to discover novel materials. For instance, high entropy oxides have garnered
interest recently for the OER,*”” with activity maps as a function of varying composition:
we could envisage an extended version of the method presented in Chapter 7 could feasibly
generate similar maps of stability among a high dimensional composition space.

9.2  Future work

9.2.1 Homogeneous oxygen evolution

We posit that metal ligands must be multidentate to handle the lability of first-row transition
metal complexes — multiple monodentate ligands are likely to become hydrolysed, so that
the appropriate catalyst to model in this case would be some MOxHy-type catalyst. While
utilising predominantly monodentate or bidentate ligands allows for greater combinatorial

flexibility and much larger dataset construction, since we can permute through a set of
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ligands in different positions, their inclusion is not realistic for labile first-row transition
metals (with which we want to design active catalysts). Secondly, any organic ligand
framework proposed for water oxidation must also be oxidatively stable. An inspiring and
insightful overview of these considerations was recently outlined in a perspective by
Nocera and Thorarinsdottir.2’® Two of the useful instructions that the authors summarized
from seminal works from Collins,?” outlining an instructive ruleset for making oxidatively
stable organic ligands: “(1) elimination of B-H atoms, especially if the a atom can support
an increase in bond order with B-H elimination; (2) elimination of heteroatoms that can
stabilize the cationic character that remains on atoms from which oxidative bond cleavage
has occurred.” We have highlighted these considerations specifically since ligands could
be filtered computationally on this basis by creating code that can distinguish types of H
atoms. Concrete demonstrations of the first rule for molecular OER was provided by Lloret-
Fillol and co-workers reporting a 5-fold improvement in TON values after deuterating B-H
atoms.?% Furthermore, the same authors also showed that deuteration of methyl groups can
lead up to a ca. 10-fold improvement in TOFs. This was proposed to be due to C—H
hydroxylation whereby the H atom is transferred to the Fe(V)=O0 site. In this context, the
insights derived from Chapter 5 suggested the importance of having at least a 3.0 A distance
between the WNA active site and the most proximal methyl group. In any case, tight
collaboration between computational and experimental chemists is required to realize the
potential of any endeavour to create a useful and applicable search space of OER catalysts.
Further research into homogeneous oxygen evolution reaction catalysts should investigate
a larger set of hypothetical materials. These could be generated either through mining
databases for ligands of specific denticity, or potentially by novel generative models which
create structures after training a machine learning model to be able to distinguish between

real and “fake” molecules.! The cost of the constituent ligands must also be accounted for,
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since complicated organic ligand synthesis can make ligand costs per unit of catalyst
comparable to the cost of an atom from the platinum group metals. Thus, the goal must be
to find the cheapest set of ligands which can both catalyse OER and remain stable against
demetallation. The central appeal in studying molecular catalysts lies in their potential to
be anchored onto heterogeneous supports to improve the stability*® of those complexes,
although fundamental experimental research into what methods are most feasible to
accomplish this are lacking.

9.2.2 Heterogeneous oxygen evolution

To continue the work of screening for acid stable OER catalysts, our scheme should be
extended so that it can handle mixed coordinations, or multicomponent oxides. Future work
should also focus on reducing errors and reproducing the known acid stable catalysts which
are composed of cheap elements such as antimonates. We noted in Chapter 8 the
underestimation of Sb-containing oxide stability by our model, the source of which should
be analysed in concert with others. One avenue to consider further would be the co-
compatibility of effective lattice radii in the predicted oxidation state with the observed
lattice lengths of the binary oxide for which we are predicting the stability. For instance, if
it were found that an A, 5B, 50, oxide had a cubic structure and our model predicted a

A375% and B*25* hen perhaps an ideal scenario

spurious non-integral cationic charges of
would be observed when a pair of prescribed effective ionic radii are equal, since the
structure is cubic. One potential way to ascribe effective ionic radii would be to take A3*
and A** and say: A375% = 0.754*" + 0.2543%, and similarly B*25* = 0.75B** +
0.25B5*. Another approach would be to attempt to simply predict the deviations between

our model and the observed formation energy in the MP using some machine learning

model such as linear regression, passing in features of the elements in the binary oxide as
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vectors. The ease with which predictions can be made using this scheme is very appealing,

allowing for quick suggestions of promising materials.
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Scaling relations without Grimme D3 dispersion corrections

Here we present our data for calculations without dispersion corrections to show that the

main conclusions of our Chapter 4 are robust regardless of this subtle choice of method.
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Figure A1l: OER scaling plot without dispersion corrections.

