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1 Abstract

Traditional energy technologies are unsustainable in the modern world. Thus, the
development of more advanced technologies is of great significance. From a chemistry

perspective, an ideal area for development is within the realm of catalysis. Using

catalysts leads to faster and more energy-efficient chemical reactions. Finding an optimal

catalyst is of great interest in the communities of chemists and material scientists. To that

end, a fundamental understanding of the properties and mechanisms of action of the
current most efficient and environmentally sustainable catalysts must be obtained to
enable the design of next-generation catalysts. Computational models are very efficient
ways of obtaining such information and have become an invaluable component of this
work. This dissertation uses computational chemistry methods, namely Density
Functional Theory (DFT), to study complex catalytic systems. Data science techniques
are also utilized, including machine learning (ML) methods. Many diverse systems are
surveyed here, including metal-organic frameworks (MOFs) and surfaces. Section 7
focuses on the computational modeling of magnetic MOFs. Sections 8 and 9 focus on
elucidating mechanisms concerning the nitrogen reduction reaction (NRR) and the
methane oxidation reaction (MOR) on surfaces, respectively. Section 10 gives a brief
introduction on the use of machine learning (ML) techniques in MOFs. Finally, Section
11 uses ML methods to predict adsorption energies on surfaces utilizing nominal

information.
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6 Introduction

The challenge of moving toward a greener and more sustainable society will
inevitably require the transformation of many facets of culture and economy. From a
green chemistry standpoint, we should strive to make the most efficient use of natural
resources and promote substituting fossil fuels with renewable alternatives. Achieving
these goals will require the design of novel and efficient chemistries that can be produced
sustainably. I aim to utilize modern computational chemistry methods and advances in
data science to explore a more sustainable chemical space. To design these next-
generation catalysts, we must understand the properties and mechanisms surrounding our
current options. Computational models are the most efficient and least resource-heavy
ways of obtaining this information and have now become an invaluable component in
discovery. Here we choose to utilize methods based in quantum mechanics. The most
utilized method to query materials using quantum mechanics is Density Functional
Theory (DFT).

Almost all properties of materials can be ascertained by suitable computational
tools that solve for quantum mechanical insights. Therefore, we will use the mindset put
forward by Dirac in 1929, that progress depends on the development of sufficiently
accurate, but tractable, approximate techniques.'? Therefore, the development of DFT
and the expression of the tractability and accuracy of the local density approximation

(LDA) and various other functionals marked an important milestone in chemistry. LDA,



developed and applied by Slater and his co-workers,? was progressed before the DFT of
Hohenberg and Kohn.* However, the usefulness of LDA remained to be seen until the
late 1970°s when several simulations demonstrating the practicality and accuracy of the
approach in assessing the properties of solids appeared.>®’ Since then, the advent of
numerous functionals with ever increasing accuracy and practicality, have solidified the
use of DFT methods for solids and extended systems. Several excellent reviews on DFT
methods exist including those by Emzerhof, Perdew and Burke.? The following will
consist of a brief overview of DFT.

Taking for example the non-spin-polarized case, DFT states that the total energy,

E, is given exactly as a functional of the ground state electronic density, p.

E=E|]

In this way the true ground state density minimizes the energy, and the other ground state
properties of the system are functions of this density. However, there is no theorem to
dictate what form this function of energy takes. Therefore, the utility of DFT depends on
sufficiently accurate approximations to the form of this function.’

One such approximation is Kohn-Sham Theory.’ Kohn and Sham wrote the
electron density as a sum of the single particle densities and then used the variational
principle to determine the ground state energy. To do this, Kohn and Sham showed that
the correct density is given by the self-consistent solution of a set of single particles
Schrodinger-like equations, known as the Kohn-Sham equations, with a density

dependent potential (in atomic units):
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Here, 1 ; is the orbital energy of the corresponding Kohn—Sham orbital, ¢,, v,(r) is the
Kohn-Sham potential that will be discussed below. The density for an N-particle system

can be written as:

il 2
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This allows us to separate the total energy into the following equation:

Elpl =Tlpl+ Jvex,(r)p(r)dr + Eplpl + E [ p]
Where T, is defined as:

N
1
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and E is the Hartree energy (Coulomb energy) and it can be defined as:
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Here V., 1s the external potential acting on the system. For a molecular system this
potential is the electron-nuclei interaction. The Kohn—Sham equations are found by
varying the total energy with respect to a set of orbitals, subject to the constraint that the

orbitals yield the Kohn—Sham potential as:
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The term E . is the exchange-correlation energy, which contains the corrections to the
kinetic energy due to interacting electrons, the corrections to the electron-electron
Coulomb energy from self-interaction, the electron-electron exchange energy, and the
electron-electron correlation energy. The simplest approximation to E__1s in LDA, where
the functional has been derived from a homogeneous electron gas and is only dependent
on the local value of the electron density.? In the generalized gradient approximations, an
improvement over LDA is made by considering the gradient of the electron density.
There are various other types of functionals, however, each functional offers different
advantages and disadvantages depending on the nature of the system studied. Thus, the
groundwork for KS-DFT methods has been laid out, however, its real utility comes from
its full implementation. Therefore, we must discuss basis sets.

Planewave basis sets form a complete set and are a relatively simple basis. In
principle the completeness means that relative accuracy can be obtained by increasing the
number of planewaves in the basis set, and more importantly that the convergences of a

calculation can be monitored by varying the planewave cutoff.® Additionally,



wavefunctions expanded in planewaves can be transformed efficiently from reciprocal
space (coefficients of the planewave expansion) to real space (values on a real space grid)
using fast Fourier transforms meaning that many operators can be made diagonal. In
particular, the kinetic energy and momentum operators are diagonal in reciprocal space,
and the operation of local potentials is diagonal in real space.! Therefore, we have chosen
to use a planewave basis set because it is complete and computationally efficient.

Thus, instead of having to solve a many-body Schrédinger equation, using KS-
DFT in a planewave basis set we have the far easier problem of determining the solution
to a series of single particle equations, along with a self-consistency requirement. It is this
that makes KS-DFT uniquely poised to provide quantum mechanical level accuracy for a
fraction of the cost of traditional wave function methods.!

In this dissertation, the study of the chemical properties of complex transition
metal catalysis were performed utilizing KS-DFT computational chemistry methods.
Section 7 discusses on the computational modeling utilizing KS-DFT of a magnetic MOF
in collaboration with the Long Group at UC Berkley. Section 8 focuses on the elucidation
of mechanisms concerning the NRR on pure metallic surfaces in collaboration with the
Singh group at the University of Illinois at Chicago. Section 9 is concerned with the
mechanism of the MOR on metal oxide surfaces, again in collaboration with the Singh
group at the University of Illinois at Chicago. Section 10 provides a brief introduction to
machine learning within the context of metal-organic frameworks. Finally, Section 11
focuses on the use of machine learning methods to predict adsorption energies on

bimetallic surfaces utilizing nominal categorical information.
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7.1 Introduction

The development of multifunctional magnets with optimized magnetic properties
in concert with other physical properties, such as porosity and high magnetoresistance,
remains a daunting challenge, but with the promise to enable new applications in green
technologies'® and next-generation data processing and storage.!"'? For the realization
of commercial applications, it is crucial for a magnet to exhibit a high magnetic ordering
temperature beyond potentially elevated operating temperatures. The vast majority of
solid-state permanent magnets with high ordering temperatures are based on itinerant
magnetism.!3 In particular, a specific form of itinerant magnetism, known as a double-
exchange mechanism, was discovered by Zener in 1951 to explain the coexistence of
metallic conductivity and high-temperature ferromagnetism in perovskite mixed-valence
manganites, which contain Mn(IlI) and Mn(IV) ions connected by bridging O, ions.'
Here an itinerant electron is delocalized between the e, orbitals of neighboring Mn ions
and consequently promotes a parallel alignment of spins for the localized electrons in tag
orbitals, in accordance with Hund’s rules. Many such double-exchange solid-state
materials, which include cobaltites and Heusler alloys, have since been discovered and
investigated for applications in spintronics devices.!!-!316

As an alternative to traditional solid-state materials, metal-organic frameworks, a
subclass of coordination solids, are composed of inorganic building units connected by
polytopic organic linkers. Compared with solid-state materials, metal—organic

frameworks can offer tremendous synthetic versatility to fine-tune their chemical and

physical properties. For instance, organic linkers with predictable binding modes can be



utilized to yield frameworks with unique crystal structures and physical properties, which
are easily modified through methods such as the substitution of electron donating and/or
withdrawing substituents on the ligand, post synthetic redox chemistry and metal or
linker exchange.!”'%!° Furthermore, a combination of a long-range magnetic order and
porosity in framework materials could lead to the realization of lightweight permanent
magnets and magnetic separation media.?*?!?2 Nevertheless, most framework materials
are not permanent magnets, owing primarily to the inability of diamagnetic organic
linkers to mediate the strong magnetic coupling requisite for long-range order. Indeed,
only a few strategies have been developed to synthesize coordination solids with high
magnetic ordering temperatures, which include the employment of short diamagnetic
inorganic ligands or organic radical ligands, as exemplified by Prussian blue analogues
and the amorphous material V(tetracyanoethylene)~2, respectively.20-21:23.24.25,.26,27
Alternatively, a potentially powerful, yet unrealized strategy, involves the utilization of
itinerant charge carriers via a double-exchange mechanism. In addition to achieving high
ordering temperatures in metal-organic magnets that contain diamagnetic linkers, this
approach may further provide a means to introduce metallic electronic conductivity.
Although double exchange is a recognized phenomenon in solid-state
materials,'*!31¢ examples in coordination solids with organic ligands are limited to
molecular compounds.?®?° Azolate ligands have strong 6-donating and n-accepting
abilities, and when coordinated to octahedral metal ions with diffuse dr orbitals of
favorable energies, strong n—d conjugation between the ligand and metal orbitals may

arise.28:29-30



Furthermore, compact, symmetrical azolate ligands can support crystal structures
that consist of infinite metal-azolate chains with short metal-metal distances and an
octahedral coordination environment around the metal ions,?! which provides efficient
pathways for long-range charge transport and magnetic interaction.*?33* Here we report
the mixed-valence framework material Cr(tri)2(CF3S03)0.33, which exhibits itinerant
ferromagnetism with a Curie temperature (Tc) of 225 K via a double-exchange

mechanism.