The overall effect of adding dispersion corrections is to stabilize the HO* and HOO*

intermediates relative to the intermediate with a vacancy.
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Figure A2: Volcano plots without dispersion correction corrections for (a) the conventional

OER descriptor and (b) the one-electron oxidation descriptor.

With Figure S4, we note a general stabilization of the HO* with respect to the O*
intermediate, when compared to Figure 3, the data with dispersion. The leads to a reduction
or increase in the predicted overpotential for catalysts on the left or right of the volcano in
Figure S4, respectively. In any case, the most active catalysts remain some distance away

from the top of the volcano irrespective of the addition of dispersion corrections.

Reported electronic and Gibbs energies
Table A1l. Computed absolute and relative (i.e. binding energies, BE) electronic and Gibbs

energies of all the intermediates for each modelled catalyst.

Catalyst | Species M“lﬁp“;it E(Ha) | AEgp V)| G(Ha) |AGgg (eV)
Ru(l=* ! 1769.461435 - 1769.085071 -
Ru(Il)-OH 2 1845285084 | %77 | 1344808707 | 02

Ru-4 | Ru(IV)=0 3 1844.642247 | 22| 1gaanerers | 220
Ru(V)=0 4 1844427527 | 3% | 1844050000 | 38!
Ru(IIT)-OOH™! 2 1920436978 | 383 | 1920.046188 | *18
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Ru(IV)-dimer 3688917407 | 70 | 3688136025 | 093"
Ru(ID—* 1801484622 - 1801.131987 -
Ru(l-OH 1877306099 | *83 | is76043318 | 1%°
Ru-5 | Ru(IV)=0 1876.665632 | 227 | 1876312676 | 22°
Ru(V)=0 1876451563 | %2 | 1876099556 | 77
Ru(IIT)-OOH™! 1952456158 | >0 | 1952000619 | 424
Ru(IV)—dimerl 52050004 | 128 | 3752219888 | 057
Ru(ID—* 1540781359 - 1540443174 -
Ru(Ill)-OH 1616602794 | *% | 1616252867 | 13
PR L 1615961807 | 22 | 1615623775 | 2%
Ru(V)=0 1615745473 | %% | 1615407574 | 380
Ru(lI)-OOH 1601755202 | 88 | 101400521 | 422
Ru(IV)dimer 31 9a305s | 117 |-3230.825323 | -0.28
Ru(Hh)-=* 1429417374 - 1429.057701 -
T L 1505241689 | *7° | 1soag71147 | 103
Ru(V)=0 1504606285 | 29 | 1soa2as235 | 198
Ru(1V)-OOH" 1580386620 | *01 | 1sg0.012801 | 434
Ru(II)-* 1542.817136 - 1542447151 -
rug | MEV)OH 1618637760 | 35 | 1618256518 | 114
Ru(V)=0 1617991907 | 2% | 1617.601468 | 242
Ru(1V)-OOH" 1693781349 |+ | 1603300046 | 4B
Ru(ID—* 1363.863714 - 1363.548697 -
Ru-3 | Ru(ll)-OH 1439.693636 | %0 | 1430367210 | ©89
Ru(IV)=0 1439.053015 | 205 | 138737518 | 202
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Ru(V)=0 1438810387 | %37 | 1438404010 | 435
Ru(ll)-OOH"! 1siasd0162 | 381 | isiasingea | 410
Ru(— 1709.277448 - 1708.925402 -
Ru(Ill)-OH 1785082706 | 27 | 178470002 | 14
Ru-9 | Ru(IV)=0 1784438723 | 281 | 784088075 | 274
Ru(V)=0 1784218715 | 52 | 1783866870 | 8
Ru(lI)-OOH 1860231358 | %2 | issogeasor | 478
Ru(Hh)-=* 2320.960846 - 2320.362349 -
P L 2396780644 | 38| 2306160500 | 12
Ru(V)=0 2396138572 | 230 | 2395538655 | 2
Ru(IV)-OOH™ 2471928043 | 49 | oaziz1a760 | 44!
Ru(Il)—~ 1908.379427 - 1907.803352 -
Ru({ll)-OH 1984200355 | *85 | jos3.612678 | 114
Ru-2 | Ru(lV)=0 1983557116 | 230 | jogoogps77 | 20
Ru(V)=0 1983333219 | *17 | josa7so4s3 | 408
Ru(Il)-OOH™! 2059351050 | 39 | 2058762007 | 424
Mn(Il)-=* 1266.810381 - 1266463762 -
Mn(IIl-OH 1342.626660 | °Y7 | 1342266550 | 132
Mn-11 -} Mn(IV)=0 1341992859 | 2B | 1341637630 | 2%
Mn(V)=0 1341763936 | 1% | 1341408605 | *38
Mn(II1)-OOH® 1417767263 | 3% | 1417404200 | 474
Mn(IID-* 1227.081183 - 1226754556 -
Mn-12 | Mn(IV)-OH 1302906200 | °7 | 1302565160 | !
Mn(V)=0 1302230586 | > | 1301809382 | 322
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Mn(IV)-OOH™ 1378042881 | 2 | 1377.600078 | 462
Mn(IID)-* 1919.706849 B 1919.278593 -