7.2 Computational Details

KS-DFT calculations were performed using the Vienna ab-initio Simulation
Package (VASP) version 5.3.5.3 The electronic wave-functions were expanded in a
plane-wave basis set with an energy cutoft of 400 eV. Electron-ion interactions were
described using the projector augmented wave method in the form of pseudopotentials
found in the VASP library.’¢ All structures were fully relaxed using the ISIF = 3 tag in
VASP at a 1x1x1 Monkhorst-pack k-point mesh and a force tolerance of 0.02 eV/A using
the Perdew Burke-Ernzerhof (PBE) functional.’” The low k-point sampling for geometry
optimizations was required due to the large unit cell; however, subsequent self-consistent
calculations for the energies and charge densities were performed at a 3x3%3 Monkhorst-
pack k-point mesh and the PBE functional with an energy tolerance of 10, The charge
analysis was performed using the Chargemol DDEC6 scheme.?®3%40 The resultant

structures with magnetic moment and atomic charge color gradients were constructed in



Jmol using the information from the DDEC6 calculations.*! All additional visualization
of the systems was done in Visualization for Electronic and Structural Analysis

(VESTA).%2

7.3 Results and Discussion

We generated the geometry to use for our KS-DFT calculations starting from the
crystal structure of Cr(tri)2(CF3S03)0.33. The crystal structure was disordered around the
counterions, therefore the initial position of the counterions were estimated and hydrogen
atoms were added to fill missing valences. The resultant structure has 424 atoms. The
counterions were kept in all calculations. Experimental data suggest disordered triflate
anions. We only tested a limited number of triflate configurations. Our results suggested
that there was not a large impact on the magnetic state; however, the exact impact on
anion configuration on the magnetic state requires further study. The PBE functional was
used for the optimization and subsequent calculations because this functional is free of
empirical parameters and gives good results for the structure of densely packed solids.?’
Although previous work on magnetic metal-organic frameworks used the HSE
functional,® this would have been too computationally expensive for a system of this
size. Furthermore, we did not include a U parameter correction in our calculations. A U
parameter is frequently included to correct over-delocalization seen in KS-DFT
calculations.** However, such a correction is typically not included for systems with

delocalized electrons, such as metals and conductors. Experimentally,

10



Cr(tr1)2(CF3S03)0.33 shows high conductivity at low temperatures; therefore, a U
parameter is not required. We did test applying the U parameter, and we found a decrease
in the mixed-valent character, with less charge difference between different Cr centers.
Additionally, applying a U value increases the magnetic moment of our calculations with
high values of U (8.0 eV) approaching 2.66 uB, while omitting a U value gives 2.41 uB,
in good agreement with the experimentally observed value of 2.39 uB.

Figure 1 exhibits the convergence of the energy with respect to the plane-wave energy
cutoff and irreducible k-points. We find that a plane-wave cutoff of 400 eV is sufficient
with less than 0.1 eV energy change compared to 425 eV. Additionally, we find that
3x3x3 k-point sampling to be sufficient. The energetics taken from subsequent self-
consistent energy calculations suggest that the ferromagnetic state is lower in energy than
the antiferromagnetic state by 0.127 eV/Cr atom. In all calculations, the Fermi smearing
technique was used to determine orbital occupancy with a width of 0.1 eV. This leads to a
broadening of the DOS compared to the band structure by approximately 0.1 eV.

The pDOS (Figure 3d) and Figure 2 were obtained using data that was parsed
using Pymatgen (Python Materials Genomics), which is an open-source Python library
for materials analysis, and then plotted using Matplotlib.*>*¢ The band structures (Figure
3(a,b)) were obtained using Sumo, a Python toolkit for plotting and analysis of ab initio
solid-state calculation data.*’

Figure 2 shows the net atomic charge and the even-tempered magnetic moments
as a function of color gradient from blue and white to red for the ferromagnetic (Figure 2

(a,b)) and the antiferromagnetic states (Figure 2 (c,d)), respectively. In the Figure 2(a,b),

11



there is clear evidence that the state captured is ferromagnetic and that the distribution of
magnetic moments on the Cr atoms ranges from around two to three unpaired electrons,
which is consistent with experimental evidences for mixed-valence low-spin Cr(II/III).
The same conclusions can be drawn from the net atomic charges. The Figure 2(c,d) also
distinctly displays confirmation that the state captured is antiferromagnetic while the net
atomic charges show the expected mixed-valency between Cr(II/IIT). These findings are
consistent with the experimental evidence for the Cr(tri)>(CF3S0O3)0.33 and support
double-exchange phenomenon.

Interestingly, the Figure 2(c) shows that the antiferromagnetic state consists not of
alternating spin orientations between nearest-neighbor Cr atoms but of several spin-up
and spin-down ‘domains’ within a unit cell. Like the ferromagnetic state, the
antiferromagnetic state also exhibits significant hybridization between the Cr(d) and N(p)

orbitals.
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Figure 1 : Energy calculations. The energy of the optimized system is shown with respect

to planewave cutoff and number of irreducible k-points. The calculations done varying

planewave cutoff include 14 irreducible k-points.
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Figure 3 : Electronic structure calculations and electronic conductivity of
Cr(tr1)2(CF3S03)0.33. a,b, Total (a) and projected (b) band structure for the ferromagnetic
state, calculated using the Perdew—Burke—Ernzerhof functional. The zero energy is set to
the highest occupied state. The symmetry points correspond to I' = (0,0,0), X =(0.5,0,0),
Y =(0,0.5,0), Z =(0,0,0.5) and R = (0.5,0.5,0.5). The dense spin-down bands near the
Fermi energy (E£r) have dominant contributions from the strongly hybridized Cr dz and N
p orbitals. ¢, The geometry-optimized structure of Cr(tri)2(CFzSO3)0.33. Cr, blue; N, light
blue; C, brown; O, white; the CF3SOs3 ion is omitted for clarity. d, Partial density of states
(DOS) for the ferromagnetic state. Zero energy is set to 33 the highest occupied state,
denoted by the dotted vertical line. e, Variable-temperature conductivity data of
Cr(tr1)2(CF3S03)0.33. Blue and red spheres represent measurements taken during cooling
and warming, respectively. Green spheres represent data collected while cooling under an
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applied magnetic field of 7 T. The increased conductivity under a magnetic field below
Tc is consistent with a negative magnetoresistance. f, Magnetoresistance data of
Cr(tr1)2(CF3S03)0.33 collected at 5 K under selected d.c. magnetic fields with a maximum
negative magnetoresistance of ~23% at 7 T. a.u., arbitrary units.

The calculations suggest that the ferromagnetic state is lower in energy compared
with that of the antiferromagnetic state by 0.127 eV per Cr atom, in agreement with the
magnetic measurements. In the ferromagnetic state, the calculated saturation magnetic
moment is 2.41 uB, which is in excellent agreement with the experimentally measured
value of 2.39 uB. The band structure of Cr(tri)2(CF3S0O3)0.33 (Figure 3a) near the Fermi
energy predominantly consists of spin-down bands with a large density of states and a
band dispersion of ~1 eV, which suggests substantial spin polarization. Here, spin
polarization is defined as the extent to which the spin is aligned in a particular direction.*
The projected band structure (Figure 3b) and projected density of states (Figure 3d) show
that both Cr(d) orbitals and N(p) orbitals of the triazolate ligands contribute to the
valence band maximum and the conduction band minimum. Near the Fermi energy, the
frontier orbitals of the bands are dominated by the Cr(dm) orbitals and N(p) orbitals, with
an approximately 32% hybridization between them, which indicates a strong
hybridization between the Cr(d) and N(p) orbitals and n—d conjugation. Figure 3d also
highlights spin polarization, as illustrated by the substantial peak in the spin-down
density at the Fermi energy for both the total and the Cr(d) orbitals. This shows that the
Cr(d) orbitals primarily contribute to the spin-polarized state. The localized charge
density (Figure 2) shows alternating high and low charge Cr centers. The Cr centers of
lower and higher charges exhibit lower and higher magnetic moments, respectively,
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consistent with the mixed-valence low-spin Cr(II/III) centers. Notably, the charge density
and projected density of states both indicate spin polarization. Taken together, these
computational results demonstrate a ferromagnetic ground state for Cr(tri)2(CF3S03)0.33,
and the high density of spin-polarized bands near the Fermi energy that arises from a
strong m—d hybridization suggests the delocalization of electrons in the valence band
maximum, is consistent with a double exchange that stems from the mixed-valence metal

centers.

7.4 Conclusion

The foregoing results demonstrate the observation of itinerant ferromagnetism in a
metal-organic framework, which gives rise to a magnetic ordering temperature of Tc =
225 K and a large negative magnetoresistance. Additionally, this synthetic approach of
using n—d conjugation between organic linkers and mixed-valence metal centers with
diffuse dr orbitals provides a general blueprint from which to design materials with
improved magnetic and charge-transport properties, given the vast chemical versatility

offered by metal-organic frameworks.
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8 Competing Effects of pH, Cation Identity, H)O Saturation,
and N2 Concentration on the Activity and Selectivity of
Electrochemical Reduction of Nz to NH3 on
Electrodeposited Cu at Ambient Conditions

This chapter describes the outcome of a collaborative research project carried out by the
authors of the following:

Kani, N. C.; Prajapati, A.; Collins, B. A.; Goodpaster, J. D.; Singh, M. R. Competing
Effects of pH, Cation Identity, H,O Saturation, and N, Concentration on the Activity and
Selectivity of Electrochemical Reduction of N> to NH3 on Electrodeposited Cu at
Ambient Conditions. ACS Catalysis 2020, 10 (24), 14592—-14603.

Reported is work conducted directly by and in consultation with the author.

Reprinted with permission

Copyright 2020 American Chemical Society
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8.1 Introduction

The electrochemical reduction of dinitrogen (N2) and H>O to ammonia (NH3) is of
exceptional scientific, societal, and industrial importance.*® Such a route to produce NH3
can effectively store and carry hydrogen, reduce the carbon footprint due to the Haber-
Bosch process, balance the nitrogen cycle by fixing atmospheric N», and provide means
to produce on-demand fertilizers using air, H>O, and sunlight. However, N> is a highly
stable molecule with a strong N=N triple bond that makes it extremely difficult to
activate at ambient conditions. Applying an electric potential to an electrocatalyst can
substantially reduce the activation barrier for N» reduction reaction (NRR) for the
synthesis of NH3 at ambient conditions.*® The outstanding challenge is to minimize the
over-reduction of the proton source- H>O in the hydrogen evolution reaction (HER) while
promoting the NRR. Here, we performed a theory-guided study for the search of efficient
NRR catalysts and identified strategies to increase activity and selectivity of NRR by
optimizing the composition of inner Helmholtz plane by varying electrolyte pH, cation-

type, H>O saturation, and dissolved N> concentration.