Mty 7O 1995528760 | *%2 | 1095084332 | 1%
Mn(V)=0 1994849611 | 331 | 1994418420 | 336
Mn(IV)-OOH 2070664133 | 3| 2070218666 | *7
Fe(II)-* 2420.099130 B 2419.858797 B
Fe(IV)-OH 2495905602 | 2% | 2495652045 | 150

Fe-1 -

“ Fe(V)=0 222‘1959 305 | u9s.012270 | 290

2
Fe(IV)-OOH™ 2571044661 | 405 | 2570700035 | 497
Fe(ID)-* 1041.772009 B 1041.428137 B
Fe(Il)-OH 1117.619785 | 01| 1117056564 | 062

Fe-14 ) Fe(IV)=0 1116976084 | % | 1116.623000 | 184
Fe(V)=0 1116.7_37215 3.86 1116.;85804 4.03
Fe(Il)-OOH™ 1192766070 | 331 | 1192.400658 | 38!
Cu(Il)-* 1353.609050 B 1353.348108 -

Cuts Cu(Il)-OH 1429398080 | Y71 | 1429.104405 | 204
Cu(IV)=0 1428714801 | 3% | 1408454007 | 426
Cu(l)-OOH™! 1504.540031 | %0 | 1504273004 | 515
Co(Il)-* 1689.;25377 B 1688.9_89311 B

Cote Co(II)-OH 1765250084 | 07 | 1764790248 | 113
Co(IV)=0O 1764.5_72417 3.20 1764.1_35313 319
Co(IIT)-OOH! 1840392146 | *97 | 1830939301 | 448

Ni-17 Ni(II)-—* 2305.501674 - 2304.861453 B
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Ni(lID)-OH 2 2381290337 | 72 | 2380650122 | M7

Ni(IV)=0 3 2380.614802 | 12 | 2379984367 | 382
7 | [a] o B

Ni(lI-OOH 2 2456443085 | 70 | 2455793706 |  +°

[a] Intramolecular H-bond present.
[b] Intramolecular H-bond not present.
[c] Energy change calculated with respect to the Ru(V)=0 energy.

Relative energies and theoretical overpotentials

Table A2. Computed relative Gibbs energies (in eV) and theoretical overpotentials (in V)

for catalysts which do and do not undergo an extra oxidation step. Catalysts which have a

value of AG3, and positive accompanying AG,, undergo this extra oxidation step.

Catalyst AG, AG, AGs, AGs 4, AGyys, n

Ru-4 1.02 1.17 1.62 0.36 0.74 0.39
Ru-5 1.09 1.16 1.52 0.48 0.67 0.29
Ru-6 1.13 1.11 1.60 0.37 0.71 0.38
Ru-7 1.03 0.95 - 2.36 0.58 1.13
Ru-8 1.14 1.28 - 2.01 0.49 0.78
Ru-3 0.89 1.13 2.32 —0.25 0.83 0.84
Ru-9 1.54 1.20 1.74 0.30 0.14 0.51
Ru-1 1.20 1.16 - 2.05 0.51 0.82
Ru-2 1.14 1.14 1.79 0.16 0.69 0.56
Mn-11 1.32 1.11 1.96 0.37 0.16 0.73
Mn-12 1.11 2.11 - 1.40 0.30 0.88
Mn-10 1.24 2.12 - 1.39 0.17 0.89
Fe-13 1.56 1.43 - 1.98 -0.05 0.75
Fe-14 0.62 1.21 2.20 —0.22 1.11 0.75
Cu-15 2.04 221 - 0.90 —0.23 0.98
Co-16 1.13 2.06 - 1.29 0.44 0.83
Ni-17 1.71 2.11 - 1.14 -0.04 0.88
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Figure B1. Gibbs energy profiles at 1.61 V vs. NHE for symmetric catalysts: a) 2Fe, b)

3Fe and c) 4Fe, with the x-axis representing the oxidation state of a given intermediate.