Although the difference in the equilibrium potential between HER and NRR
(shown below) is minimal ~57 mV, the HER is kinetically dominant than NRR for most
catalytic systems.

I"## % &' (1) & " * 4+ % 4&") (e °/ 0D23,4,56178

1784 % e (1) & ="+ (1 &=) (e © 1 0,4,564#78
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This is because the concentration of H>O is at least three orders of magnitude
higher than the solubility limit of N2 — 1.3 x 10~ mol L' in H>O,>' and the binding energy
of H>O/H on most transition metals are also higher than N».3% 33 The lower solubility and
lower binding energy of N> in aqueous electrolytes are the primary cause for much lower
coverages of NRR intermediates and thereby activity and faradaic efficiency (FE) of NH3
on planar electrodes (see schematic in Figure 4(A)). Broadly, three different hierarchical
approaches can be applied to improve the activity and FE of NRR, namely, design of

catalyst, engineering of electrolyte, and optimization of the electrochemical cell.

A Helmholtz Layer B Helmholtz Layer Cc Helmholtz Layer

| ~Hy

| £H OH

| AH Low pH
| AN N

| ~'H OH-
|

|

" High pH

GDE Cathode
»
H

Figure 4: Distribution of H>O and N> near the electrocatalyst in (A) planar electrode and
(B) gas-diffusion or porous electrode configurations for aqueous electrochemical cells.
The surface coverage of N in the planar electrode configuration is limited by its
solubility in H,O, whereas N> coverage in the gas-diffusion electrode can be controlled
independently by adjusting the pressure of N at the backside of the electrode. (C) Effect
of increasing pH and cation size on H>O reorganization, *H binding, and stabilization of
intermediates. Increasing the pH increases the *H coverage and reorients H>O to the O-
down position on the cathode. Increasing the cation size stabilizes the NRR intermediates
and allows direct reduction of H>O in the solvation shell of larger cations.

The first approach is primarily guided by KS-DFT for the discovery of efficient
NRR catalysts that surpass the fundamental limits of existing catalysts for the scalable
synthesis of NH3 at ambient conditions. Extensive KS-DFT studies have been performed

to study NRR.>*3 However, most only focus on the binding energies of the intermediates
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in a slab/vacuum mode]?3-36:37:38.39.60

and do not consider the effect of liquid electrolyte,
applied potential, and coverages of *H. A recent KS-DFT study reported a kinetic
volcano of activation barriers representing a trade-off between weak versus strong N-
binding transition metals for optimal NRR.®! They showed early transition metals of high
N-binding favor dissociative mechanism with hydrogenation of *NH as the rate-limiting
step; whereas the late transition metals of lower N-binding support associative
mechanism with hydrogenation of *N; as the rate-limiting step.!® Similar trends in NRR
activity of transition metals have been obtained by calculating the free energy change of
elementary steps.>% However, these KS-DFT studies have also reported higher activity
of HER on transition metals as compared to NRR, demonstrating an extreme challenge
for the identification of efficient NRR catalysts. Besides consideration of the relative
activation barriers for HER and NRR, the relative coverages of *H and *N are also
crucial in determining the activity and FE of NRR. Therefore, we hypothesize that the
most efficient NRR catalysts are the materials with lower HER activity (higher activation
barrier) and lower *H coverages, while also possessing reasonable energy barriers for
NRR. Here we evaluate NRR activity of the group-11 elements such as Cu, Ag, and Au
that have lower HER activity®! and lower *H coverages (<10%).54% This is
accomplished by identifying a new hypothesis-driven descriptor for efficient NRR

catalyst. Here presented are the theoretical contributions, including KS-DFT calculations

for elementary steps of NRR on Cu, Ag, and Au.
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8.2 Computational Details

The estimated energies of the partial mechanism of NRR on the Cu(111), Au(111),
and Ag(111) surfaces have been calculated with KS-DFT using the Vienna 4b initio
Simulation Package (VASP) 5.3.5.35 Here we perform the calculations simply to
determine the activity difference for these metals. Thus, we employ a simplified model
that does not consider a fixed potential or explicit solvation. While the absolute energies
might have errors, we expect the trend in activity to be accurate. These calculations were
performed using the RPBE exchange-correlation functional.’” Here, the metal surface
was modeled using a three-layer (3 x 3) periodic slab, and the successive slabs were
separated by at least 20 A of vacuum. Adsorption was allowed only on one side of the
slab. Partial occupancies for each orbital have been populated using the Fermi smearing
method with a width of 0.1 eV. Convergence of total energy with respect to planewave
cutoff and the k-point set were considered (see Figure 5). Energies reported were sampled
ata 4 X 4 X 1 Monkhorst—Pack k-points and a 500 eV planewave cutoff, which, given

the information in Figure 5, we found appropriate.
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Figure 5 : The energy of the N» adsorption reaction on the Cu(111) surface is shown with

respect to plane wave cutoff and k-point mesh The calculations done on varying plane

wave cutoff include a 4x4x1 k-point mesh. The calculations that vary k-point mesh are at

a plane wave cutoff of 500 eV.
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8.3 Results and Discussion

91&!" 1 08 + !9" 1y

9" & =T 0g +,9",7,

9"17&,~T g +9™ 7,

We postulate that the most efficient NRR catalysts are the materials with lower HER
activity (higher overpotential) and lower *H coverages while also possessing reasonable
energy barriers for NRR. Catalysts with lower energy barriers for NRR and lower HER
activity, but higher *H coverages will also not yield higher NRR activity due to the lack
of open binding site for N» to bind. Here we evaluate NRR activity of the group-11
elements- Cu, Ag, and Au which have lower HER activty'? and lower *H coverages
(<10%).646566 The preferred mechanism of NRR over Cu, Ag, and Au is the associative
distal pathway, where the hydrogenation of *N, has the highest barrier and is the rate-
limiting step, which is shown in Figure 6. From Figure 6, it is apparent that the energy
change for the rate-limiting step increases in the order Cu (111) <Ag (111) <Au (111),

which indicates Cu is an effective catalyst for NRR.
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Figure 6 : Reaction energy profile of the partial associative distal mechanism of NRR
over Cu(111), Ag(111), and Au(111) at zero-bias.

8.4 Conclusion

In conclusion, we developed a rational approach is developed to design catalysts,
electrolytes, and electrochemical cell to obtain higher FE and current density of NHs.
This approach involves a hypothesis-driven descriptor to identify efficient NRR catalysts.
The present study provides deeper insights into the effects of the catalysts structure and
the reaction environment on the rates of NRR. These insights will generally be applicable
to other catalytic materials and will guide the development of efficient systems for

electrosynthesis of NH3.
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9 Fundamental insight into electrochemical oxidation of
methane towards methanol on transition metal oxides

This chapter describes the outcome of a collaborative research project carried out by the
authors of the following:

Prajapati, A.; Collins, B. A.; Goodpaster, J. D.; Singh, M. R. Fundamental Insight into
Electrochemical Oxidation of Methane Towards Methanol on Transition Metal
Oxides. Proceedings of the National Academy of Sciences - PNAS 2021, 118 (8).
Reported is work conducted directly by and in consultation with the author.

Reprinted with permission

Copyright 2021 Proceedings of the National Academy of Sciences
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9.1 Introduction

Electrochemical oxidation of methane (CH4) at ambient conditions offers a
sustainable route for efficient utilization of abundant natural resources such as shale gas
and biogas. However, the lower activity and selectivity of current electrocatalysts pose
hurdles for the large-scale deployment of electrochemical technologies for the efficient
utilization of CH4.” Currently, the majority (~66%) of CHs-rich resources are burned to
produce electricity or to provide heating for the residential and commercial buildings,
which contributes ~1 gigaton of CO; emissions annually. CHjs is also utilized to produce
oxygenated chemicals such as CH3OH using industrial processes like steam reforming
followed by gas-phase conversion, or direct thermocatalytic conversion.®® While the
thermocatalytic routes often require high temperature and pressure and suffer from
catalyst poisoning®-7%"! the electrochemical technologies offer environmentally benign
and sustainable routes for storing electrical energy by converting CH4 and H>O to
CH30H, and for generating electrical energy using a direct CH4 fuel cell that primarily
generates CO,.7%7>73 However, the primary challenge in such electrochemical processes
is the first step of CHy activation on electrocatalysts, which is difficult at ambient
conditions owing to its high C-H bond energy of 439 kJ/mol,’* high symmetry with
tetrahedral molecular geometry, low polarizability of 2.448 A375 the low solubility of
1.272 mM in the water at STP%, and competitive oxygen evolution reaction (OER).”"78 A
complete understanding of the mechanism of electrochemical activation followed by
oxidation of CH4 and its competition with OER on transition metal oxides has not been

developed yet. Consequently, there is a need for the experimental and theoretical
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evaluation of the activity and selectivity of methane oxidation reaction (MOR) on various
transition metal oxides to elucidate the origins of higher activation energy and
competitive kinetics of MOR and OER, and to identify strategies for selective synthesis
of CH30H under ambient conditions.

There are very few experimental reports available on the kinetics of
electrochemical MOR at ambient conditions.” The majority of the MOR work focuses on
the high-temperature electrocatalysis in galvanic cell configuration, such as solid oxide
fuel cells (SOFCs), where the primary objective is to harvest electrical energy by fully
oxidizing CHs to CO,.8081.82.8384 The conventional SOFCs operating at a temperature
range of 300-700 °C #85 ysing Ni-based composite anode®*37-#8 have also been studied
for partial oxidation of CH4 to hydrocarbons (e.g., CO, C3Hs, CoHs, and CH30OH), but
their operating efficiencies drop rapidly due to carbon deposition (coking).”?#3% The
low-temperature electrolytic systems operating at temperatures <120 °C using Pt,
Platinized-Pt, or Pt/Au catalysts have also been reported for partial oxidation of CHs to
CH3O0H, but the faradaic efficiencies (FE) are too low for a practical purpose.’”?%91:92 A
comprehensive table of the current density, FE, and reaction products for MOR on
various electrocatalysts along with electrolyte composition, temperature, and operating
potential are provided in Table 1. Insofar, only precious metals like Pt, Pd, Ru, and Au
have been explored for MOR under either harsh chemical conditions or at very high
overpotentials.””?3%495 Further experimental evaluation of activity, selectivity, and
mechanism of MOR over other transition metal catalysts is required to identify efficient

MOR catalyst and uncover fundamental limits of CH4 activation on these catalytic
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systems. It is also desirable to develop a theoretical understanding of the competitive

mechanism of MOR and OER on these transition metal oxides and identify the non-

competitive routes for partial oxidation of CHa.