Topological isomers are not relevant for these catalysts; therefore, each intermediate is

labelled based on the pair of constituents present in the interchangeable A, B positions

shown in each catalyst representation, where A appears first and B second in the A/B

labelling for each intermediate. The lines connecting intermediates are solid where a PCET

is the reaction implied, and dashed lines where an electron transfer reaction is implied.
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Figure B2. Gibbs energy profiles at 1.61 V vs. NHE for the asymmetric SFe catalyst (inset,

right) with the x-axis representing the oxidation state of a given intermediate. Intermediates

are described as A/B as indicated in the depiction of the catalyst. For example, the lowest

energy intermediate in oxidation state M(V) exhibits O at position A and OH at position B,

therefore O/OH. The lines connecting intermediates are solid where a PCECT is the

reaction implied, and dashed lines where an electron transfer reaction is implied.
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Table C1. Multiplicity analysis for each metal and each oxidation state by computing the

energy difference (in eV) between low- (LS) and high-spin (HS) states. The second column

is positive when the high-spin complex is more stable, and negative in the converse case.

Catalyst and Intermediate

Eis — Eps

Ru oct 4a la la VAC
Ru 31t 3a 1b 1b OH
Cr 32 3e 2a VAC
Cr 31c 3b lc lc VAC
Cr 31t 3e 1b_1Ic VAC
Cr 31c_3d 1b_1lc VAC
Co oct 4a la la VAC
Co 32 3e 2a OH

Co 32 3e 2a VAC
Co 31t 3e la la VAC
Co 31t 3e la la OH
Fe 31t 3e la la VAC
Fe oct 4a la la VAC
Mn oct 4a la la OH
Mn _oct 4a la 1la VAC
Mn_31c 3a 1b lc VAC
Mn 31c 3a 1b lc OH
Ni_32 3e 2a OH

Ni_32 3d 2a VAC
Ni_32 3d 2a OOH
Ni_32 3a 2a OOH

—-1.84
—4.25
1.79
2.39
2.17
243
0.70
—0.91
0.14
0.23
—0.74
0.42
1.07
0.59
1.40
1.94
0.67
—0.47
0.51
0.06
0.05
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Figure C1. Scaling plot as in Figure 6.2a of the main text including the intermediates with

higher oxidation states to demonstrate the independence of the scaling relation. The outline

of the points denote which oxidation state is shown and the linear relationship for each plot

1s shown. The Pearson R coefficients are shown beneath the lines of best fit.
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Figure C2. Metal-specific scaling relations obtained with TPSSh. The blue star represents

the ‘ideal’ value of each binding energy for a catalyst undergoing the water nucleophilic

attack mechanism of (x = 1.23, y =3.69) eV.
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Figure C3. Fitting for the antiferromagnetic scaling relations in Mn(V)—-O referenced in

Table 6.2 of Chapter 6 as well as the Mn(IV, V)-O ferromagnetic scaling relation.
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Table D1. Parabolic equations, formulated as outlined in Chapter 7, for each considered

clement, with the oxidation and reduction equations presented as o0yo, and
Tmo, Tespectivley.