Table 1 : Table for Aqueous electrochemical systems for methane oxidation

No. | Catalyst Electrolyte | Products (FE) V vs Current Ref
RHE | density
(mA/cm')
1 Pt CH;CN 3.87 - 93
2 Pt KCI (pH CH3OH, CH;CL, | 2.149 | 6.16
11) CH>Cl>, CHCI3, %
CCly4 (total
FE:18%)
3 Co- IM HCHO(20%),HC | -0.619 | 30 %0
Phthalocy- | H2SO4+5m | OOH(5-8%),
anine on C | M FeSOq4 CH3OH+
EtOH(3%)
4 Hg/Cu 2M KOH HCHO(36%), 0.8 0.1 %4
CH;0H(1.2%)
5 Pt,Ru, Pd, | 0.5M CO2 0.56- |-
Au HClO4 0.9
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6 Pt Bis(trifluor | CO> 0.9 0.4 97
omethylsul
fonyl)imid
e-based
ionic
liquids
7 Pt,PdonC | 0.5M CO; 1.2 0.8 %
H>S04
8 Pt 0.1M CcoO 0.5 30 i
HCl1O4
9 Pt salts 10mM CH3OH, CHs3Cl, | 0.89 1.1 100
NaCl+0.5 | HCOOH, CO,
M H2SOg4
10 | MO« KOH CH30H, CO; - 10 101
(M=transiti
on metals)
11 | NiO-ZrO; | 0.1M CH3OH, HCHO, |2.24 21 8
Na,COs CcoO
12 | Co304- 0.5M CHsOH, HCHO, |2 4.7 102
V4(0)} Na,COs C2H40, C3H30,

C3HsO (total

FE:47%)
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13 | TiOs- 0.1M CH;OH, HCHO, |2.54 13 103

RuO2/PTF | Na;SO4 HCOOH

E
14 | Ni-Foam IM KOH CH;0H, C;HsOH | 1.57 62 7
15 | FTO PdSOq4 in CH3;0SO0sH, 1.29 4.5 104

H,S04 CH3;SOzH

Theoretical investigations of CHa adsorption via C-H bond activation followed by
electrochemical oxidation are necessary to identify the activity descriptors and
fundamental scaling relationships for MOR on transition metal oxides.!*> CH4 being a
stable, non-polar molecule, is known to bind weakly on the transition metals through a
dissociative mechanism,!% whereas all the CH, (x = 1, 2, and 3) intermediates bind more
strongly. Psofogiannakis and coworkers*® showed that CH4 oxidation to CO is preferable
through the dissociative chemisorption of CHs on Pt with the sequence
o R & B A I It # . A similar study showed, depending

on the surface structure, the oxygen assisted dehydrogenation drives the selectivity of the

reaction to either CHxOy or COx products.'?’

The presence of oxygen on transition metals
in the form of metal oxides has been determined to play a key role in C-H bond activation
the oxidation of CHa.'9:19%:110 Under the anodic overpotentials, the dissolved CH4
dissociates to form *O-CH3 (CH3 bonded to metal oxide) and *O-H. Due to H-C-H
bond symmetry in CH4 and CH3, the energy needed to break (or activate) the C-H bond is

equal to the energy required to transfer H from CH4 to *O (metal oxide). Therefore, the
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suggested activity descriptor for MOR is Eou-Eo. Whereas the activity descriptor for
OER based on the rate-limiting step (*OH ! *O) is Eo-Eop.!!"!112113:114 The participation
of *O species in both MOR and OER is the primary cause for the competitive kinetics
determining the selectivity of CH4 oxidation on transition metal oxides.

Regardless of the catalyst structure and composition, there has been an agreement
in acknowledging that MOR proceeds through a dissociative mechanism. However, in the
oxidation regime of the electrocatalytic MOR, the metals exist in the form of their oxides,
and one descriptor (either Ex or Eon-Eo) may not be sufficient to identify efficient
catalyst as the MOR activity can also depend on the binding energy of the CHy to the
metal oxide surface, and the availability of metal oxide sites to bind with CHx and
consequently to suppress OER.!'*!15 Rossmeisl and coworkers!'* elucidate this further by
studying the limitations of CH3OH production on different transition metal oxide (110)
surfaces. They show that activation energy for MOR is correlated with the reactivity of
an adsorbed oxygen atom from the electrolyte. A catalyst is providing more reactive
oxygen results in low energy barriers for OER, which leads to the suppression of MOR.
Here we hypothesize that the higher MOR activity requires higher values of Eou-Eo, the
higher surface coverage of *O, and a non-competitive binding site of *O. Hence,
studying the activity descriptors in combination with the estimation of the binding energy
of the CHx species, the surface coverage of oxygen ad-atoms, and the availability of
competitive vs. non-competitive sites for CHx adsorption on transition metal oxides are

expected to provide mechanistic insights to identify active electrocatalysts.
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We recognize the experimental challenges associated with C-H bond activation
and mass transfer limitations of CHs in aqueous electrolytes, as well as theoretical
shortcomings due to lack of comprehensive information about the MOR mechanism over
transition metal oxides. To address these challenges, we conduct controlled
electrochemical experiments to study the activity and selectivity of CHs oxidation over
12 transition metal oxides: Sc203, TiO2, ZrOs, Fe,03, Co304, IrO2, NiO, PtO,, Cuz0s3,
Zn0, SnO,, and PbO:> in near-neutral and alkaline electrolyte using rotating-disk
electrode cell, followed by theoretical evaluation of efficient MOR catalysts using KS-
DFT. The objectives of this study are to relate the activity of MOR to the binding energy
of CHa, identify the non-competitive active sites for MOR-active catalysts, and to

determine reaction pathways and strategies to direct partial oxidation of CH4 to CH30H.

9.2 Computational Details

Estimated energies of adsorption and the free energy profile on four metal oxide
surfaces, IrO,, PbO,, TiO2, and SnO- have been calculated with KS-DFT in the Vienna
Ab initio Simulation Package (VASP) 5.3.5.% Calculations were performed using the
PBE exchange-correlation functional with Grimme’s D3 corrections.!'®37 Here, the metal
oxide (110) surfaces were modeled using a four-layer (4 X 4) periodic slab, and the
successive slabs were separated by at least 25 A of vacuum. Adsorption was allowed only
on one side of the slab. Partial occupancies for each orbital were populated using the

Fermi smearing method with a width of 0.1 eV. All energies reported were sampled at a 4
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x 4 x 1 Monkhorst—Pack k-points and a 350 eV planewave cutoff. The computational
hydrogen electrode model was used to calculate the energy of reaction intermediates and
an applied potential of 2.11 V vs RHE is applied in all energy calculations.!'” Solvation
effects were modeled by reporting all energies with the corrections gained from the
implicit solvation model, VASPsol.!!8

There are many variables that can potentially impact the reaction pathways of
OER and MOR on these surfaces. These variables include surface coverage, the chosen
intermediates for each reaction, binding sites for said intermediates, defects on the
surfaces, and solvation effects.!!® Table 2 provides a pictorial representation for the
binding sites we have sampled during this inquiry. Table 3 provides a symbolic depiction

of the surface structure and binding sites sampled for each reaction.

Table 2 : Pictorial representations of the binding sites utilized. Red atoms indicate oxygen
atoms, grey, metal atoms. Atoms highlighted in yellow and accented with the symbol “+”
indicates where each intermediate is bound.

s . Metal or
Metal Center (M) Brld%a%:):)ygen Metal rlclt.hoc))xygen Non-bridging
Oxygen (M&O)

ﬁ»ﬁ e BT &
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Table 3 : Concise symbolic representation of the binding sites and surface structures
studied. Oxidized is abbreviated as Ox. Reduced is abbreviated as Red.
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9.3 Results and Discussion
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Figure 7 : (A) Schematic representation of OER intermediates on (110) surface of TMOs
in Ar-saturated and CHs-saturated electrolytes. As the Ar-saturated electrolyte is swapped
with CHs-saturated electrolyte, the CH4 adsorbs on the TMO and reduces the number of
active sites for OER. Switching the CHy- saturated electrolyte back with Ar-saturated
electrolyte allows CH4 desorption and an increase in the number of active sites for OER.
Light gray spheres are metal atoms, dark gray spheres are the oxygen atoms from the
oxide layer, blue spheres represent oxygen from the electrolyte, red represents carbon,
and white represents hydrogen atoms. (B) Reversible change in the OER current density
with adsorption and desorption of CH4 at a fixed applied potential of 1.52 V versus RHE.
(C) Estimated binding energies of *CH4 obtained using Everett isotherm for different
TMOs at 1.52 V versus RHE. The MOR active TMOs—TiO3, IrO2, PbO,, and PtO,—
have similar binding energy in the range 0.22 to 0.25 eV and similar activation energy in
the range 0.09 to 0.12 eV. Black squares show the first row TMOs, red circles show the
second-row TMOs, and the blue triangles show the third-row TMOs. (D) Scaling
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relationship between measured binding energy of *CHs and the Madelung potential of
metal in TMOs. The MOR active catalysts—TiO», IrO,, PbO,, and PtO>—have a higher
binding energy of *CH4 and lower Madelung potential.
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Figure 8: Product distribution and FE of OER and MOR over stable TMOs in (A) 0.1 M
KOH (pH = 13) and (B) 0.1 M potassium phosphate buffer (pH = 7). PtO> was found to
be MOR inactive in 0.1 M potassium phosphate buffer. The shaded stacked bar for PtO,
in B shows the FE and the product distribution using 1 M KCI (pH = 7).
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The MOR activity descriptors shown in Figure 7(D) indicate six catalyst
candidates that could be active for MOR, namely, ZrO,, TiO,, IrO,, PbO», PtO,, and
SnO,. Experimental evaluation of 12 TMOs in Figure 8 shows TiO», IrO,, PbO; and PtO,
are the only four active catalysts for MOR. The other two catalysts - SnO, and ZrO, are
not active for MOR. To further understand the activity and selectivity of MOR on the
four candidate catalysts - TiO», IrO2, PbO,, and SnO,, the OER and MOR pathways and
their energy profiles were calculated using KS-DFT. Experimental conditions dictate that
these TMO surfaces are oxidized, but there is little information about the nature and
distribution of the oxidation states on these catalysts’ surfaces. Also, it is well known that
the defects on these surfaces can affect reaction pathways.'?° Therefore, we evaluate OER
pathways on two extreme surface conditions- fully reduced and fully oxidized states, and
then study MOR only on the fully oxidized surface. The following steps for OER were

considered, where ! indicates the bare TMO surface:

97,;,+.9;7 &,~7)og,

9)7 )+!9) &!.__7‘0/&'1

9, &, 7y; 0 +.9,&; 105 & 710z,

Figure 9 (A and B) show that IrO; readily catalyzes OER on both the reduced and
oxidized surfaces, which agrees well with previous theoretical and experimental
findings.'?' However, the OER pathways on PbO,, SnO,, and TiO» surfaces are more

complicated and strongly dependent on their oxidation states. The OER pathways on
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Ti0; and SnO; proceeds preferentially on the reduced surface at the metal center binding
site, which suggests that the coordinatively unsaturated metal centers are the active sites
for OER. The OER pathway on PbO> proceeds on the oxidized surface at the bridging
oxygen binding site. Also, PbO; is the only surface on which it is energetically favorable
for the bridging oxygen to dissociate from the surface, as seen in Figure 10. The KS-
DFT-predicted OER activity on the sampled surfaces increases in the order PbO>
(bridging O) < SnO» (on-top M) < TiO2 (on-top M) < IrO; (on-top M), which aligns very
well with the increasing order of experimental current densities for PbOs- 0.2 mA/cm?,
SnO»- 0.3 mA/cm?, TiOs- 2.5 mA/cm?, and IrO,- 3.2 mA/cm? at 2.1 V vs RHE shown in
Figure 13. This indicates that the chosen computational methods can qualitatively

describe the relative activities of these catalytic systems.
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Figure 9: (A) Reaction profile for OER at the metal with oxygen binding site for the fully
reduced surface (B) Reaction profile for OER at the bridging oxygen binding site for the
fully oxidized surface. The relative energies of reaction are shown as a function of
reaction coordinate, labeled by *X, where X indicates the adsorbed intermediate. To the
right of the plot are pictorial representations of the adsorbed intermediate. Colors denote
Sn (silver), Pb (gray), O (red), and H (pink). (C) Reaction profile for MOR at the metal
with oxygen binding site for the fully oxidized surface. The relative energies of the
reaction are shown as a function of reaction coordinate, labeled by *X, where X indicates
the adsorbed intermediate along with the pictorial representations of the adsorbed
intermediate. Colors denote Ir (gold), O (red), C (brown), and H (pink). All electronic
energies are reported using PBE+D3 at an applied potential of 2.11 V versus RHE.
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Figure 10 : The reaction energy in eV of * — *pefect + 1/2 O2(g) Where *pefect indicates
the vacancy of one of the bridging oxygens on the surface.

42



Energy (eV)

'
S
1

3 - —
! \
! \
! \
\
2 n " \ —lr
/ ‘\
; \ Pb
\
1 1 I' \‘ Sl
, — T
’ /*‘
L N
- - N p "|‘
\
\
\
\ \
\ \
\ \
\ |
\ \
' \
*OH " gl |
-2.41 261
-0.210 0.462
2.92

0.640
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Figure 12 : (A) Possible reaction pathways for MOR and OER in an aqueous electrolyte
where M represents TMO. The species in green are the possible MOR products. (B) The
shift in the stable OCP with increasing concentration of CH3OH in phosphate buffer
electrolyte for an initial current of 0.25 mA at 1.8 V. The linear relation is like the Nernst
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indicates the formation of *CH3OH on TiO:. (C) FE and partial current density of
CH30H on Cu20s3-TiO; bimetallic catalyst in CHy-saturated, 0.1 M potassium phosphate
buffer.

Figure 9 (A, B) and Figure 11 show reaction profiles for OER at various binding

sites. Given this information we have concluded that OER is not readily catalyzed on the
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fully oxidized surface in all cases except for PbO,. For PbO, we have found that the
surface readily catalyzes OER at the bridging oxygen binding site, Figure 9(B), which
only exists on the oxidized surface. From the information gathered, the reason for this is
that on PbO; the bridging oxygen is easily abstracted, as seen by Figure 10. For the
remainder of the metal oxide surfaces, OER is freely catalyzed on the reduced surface at
the metal center binding site. Given experimental evidence, we recognize that all these
metal surfaces are evolving oxygen, which we were able to show using our chosen

computational methods. In this way, we were able to validate our methodology.
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Figure 13 : LSVs of all the transition metal oxides in CHj4 saturated 0.1M phosphate

buffer solution.
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To study MOR on these four TMO surfaces, we considered the following steps:

9,&<7(sg +9<74& 7oz
9<7,4 +,9<7, &,'_—7!0,&',

9<7, + 9<7 &,~ 7,9,
9<7,&,7; 0 ,+ 9< &,- 7 0g

9<; ,&,7; 0g ,+ 9&<; 1og & 70y,

where *CH to *CO is a composite step consisting of *CH! *HCOH! *HCO! *CO.
Figure 9 (C) shows the first step in the catalytic cycle for MOR is comparable in energy
to that of OER, which also validates Eon-Eo as the common activity descriptors for OER
and MOR. The reaction steps here show MOR occurring on a metal center that is
occupied by an oxygen atom. This binding site for catalytic mechanisms has been
discussed in zeolites and metal-organic frameworks, but to the best of our knowledge,
this mechanism has had very little discussion in metal oxides.'® The first step for MOR
in Figure 9(C) is slightly higher in energy as compared to OER in Figure 9(A) and (B),
which is aligned with the experimental observation of lower FEs of MOR on these
TMOs. Based on the energies of the reaction pathways on different types of binding sites
on TMOs, the M-O binding site is where MOR occurs favorably for all experimentally

active systems. M-O is also a recognized intermediate for the OER catalytic cycle;
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therefore, this binding site is readily available for catalysis on these surfaces. However,
the coverage of M-O site can vary on these catalysts, as the formation of M-O site is
more favorable thermodynamically on TiO; and IrO» as compared to SnO> and PbO> (see
Figure 9(A)). Although the MOR is more energetically downhill on PbO; as seen in
Figure 9(C), the lower coverage of M-O sites on this catalyst is a reason for its lower
MOR activity as compared to TiO: (see Figure 14). The reaction steps also indicate that
MOR proceeds readily on TiO2, PbO,, and IrO,, but not SnO: as the first step in the
catalytic cycle is positive for this surface. These KS-DFT results justify the observed
MOR activity on TiO2, PbO>, and IrO> catalysts. To gain a further understanding of the
reaction kinetics, the reaction barriers need to be calculated, which is planned for future

studies.
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Figure 14 : (A) Faradaic efficiency and (B) partial current density of MOR producing
COz on TiOy, IrO,, and PbO at different applied potentials in neutral pH, phosphate
buffer electrolyte.

Figure 15, Figure 16, and Figure 17 show reaction profiles at various binding
sites. Figure 17 also provides the reaction profile for an alternative mechanism beginning
with methanol. For MOR, we found that during the optimization of the intermediates
which were begun on a metal center often optimized to bind on a non-bridging oxygen or
between the oxygen and the metal center. We also found the difference in energy

between these binding sites, a metal center, or a non-bridging oxygen, to be negligible.
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Therefore, we combined these two binding sites into one category, which included the
version of the system that was lowest in energy, reasoning that these sites are essentially
indistinguishable. This results in the reaction profile seen in Figure 15. Energetically
MOR does not readily occur on any of the surfaces except SnO», where steps two and
three are essentially the same, which warrants further study. Figure 16 shows MOR on
the bridging oxygen binding site, which does not readily occur for any of the metal oxide
surfaces. Figure 17 shows the reaction profile for an alternative MOR pathway that

begins with methanol as listed below:

9,8<Ty; Tog +,9:< T4 &,~7 08,
9,<7 #+)9;<7 ! &)L_?!O/&"

9;< 7, +,9:<7 &,~7\0g

9i<7 ,+,9< &7 10g

9<; ,&,71; 0g ,+ 9&<; 1og & 7)oy,

Here, the first step in the catalytic cycle is much higher in energy than the first step of
MOR beginning with methane indicating that at the potential of 2.114 volts MOR is
likely occurring with methane gas. However, it is thermodynamically favorable for MOR
to occur through methanol on IrO, which demonstrates that the methanol pathway maybe
plausible for MOR under certain conditions. In summary, we have used KS-DFT
methods to study MOR and OER on a selection of metal oxide surfaces and found that

OER occurs readily on these surfaces while MOR occurs on the active catalysts.
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Figure 15: Reaction profile for MOR at the metal or non-bridging oxygen binding site for
the fully oxidized surface. Shown are the relative energies of reaction as a function of
reaction coordinate, labeled by *X, where X indicates the adsorbed intermediate.
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9.4 Conclusion

In this article, we develop a fundamental understanding of electrochemical CH4
oxidation on TMOs and report, for the first time, the binding energy of CH4 on TMOs
under relevant conditions, activity descriptors of MOR, identification of active sites for
MOR, detection of *CH3OH intermediate and its oxidation product, and strategies to
harvest CH3OH by minimizing its overoxidation.

The electrochemical oxidation of CH4 on TMOs proceeds with the physical
adsorption of CH4 followed by the activation of C-H bonds forming either CHx
intermediates or oxygenated intermediates to yield products such as CO,, CO, CH30H, or
HCHO. The physical adsorption of CH4 involves the transformation of the tetrahedral

(Td ) symmetry of CHs to a bond-angle-distorted ( D,, ) structure with an H-C-H bond

angle of ~120°. The physical adsorption is governed by the electrostatic interaction of
CHj4 with the metal of TMO. the experimental measurements show only TiO., IrO»,
PbO., and PtO; are the active catalysts for MOR. The inactivity of ZrO> and SnO»
towards MOR is due to the poor electrical conductivity and lower population of MOR
active sites, respectively.