M Omo, (x) ™o, (x) M Omo, (x) Tmo, x)
Mo 0.05x> — 0.04x 0.32x2+0.20x  Cu 0.13x 0.10x*> - 0.41x
Y 0.07x*> - 0.26x 0.21x*2+0.60x  Te 0.02x2 + 0.04x 0.00x2 + 0.37x
Nb 0.34x> - 0.47x 0.04x*+0.23x  Li 0.26x 0.11x*>—-0.68x
Ni 0.07x* + 0.44x 0.13x>-0.53x  Na 0.23x 0.06x> - 0.35x
A% 0.21x*>—-0.02x 0.38x>-0.56x Ca 0.55x 0.28x>—1.10x
Ir 0.11x" 0.31x K 0.25x 0.07x? - 0.29x
Ru 0.01x2+ 0.05x" 0.36x Rb 0.24x 0.07x*> - 0.26x
Cr 0.03x2 + 0.26x" 0.43x>-0.82x Cs 0.24x 0.06x> - 0.26x
Fe 0.02x2 + 0.08x" 035x>-0.82x Mg 0.51x 0.26x>—1.03x
Mn 0.02x2 + 0.10x" 0.13x>-035x Y 0.78x 0.86x> —1.70x
Co 0.27x 0.06x>-0.22x  Sc 0.76x 0.79x> - 1.71x
Pb 0.20x" 0.29x*>-0.64x" Ba 0.54x 0.16x> - 0.65x
Sb 0.70x* - 0.77x" 0.42x Zn 0.16x 0.29x*—-1.17x
Sn 0.40x" 0.16x>-0.03x" La 0.77x 0.73x> - 1.51x
Bi 0.18x*>+ 0.18x 0.21x>-039x  Ce 0.98x 0.21x> - 0.06x
Ti 0.30x> + 0.40x 0.23x2-0.14x  Pr 0.76x 0.70x*> - 1.41x
Ta 0.38x> - 0.62x 0.09x>+0.36x Nd  0.06x*+ 0.42x 0.67x*>—1.29x
In 0.36x 0.60x>-1.17x  Sm 0.77x 0.57x*-1.21x
Pt 0.22x 0.00x Eu 0.62x 0.36x>—1.03x
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Pd 0.18x 0.02x>-0.06x  Tb 0.00x* + 0.80x 0.80x* - 1.59x
Re 0.07x* - 0.30x 0.44x Dy  0.00x*+0.79x 0.84x* - 1.68x
Os 0.34x 0.04x*+0.17x  Er 0.00x* + 0.80x 0.89x* - 1.75x

Ge 0.30x>+0.17x 0.09x*+0.27x  Tm  0.00x*>+ 0.81x 0.87x*—-1.73x
Tc 0.46x 0.46x Yb  0.08x*+0.16x 0.41x*—-1.63x

Rh 0.31x 0.31x

T Highlights cases where the parabolic equation in use is derived from OQMD-fitted

formation energies.
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Table D2. Reference Materials Project ids and formation energies for each element MO,

which is used to generate the AD values from Eq. 7.13 and thus used to generate the results

shown in Chapters 7 and 8.

M MP id AEf(mo, (V) M MP id AEf o, (V)
Mo mp-510536 —2.016 Cu  mp-25378 —0.528
W mp-19372 —1.942 Te mp-2125 —-1.493
Nb  mp-557057 —2.896 Li mp-1018789 —-1.126
Ni  mp-35925 —0.685 Na mp-1901 —0.916
\Y% mp-19094 —2.479 Ca mp-634859 —2.209
Ir mp-2723 -1.26 K mp-1866 —0.986
Ru mp-825 —-1.456 Rb  mp-12105 —0.971
Cr mp-19177 —2.046 Cs mp-1441 —0.978
Fe mp-1205429 —-1.235 Mg  mp-2589 —2.039
Mn  mp-19395 —1.805 Y mp-1206610 -3.305
Co mvc-14149 -1.079 Sc mp-1179114 -3.303
Pb  mp-20725 —-1.298 Ba mp-1105 -2.169
Sb mvc-5581 —-1.664 Zn mp-1094003 —1.188
Sn mp-856 —2.112 La mp-1206559 -3.225
Bi  mp-557993 —-1.46 Ce  mp-20194 -3.927
Ti mp-390 —3.494 Pr mp-1302 -3.109
Ta mp-510 -3.056 Nd  mp-31049 -3.158
In  mp-1181008 —1.433 Sm mp-1077235 -3.215
Pt mp-1077716 —0.883 Eu mp-1018700 —2.638
Pd mp-1018886 —0.727 Tb mp-2458 -3.316
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Re

Os

Ge

Tc

mp-12875
mp-996
mp-2633
mp-1205302

mp-725

-1.774

—1.342

—1.853

—1.833

—-1.226

Er

Tm

Yb

mp-1206731
mp-1206338
mp-1206313

mp-1178667

-3.167

-3.377

-3.407

—2.413
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Figure D1. Parity plots for subsets of the data shown in Figure 7.6, where each subset is

defined as all entries in Materials Project which have the filtered coordinations and contain

the indicated element.
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Figure D2. Parity plots for subsets of the data shown in Figure 7.6, where each subset is
defined as all entries in Materials Project which have the filtered coordinations and contain

the indicated element.