The competitive pathways of OER and MOR are studied on the promising MOR
catalysts - TiO», [rO,, PbO>, and SnO; using density functional theory to identify the
active sites and the mechanism of the oxidation reactions. While the OER pathway on
SnO,, Ti03, and IrO; is favorable on the under-coordinated metal site, this reaction on

PbO: occurs on the bridging O site. The KS-DFT-predicted OER activity on the sampled
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surfaces increases in the order PbO; (bridging O) < SnO, (on-top M) < TiO» (on-top M)
< 1IrO; (on-top M), which aligns very well with the increasing order of experimental
current densities. The M-O (metal-oxygen) intermediate formed on these TMOs is also
the most favorable active site for MOR. The energy profiles of MOR on M-O sites are
energetically favorable on these TMOs, except SnO», for which the first dehydrogenation
step is positive. The lower OER current and hence lower M-O active site coverages on
SnO,, along with the higher energy barrier for MOR, are the reasons for its inactivity

towards MOR.
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10 Computational Chemistry for Metal-Organic Frameworks:
Machine Learning Focused Methods

This chapter describes the outcome of a collaborative research project carried out by the
authors of the following:

Indrani Choudhuri, Jungyun Ye, Daniel S. Graham, Brianna Collins, Jason D.
Goodpaster, and Donald G. Truhlar

Reported is work conducted directly by and in consultation with the author.
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10.1 Introduction

Metal-organic frameworks (MOFs) are networks, usually three-dimensional, of
inorganometallic nodes connected by organic linkers. Some involve coordinated metal
ions and may also be called porous coordination polymers. They have attracted
widespread research interest due to their ultrahigh porosity, huge surface area,
remarkable stability, and crystalline characteristics. These unique and extraordinary
structural properties of MOFs enable a wide range of applications, particularly in the field

of heterogeneous catalysis,!?%123:124125 photocatalysis, 26127128 electrocatalysis, 2% 130

131 132

chemical adsorption,'3! separation,'3? and magnetism.'33 Most of these applications
depend on the availability of the void areas (pores) of the MOFs. MOFs generally consist
of metal nodes bridged by organic linkers'3*!13313¢ and the topology of MOF pores is
mainly determined by the composition of nodes and linkers.!37:136

Due to the simplicity of the MOF framework and the high number of possible
nodes and linkers, there are theoretically millions of potential MOFs. Here, we can
address the importance of theory and computational methods and talk about the
synergistic effects of computational methods and techniques. Newly emerging machine
learning techniques provide a promising pathway for significant discoveries within metal-
organic frameworks (MOFs). Machine learning (ML) has a long history of use for
discovery in science. For example, within materials science, ML has been used for

numerous applications, including the optimization of organic semiconductors, metal

oxides, and conductive 2D materials.!3%13%140.141.142 A for MOFs, ML techniques can be
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used to uncover hidden trends in data that may not be obvious yet are crucial in
understanding the material performance. Moreover, ML can identify possible structures
that would show the best performance for applications of interest that are hidden in the
vast number of imaginable MOFs, making it essential to understand how ML methods

have been applied for MOFs to foresee fruitful directions for this technique.

10.2 Computational Methods

ML is a branch of computer science where models are trained to analyze given
data to learn trends and patterns that allow the models to provide accurate predictions.
ML models for MOFs are as diverse as MOFs; no two models are alike, each tailored by
the available information and the desired outcome. ML models for metal-organic
frameworks, as discussed below, loosely fall into the following categories: (i) the
screening of databases for MOF materials with desired properties and (i) the screening of
data sets for hidden relationships between the inherent qualities of the MOF and its
properties, with a generous overlap between the categories.'*?

Here, we lightly review a subset of potential ML algorithms used in the
applications below. Neural networks (NNs) are a set of branching algorithms that are
designed to recognize patterns. Neural network potentials (NNPs) are arising as
particularly interesting in the context of molecular dynamics. NNPs utilize NNs in

statistical learning models that approximate the potential energy of molecular systems

and can be used essentially like force fields, representing the level of theory used to train
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the NNP. This enables the calculation of DFT or higher levels of information at MM
costs.'* One of the most used ML techniques in chemistry is kernel ridge regression
(KRR). Kernel methods, such as KRR, move beyond linear methods by transforming into
higher-dimensional space, where nonlinearities in data can be understood efficiently.
Support vector machines (SVMs) are equivalent to KKR methods except for minor loss
function differences, which is how the ML algorithm minimizes error. Along this same
line of ML, techniques are the more standard linear and logistic regression methods.
Gaussian process regression (GPR) is another commonly used technique and is directly in
contrast to standard regression methods; here, one does not use a specified basis function
but allows for a family of different possible parts which are then tailored toward data.'#’
Decision Tree (DT) algorithms are strikingly different from the above-stated methods but
have nevertheless found use in current research concerning metal-organic frameworks.
DT algorithms are flowchart-like models built by splitting the data based on values of
conditional rules. As more than one or two conditional statements are usually needed to
describe a data set, decision tree algorithms are prone to becoming over-fit, as they learn
highly irregular and not reproducible patterns in the data. Usually multiple decision trees
are employed, which is referred to as the random forest (RF) method.!#® For more
information on the details of ML techniques in porous materials, please see the excellent

review by Jablonka et al.'¥’

59



10.3 Properties & Applications of MOFs

MOFs are popular for their wide range of applications in the fields of electronics,
magnetism, gas storage, adsorption and separations, water filtrations, among many
others. In this review we will give an overview of some of the major applications which

are extensively studied.

10.3.1 Structural Properties

The link between the structure and properties of materials has been thoroughly
explored using ML methods. For instance, Moghadam and coworkers investigated the
mechanical properties of MOFs using a multiscale modeling approach.'*’ They used
high-throughput molecular simulations for 3,385 MOFs with diverse network topologies.
They then developed an NN-based machine-learning algorithm to predict the mechanical
properties of MOFs automatically. This allowed them to identify causal relationships
between the mechanical robustness of MOFs in equilibrium, as expressed by the bulk and
shear moduli and the chemical-structural properties. Moghadam and coworkers went on
to perform ab initio-based force field molecular dynamics calculations to determine the
effects of temperature and pressure on mechanical robustness. High-throughput screening
of mechanical properties in MOFs provides in-depth insights into structure-mechanical
stability relationships. It enables the rational design of MOFs with better mechanical

properties.'*? This is key to bringing the application of MOFs closer to reality and
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highlights the undeniable relationship between the structure and mechanical properties of

MOFs.

10.3.2 Electronic and magnetic properties

The electronic properties of different MOFs have become a front-line area of
research due to their potential application in developing semiconductor and
supercapacitor technologies, high surface area conductors, thermoelectrics, and
photocatalysts. Semiconducting properties are typically defined by the energy gap or
barrier (or band gap) between the conduction band, or highly occupied crystal orbital
(HOCO), and valence band, or lowest unoccupied crystal orbitals (LUCO). The metal
oxide nodes are primarily responsible for the semiconducting behavior of the MOFs,'43
while the delocalized p-bonding networks of the organic linkers provide high
conductivity. These two unique electronic properties make MOFs desirable in
semiconducting and superconducting technology.

Conductive MOFs are intriguing for electrical applications as they maximize the
contact between the conductive pathways and molecules of interest. Narayan and
coworkers showed that MOFs could be synthesized to become electrically conductive
while preserving their porosity.!'*® Marinescu and coworkers identified the first
experimentally observed MOF that exhibits band-like metallic conductivity.!>* Here, ML

techniques can be incorporated to aid in discovering novel conductive MOFs. He et al.

revealed that ML methods are feasible for predicting metallicity in MOFs. They used
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supervised classification learning to identify metallic MOFs in the CoRE-MOFs database
and were able to identify 6 MOF crystal structures that are metallic at the level of semi-

local DFT band theory.'!

10.3.3 Thermal Properties

The thermal expansion coefficient is defined as the fractional change in size per
unit change in temperature (in degrees) of a material at some constant pressure. MOF-5 is
known to show negative thermal expansion, which means that it shrinks as the
temperature rises. Zhou et al. analyzed the origin of the large negative thermal expansion
s in MOF-5 using lattice dynamic calculations.'>* Accordingly, their phonon softening
behavior arises from the low-frequency lattice phonon modes, which are responsible for
negative thermal expansion.'>*!>* The IRMOF family and HKUST-1 also shows negative
thermal expansion, which was explored with the help of ab initio study.!3>156:157 MOFs
which exhibit this behavior tend to do so due to the thermal motions of their organic
linkers.'*® Within the realm of ML, negative thermal expansion behavior can be
challenging to capture owing to the lack of relevant data for this phenomenon. However,
Marco Eckhoff and Jorg Behler was able to capture this behavior through the
development of first principles quality reactive atomistic potentials, which were based on
molecular fragments of MOF-5.152 They were able to convincingly establish that even in

the absence of bulk structures in the construction of the NNP, all the investigated bulk
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properties, such as lattice parameters, elastic constants, bulk modulus, and NTE, are

accurately predicted.!>*

10.3.4 Photocatalysis

The energy bandgap of materials regulates the absorption of photons for
photocatalytic materials. Here, ML methods can be instrumental in their ability to screen
databases for a particular property, namely the bandgap. One such study that displays the
utility of ML methods for this endeavor is the work of Lee et al., who constructed an
SVM-based ML model that was able to predict bandgaps with an RMSE of 0.24 eV over
270 inorganic molecules.'®! However, to calculate accurate band gaps, one needs to
employ the use of exact and high-cost methods. Recently, ML methods using Co-kriging
regression have been developed to take in low-fidelity data and, through careful training,
reproduce higher-fidelity data. One such study is from Pilania et al., who were able to
construct a model to predict the band gap of material at the HSEO06 level based on the
corresponding PBE band gap.'®? While their methods were not directly employed for
MOF materials. One can easily imagine how this methodology can be applied to MOFs

in a future study.

10.3.5 Electrocatalysis

Electrocatalytic reduction is a promising pathway for the sustainable conversion

of CO; into fuel and energy products. Nerskov and coworkers proposed a theory guiding
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the chemisorption of reaction adsorbates in terms of the electronic structure of the
materials, which is called the d-band theory.'®* Noh and coworkers took advantage of this
theory and constructed ML models using KRR and NNs that can be used to predict the
binding energy of surface adsorbates using a linear muffin-tin orbital theory based d-band
width. Interestingly, even though they did not use any ab initio data in their model, they
achieved very accurate results in predicting *CO binding energy.'%* Noh et al. then
screened a set of alloy catalysts for the CO> electrochemical reduction reaction by
estimating their *CO binding energies, thereby displaying the applicability of their
model, which exceeds their initial test sets. Overall, Noh et al. showed that being able to
expeditiously estimate *CO binding energies using the easy-to-compute input features is
extremely exciting for the screening of materials for their ability to reduce CO» readily.
Recently, Mao et al. developed an approach using similar descriptors and regression
techniques to screen MOF materials for those that will readily reduce CO».!9
Interestingly, they found that the limiting potentials of MN4-MOFs (M = Ti to Cu), which
were determined by the formation energy of *OCHOH and *OCH>OH species, are
related to the d-band center of the material. Overall, Mao et al. found that FeN4-MOF was
the most active catalysis in their study of the reduction of CO», with a low limiting
potential of only —0.41 V. This limiting potential is very competitive with other reported

catalysis for CO» reduction, highlighting the importance of ML techniques in this area.
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10.3.6 Gas adsorption/separation/storage

Generally, one leverages differences among adsorbates, such as the rate of
transport, to make the phenomena of gas separation and storage possible. ML techniques
have thrived in this area, particularly concerning high throughput screening of databases
to find materials that are best suited for these processes.!%® Fernandez and coworkers
constructed several seminal regression models using radial distribution functions as
predictor variables to predict CO2 and N> uptake.'¢” Fernandez et al. went on to include
more structural variables, like void fraction and pore size, to predict CHs uptake.'6® They
also applied a classification approach based on quantitative structure—property
relationships to predict top-performing MOFs for CO; adsorption with 94.5%
accuracy.'®® More recently, Gharagheizi and coworkers used ML algorithms to predict
the adsorption of mixtures in MOFs in order to distinguish structures that may separate
azeotropic mixtures.'’? In order to achieve this, they used adsorption isotherm data with a
multiple regression genetic algorithms to successfully develop a model based on
molecular descriptors.!”"!7?2 These experiments highlight the utility of ML methods for

gas storage and separation.
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10.4 Conclusion

Recently, ML has been developed to uncover correlations in data sets. While
significant and trailblazing progress has been made thus far, the application of ML
methods to MOFs has only just begun. We foresee a substantial escalation in scientific
studies dedicated to developing and expanding ML techniques to establish and predict the

material properties of MOFs shortly.
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11 Predicting Adsorption Energies on Bimetallic alloys:
Examining Machine Learning models and Categorical
embeddings

Brianna A. Collins & Jason D. Goodpaster. In preparation.
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11.1 Introduction

First-principle methods are crucial in the discovery and development of new
catalytic materials. Further, reaction barriers in catalytic processes are often estimated
using adsorption energies of reaction intermediates as related in the Bronsted—Evans—
Polanyi equation. Thus, adsorption energies are useful in the description of catalytic
activity.'” As many computational studies have shown,!”%175176 there exist linear
relationships between the adsorption energies among reaction intermediates which
significantly influences the concept of large-scale screening of catalysts for an optimal
species. Abild-Pederden et al. showed that there exists linear correlations between the
binding energies of CHx*, NHx*, OHx*, and SHx* with those of C*, N*, O*, and S*,
respectively.!!3 Taken with the Bronsted—Evans—Polanyi equation, the reaction energy
and activation energy can be correlated with the adsorption energy of one of the
intermediates. The expression of catalytic activity as a function of the adsorption energy
is normally depicted by Sabatier volcano plots.'!” These linear scaling relations for
surface intermediates are often utilized in the development of predictive models and
typically use easy to compute descriptors. Thus, one can use the predicted adsorption
energy and the related volcano plot to enable the calculation of the catalytic activity of a
surface binding site, enabling the large-scale screening of catalysts.

Traditionally, the adsorption energies are calculated by ab initio methods, like
Kohn—Sham density functional theory (KS-DFT).? The KS-DFT calculations of
adsorption energies on surfaces often demand large unit cells which are prohibitively

expensive to do on the large scale. Thus, it is necessary to develop alternative models that
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can predict adsorption energies on the surfaces of complex systems. Many groups have
taken this as motivation to make use of advances in data science and machine learning
(ML) and have had success. Toyao et al. developed an effective ML model for predicting
the adsorption energies of CHs related species on the Cu-based alloys with their leading
model having an average root mean squared error below 0.3 eV.!”” Noh et al. used non-
ab initio linear muffin tin orbital-based input features to predict the *CO binding energies
on alloy systems and obtained a root mean square error of 0.05 eV.'** Fung et al.
demonstrated an approach to predict adsorption energies using a convolutional neural
network to automatically gather features from the electronic density of states yielding a
mean absolute error of around 0.1 eV.!”® Please see the excellent reviews by Chen et
al.'”, Guan et al."®, Lamoureux et al.'"®!, and Xu et al.'®? for a continued exploration of
this topic.

This work aims to further the field of computational catalyst screening by
showing that nominal categorical data, such as the chemical composition of a surface, can
be useful in constructing said regression models. Here we postulate that readily available
data, such as material properties like density, along with the stated categorical
information, are sufficient to build a generalizable ML model of adequate accuracy. To
do this, we focused on building a ML regression model to predict the adsorption energy
of twelve diverse adsorbates on bimetallic alloys, utilizing the dataset by Mamun et al. to
provide the adsorption energies, as well as information regarding the surface
composition, the identification of the adsorbate, and information about the adsorption

site.'®3 In addition, we also used information readily available on NIST’s search
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engine, '3

such as thermodynamic information concerning the adsorbates, as well as
physical property information from the materials project database.'®> Overall, this led to
the acquisition of a plethora of categorical information, such as the type of site the
adsorbate was bound (e.g. “hollow” site). Typically, this information needs to be either
transformed or disregarded to perform a ML regression task on a dataset. Here we
employed entity embedding, a technique from the natural language processing field, to
fully utilize our categorical information. This method maps categorical variables as a
function approximation problem in Euclidean space which is learned by a shallow neural
network using a standard supervised training process yielding the entity embeddings (i.e.
features).'®¢ Using entity embedding is advantageous because mapping similar values
close to each other in the embedding space reveals the intrinsic properties of the
categorical variables, which can be leveraged in subsequent regression tasks. After

transforming the data, we built a regression model using the Catboost'®’ regression

method, which yielded a 2.35 kcal/mol mean absolute error on the reserved test set.

11.2 Computational Details

11.2.1 Development of features

In the field of catalysis, features provide correlations between fundamental
properties, such as the electronic structure, and the target, here the adsorption energy. The
use of easily accessible features has increased the discovery of new catalytic materials.

First-principles-based features, as pioneered by Nerskov and colleagues, who

70



demonstrated how metal electronic structure features, such as the metal d-band center,
correlate with the binding energy of surface, are very popular in the literature although
their use comes with disadvantages.'®® Several groups have pioneered the use of non-ab
initio features as an effort to reduce the computational cost associated with developing
higher level features. Examples include geometric and atomic features of the potential
active site'®; generalized coordination descriptors, such as typical valence, number of
free bonds, and ionic radius have are also popular.'®* Some have proposed the use of easy
to compute linear muffin-tin orbital based features such as the d-band width and
electronegativity.'®* Gusarov et al. developed features based on the Fukui function and its
projection onto the Connolly surface formed by the smoothed van der Waals spheres of
individual atoms in an attempt to capture the topology of a surface and analyzed the
correlation between the proposed descriptor and the surface adsorption energy of CO.!'*
Esterhuizen et al. used generalized additive models (GAM) to predict small-molecule
adsorption energies on Pt alloys using non-KS-DFT calculated metal properties such as
the pseudopotential radius, the number of valence electrons, the electronegativity and the
molar volumes.'®! Here our goal was to utilize simple and accessible features from
NIST,!84 Materials Project,'®> and Mamun et al.'®3 in the hope that this would allow us to
create a model that is both interpretable and easy to construct.

Data preprocessing can greatly influence the outcomes of the model and the
ability to interpret the results. Appropriate preprocessing is pivotal to the accuracy and
relevance of the ML model. Given that ML models are based on mathematical equations,

it is therefore problematic if categorical information such as “hollow” or “hcp” are
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desired to be used in the algorithm. This information must be converted into machine-
readable numerical values before it can be utilized. One-hot encoding is one commonly
used method of transforming categorical data.'®> With one-hot, each categorical value is
converted into a new feature and assigned a binary value of 1 or 0 to those columns. Each
integer value is represented as a binary vector. This procedure generates several new
variables and thus using one-hot can cause difficulties if the original column has many
unique values. Another disadvantage of one-hot encoding is that it produces
multicollinearity among the various variables, lowering the accuracy of a model
constructed using data preprocessed as such.!?

Entity embedding is another method used to transform categorical variables into
usable information for a ML task.!8¢ Entity embedding involves encoding categorical
information and then using a shallow neural network to perform a regression between the
encoded information and the target. The features extracted from this process are the
weights optimized during the regression. Therefore, the features contain information
about how each category is related to the target. The process of entity embedding begins
by mapping each state of a discrete variable to a vector as:

**=>*? ,@

x- 1s then label-encoded as:

Where B . is Kronecker delta and the possible values for a are the same as x-. If m; is the

number of values for the categorical variable x-, then B . is a vector of length mj, where
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the element is only non-zero when C/ ,@. The output of the extra layer of linear neurons

given the input x; is defined as:

@DE F, B ./ G

Where F ; is the weight connecting the label encoding layer to the embedding

layer and H is the index of the embedding layer. The mapped embeddings are just the
weights of this layer and can be learned in the same way as the parameters of other neural
network layers. All embedding layers and the input of other continuous variables are then
concatenated. The network can thus be trained with the standard back-propagation
method. '8¢ In this way, the entity embedding layer learns the intrinsic properties of each
category, while the deeper layers form complex combinations of them.

To ascertain which method of preprocessing was most appropriate for our data set
we used both methods and compared correlations between the features and the target. We
also compared the accuracy of several models built with each data set. In Figure 18, we
have plotted the Pearson correlation coefficients for all features and the target in a
heatmap with the target column shown separately for clarity for both the dataset with the
nominal information one-hot encoded and entity embedded. From Figure 18 the data that
was entity-embedded is significantly more correlated to the target than the data that was
one-hot encoded. Moreover, this would indicate that a model built using entity
embedding should perform better than that of one built using the dataset that had been
one-hot encoded. Therefore, we tested this hypothesis by constructing five different tree-
based machine learning models using data that had been one-hot encoded and entity

embedded and compared the resultant metrics as shown in Figure 19. All models were
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left with default hyperparameters, and each metric shown is the average of 10-fold cross
validation with the standard deviation shown as the error bar. Here only tree-based
models were sampled because they are invariant to the scaling of the data and robust to
outliers, which were not screened from the dataset. Tree-based methods also contain
inherent feature selection, which is taken advantage of in this study.!®® Overall, the
Catboost regression algorithm performs best in comparison to all tested ML algorithms
(Xgboost,'** Gradient Boosting,'*> Lightgbm, !¢ ExtraTrees!®?). Models constructed
using data that had been embedded outperformed on all metrics and in all models thus
clearly demonstrating the importance of preprocessing and the intelligent inclusion of

nominal information in building regression models.

11.2.2 Development of Model

To train our ML model, we used a dataset containing 52,792 adsorption energies
on 1088 unique bimetallic alloy surfaces.'®3 These surfaces are composed of 37 metal
elements in varying stoichiometric ratios. Adsorbates included in this set are the
monatomic adsorbates H, C, N, O, S, and polyatomic counterparts, CH, CH,, CHs, NH,
OH, SH. The adsorption energies range from at least -25.64 eV to 20.52 eV which
implies ample sampling of both weak and strong bonds in adsorption systems. Therefore,
it is assumed that this dataset represents a subset of important intermediates adsorbed on
surfaces exhibiting an extensive range of chemical environments and can be used to
develop a model that is generalizable. The type of model, CatBoost'®’, was chosen based
on the results discussed above and shown in Figure 19. Hyperparameters were tuned

using Optuna'®’ search, where we were careful to control for data leakage.!%!
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Figure 18 : Pearson correlation coefficients plotted as a heatmap with the top image as a
larger representation of the coefficients in the target column. A indicates that the data
shown has been entity embedded, B indicates that the data had been one-hot encoded.
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Figure 19 : Average MAE over 10 cross-validation attempts for various regressors. The
data has been preprocessed as one-hot encoded and entity embedded as noted.

11.3 Results and Discussion

11.3.1 Evaluation of ML performance

For ML models tasked with regression, the mean absolute error (MAE) and root
mean square error (RMSE) are commonly reported error metrics although there is much
debate over which is more appropriate.?’ The MAE provides straightforward information
about the average magnitude of errors to be expected from a model, however it does not

offer any information into the variability of prediction errors. The RMSE amplifies larger
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errors due to its squared nature and is sensitive to outliers. Therefore, we considered these
metrics together, MAE and RMSE as well as the median absolute error (MdAE) because
it is robust to outliers as it is calculated by taking the median of all absolute differences
between the target and the prediction.??” We can also quantify the extent of correlation
between the prediction results and ground truth by reporting the coefficient of
determination (R?).

We trained our model on all the information in the train set and evaluated the
model on the reserved test set both as a whole and for each individual adsorbate.
Reported metrics can be seen pictorially in Figure 21, as well as in Table 5. The MAE
across all adsorbates is 2.35 kcal/mol. Of the monatomic adsorbates, C had the smallest
MAE at 1.88 kcal/mol. Of the polyatomic adsorbates, the MAEs range from 2.46 to 4.10
kcal/mol. RMSEs are similar although they tend to be 1 to 2 kcal/mol higher, except in
the case of *NH, which the RMSE is 5 kcal/mol higher than that of its associated MAE.
Table 5 also shows the maximum error on prediction per adsorbate; here it can be seen
the *NH has the largest maximum error explaining the difference between the MAE and
the RMSE. Figure 22 shows the distribution of prediction errors where it is slightly
skewed to the right, explaining the maximum errors. We also choose to report the MAAE
which is robust to outliers; the MdAE across all adsorbates is 1.30 kcal/mol, with the
largest MAAE for *SH at 2.69 kcal/mol. This alludes to the point made earlier that data
preprocessing, in this case cleaning, can have a significant impact on the model. It is clear
there are outlier systems in our dataset; the appropriate action to take to filter out this

information requires further study. Here, in all reported metrics and figures, we included
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all data points. Figure 20 shows the prediction values as a function of the test target
values to visually show the correlation between the test and prediction for various
adsorbates, which are indicated by shape and color. Figure 20 also shows coefficients of
determination, where they range from 0.999 to 0.715, all indicating a strong relationship
between the prediction and ground truth. As shown the predictions for the monatomic
adsorbates are more related to the test than that of the polyatomic adsorbates. This could
have occurred for several reasons; there is more data concerning monoatomic adsorption
in the database as seen in Table 4, and the targets for the polyatomic adsorption tend to
span a smaller range of values which may indicate that this distribution of values may not
have been ideal for the chosen model. As evidence, the correlation coefficient for water
adsorption stands out as being particularly poor; here the adsorption energies of water

span the narrowest distribution as seen by Table 6.
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Figure 20 : Test values versus prediction in kcal/mol for various adsorbates split between

monatomic and polyatomic adsorbates. Correlation coefficients are shown between the

test and prediction.
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Figure 21 : Metric values as evaluated on the reserved test set, shown as total and split by
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Table 4 : Number of each adsorbate type found in total dataset

CH,

CH;

CH

H,O

H

NH

N

OH

O

SH

Number of

Adsorbates

1007

864

1035

17034

1025

12951

1066

7135

761

5226

1223

3465
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Table 5 : Metrics as evaluated on the reserved test set

kcal/mol |Overall| CH,|CH3;|CH| C |HO| H [NH| N [OH| O [SH| S
RMSE 427 |5.02(3.17]7.16 | 3.63 | 3.93 | 3.86 | 8.40 | 4.16 | 4.04 | 531 | 5.65 | 4.03
MAE 235 [3.42|246|4.11|1.88| 2.65 |2.13(3.982.26|3.05|2.96 |3.94 | 2.74
MdAE 130 |2.15|1.97(239]098| 1.67 | 122 | 1.74 | 1.25 | 2.28 | 1.57 | 2.69 | 1.85
MAX

ERROR | 5705 [23.28] 7.60 [37.2749.92 15.05 |55.34|57.05|49.51|12.26|45.45]19.00|26.01
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Table 6 : Maximum, minimum, and range of targets per adsorbate

kcal/mol CH:|CH;|CH| C |HO| H |[NH| N [OH| O |[SH| S

Maximum 107.7| 52.8 |146.8| 473.1 | 46.2 [ 316.1 | 92.1 |289.9 | 48.4 | 144.5|37.7 | 43.9

Minimum -13.4-24.21-4.02(-453.3| -21.3 [-591.4|-72.9|-362.9|-63.0|-314.5(-70.0| -98.6

Range 121.1] 77.1 |150.9( 926.4 | 67.5 [ 907.5 |165.0] 652.8 |111.5| 459.0 [107.7|142.5

11.3.2 Analysis of ML features

After developing a ML model, we wished to understand which of the features
considered are most important to determining the adsorption energy. We utilized a
unified framework to interpret model predictions employing Shapley Additive
Explanations (SHAP),?°! which is a game theoretic approach to explain the output of any
machine learning model, in line with other groups in this field.?°> The mean absolute
SHAP value for each feature quantifies the magnitude of each feature's contribution
towards the target. Features with higher mean absolute SHAP values are more influential,
in this way the mean absolute SHAP values can be thought of as a measure of feature
importance.?’! Figure 23(a) shows the mean absolute SHAP value for the ten most
influential features where seven of these features come from the embedded nominal
information, highlighting this data’s importance in the model. The Beeswarm plot in
Figure 23(b) shows the relationship between the actual feature value and its impact on the

model as well as the distribution of values. For example, we see that the value of
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“ads H 17 is directly related to its importance in the model. Here, it can be easily seen
that the three most important features are the “ads H 17, “ads 2 embedding 0, and
“energy per atom” which relate to the enthalpy of the adsorbate, an entity embedded
feature, and the energy of the surface per atom, respectively. This is encouraging as it
indicates that model developed a relationship between the surface and the adsorbate using

the categorical information.
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Figure 23 : SHAP values in A. Beeswarm plot with the feature value represented by color
B. the mean shape values shown for the top 10 features.
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11.4 Conclusion

Machine learning methods in combination with ab initio methods have created the
new frontier in understanding catalytic reactions and devising new catalysts. Through
continuous development in catalysis theory and break throughs in ML techniques, we
encourage and expect more data-driven approaches be employed to understand and
predict catalytic reactions over surfaces. To conclude, a machine-learning framework is
explored and developed to accelerate the discovery of catalysts by learning adsorption
energies. This approach is unique in that it uses nominal categorical and readily available
information so that it can rapidly explore broad chemical space with minimal user effort.
By learning from the data of 52,792 alloys the adsorption energies of twelve diverse
adsorbates, can be predicted for new bimetallic catalysts with a MAE of 2.35 kcal/mol.
Feature analysis indicates that the most important features used in the building of this
model were from the entity embedding process. Given recent machine learning advances
in the field of natural language processing, this work highlights the necessity of exploring

the use of alternative data sources in chemical space.
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12 Conclusion

The investigation of mechanisms concerning energy related materials has seen
significant progress as presented here. These advances and recent improvements in data
science related methods for chemical purposes have paved the way for discovering new
catalysts. In chapter 2, I discussed the investigation of a multifunctional magnetic metal-
organic framework whose precedent shows promise in enabling new applications in
green technologies and next-generation data processing and storage. In chapters 3 and 4, |
focused on elucidating mechanisms concerning the nitrogen reduction reaction and the
methane oxidation reaction on surfaces. Both reactions are of exceptional scientific,
societal, and industrial importance. These chapters employ methods like that used in the
data generation of the information utilized in chapter 5, where I developed a novel way to

identify catalytic materials.

Overall, approximations such as linear scaling relations, capitalized on in chapter
5, have played a pivotal role for efficiently designing new catalysts. I anticipate the next
generation of research efforts will push towards breaking these scaling relations, thus
creating more generalizable models across chemical phenomena. This work would
involve the creation of methods that more rigorously reproduce experimental reaction
environments. I hope that developing more experimentally relevant models will break
linear scaling relationships, especially for well-studied and industrially relevant reactions
where exceedingly novel solutions are required to improve existing established catalysts.

The community will need to invest in building capabilities for probing atomic-scale
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phenomena and reaction mechanisms in the presence of complex reaction environments.
As an example, a plethora of work remains in the area of solvent modeling, especially
with more complicated solvents such as ionic liquids.?’? Further examples include
reaction environments which foster competing mechanisms, as discussed in chapter 4.
Limitations like these frustrate the atomic-level understanding of these catalysts despite
their capacity for use in many industrially significant reactions. For these developments
to come to fruition the computational catalysis community will need to work
synergistically with the experimental community in studying complex systems.

With time, I envision challenges in using said developed information to its full
potential. Despite significant advances in the implementation of ML techniques on
catalytic systems, there are still several challenges that need to be addressed. The
development of relevant datasets that accurately reflect the intrinsic nature of the catalyst
activity, is of paramount importance. This lack of information provides a huge area of
growth as it is a guess as to what information is most needed to construct these models.
ML is poised to be a versatile quantitative tool to study and understand catalytic

Processes.
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