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Abstract

Metal organic frameworks (MOFs) are a class of nanoporous materials made of organic and
inorganic structural building units (SBUs). MOFs have gathered interest for many applications due
to their high tunability leading to materials with very diverse pore chemistries and geometries. The
focus of this thesis is on studying the gas separation and storage capabilities of MOFs and

analysing their geometric properties.

The first part of this thesis work is a computational study of H, uptake in the MOF
Ni;(pzdc).(ade), to understand its strong uptake. Synthesized in the lab of Professor Kyriakos
Stylianou at the University of Oregon, the unactivated crystal structure of the MOF was
experimentally determined and following the activation the MOF was found to have high uptake
for H, at low pressures. To understand the adsorption of H, in the MOF, density functional theory
(DFT) calculations were performed to explore the activated structure and understand the H,binding
in the material. The H, uptake capacity was then explored computationally with grand canonical
Monte Carlo (GCMC) simulations whereby the metal was changed to analyze the effects of the

metal centre on hydrogen uptake.

The second part of this thesis involved the calculation of geometric properties for the ARC-
MOF database curated with the Woo lab that contains around 280K MOFs — both experimentally
characterized and computer-generated structures. The database was created to provide the
community with a diverse database of MOFs for which DFT derived partial atomic charges are
available to conveniently perform high-throughput screening and data-driven studies. For this
thesis, the relevant geometric properties for all MOFs in the database were calculated such as the

accessible surface area, accessible volume, pore limiting diameter, and largest cavity diameter. The
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distribution of the descriptors was plotted and compared to existing databases to demonstrate the

diversity of the database.
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1 Introduction

1.1 Importance of Clean Fuel Sources

Over the past decade, it has become apparent that changes to the environment are occurring
due to climate change caused by human pollution. This is due to the greenhouse effect causing
temperature increase in the planet’s atmosphere and has begun to show effects on plant and animal
life across the world."” The increase in temperature and subsequent increase in sea level® will
drastically affect the way humans are able to live on the planet. The need to reduce greenhouse gas
emissions in an economical way has remained a problem and has not improved as greenhouse gas
emissions continue to increase yearly.*” When these emissions are divided by sector, energy
production is responsible for the majority of CO, and agriculture produces the most CH, and
N,O.* Many places around the world are beginning to adopt energy generation from sources that do
not produce greenhouse gases such as nuclear plants or renewable power (solar, wind, etc.),
however these sites cannot be built in certain regions leading to the continued reliance on green
house gas emitting fuels for stationary energy production.

Carbon capture and storage (CCS) represents one of the many ways to reduce greenhouse
gas emissions while we transition to zero emission energy generation. CCS refers to methods that
aims to reduce greenhouse gas emissions by collecting it before release into the atmosphere. This
collected material can be permanently stored in underground reservoirs in order to prevent release
into the atmosphere.® Though storage is considered a current practical option, the collected gases
could also be utilized or transformed into other chemicals. However, no large-scale utilization
practices are currently available that make significant reductions in our greenhouse gas emissions.

CO; capture from large stationary sources such as a powerplant is currently viewed as the most



practical form of large-scale CCS. Depending on what fuel the power plant uses and how it is run
can result in different gases and concentrations of gases being produced thus they need different
methods to be collected. Greenhouse gas sources can also appear in the productions of certain
products such as steel” and cement® which produces CO, that need to be collected as well.

There are different methods for energy generation when burning fossil fuels with their own
carbon capture methods, the three worth pursuing are pre-combustion, post-combustion and oxy-
fuel combustion carbon capture.”'’ Pre-combustion involves placing the coal in an environment of
steam and oxygen at high temperature and pressure to create a gas of carbon monoxide and
hydrogen known as syngas. The high temperatures and pressures causes a drop in powerplant
efficiency of around 20% compared to traditional energy production methods.” The carbon
monoxide is converted to carbon dioxide by reacting with water and is separated from the
hydrogen, where the hydrogen is then burned for energy.' Oxy-fuel burns coal in oxygen resulting
in an output of only CO, and H,O which can be separated by condensation. These methods both
require fundamental process changes and cannot be used in existing powerplants.

The last method, post-combustion carbon capture, is considered the most general due to the
ability to easily retrofit onto an existing plant. Post-combustion involves separating CO, from the
exhaust gas of a power plant. Exhaust gas composition depends on the energy production method.
The current large scale method for post-combustion CO, capture uses an aqueous amine based
process which can collect CO, at low concentrations and be retrofit onto existing power plants.
After CO; is collected by the solution, heat needs to be applied to recover the CO, for permanent
storage. This utilizes more than 30% of energy generated from the power plant.'* Moreover, the
solutions are highly corrosive and the amines chemically degrade which requires continual

replacement of the sorbent.">



The Boundary dam power plant in Saskatchewan is the first large scale coal burning plant
to use CCS technologies. One of the four boilers was retrofitted with a liquid amine capture system
that started in June 2014." Due to the aforementioned problems with the liquid amine capture
systems, the CO, capture has not been expanded and the system is being decomissioned."® In Texas,
the Petra Nova plant started liquid amine based carbon capture in 2017 with the goal of capturing
4.6 million tons of carbon dioxide. The plant was shut down in 2020 with too many outages over
the time period it was open. Additionally, it failed to meet its carbon capture goals by 17 %."

Alternatives to liquid amine based CO, capture are technologies that use porous solids.
Porous solids based technologies could have a lower energy cost of CO, separation due to the lower
binding energy to CO, than amines, which chemically react, and the lower heat capacity of the solid
sorbent compared to the aqueous amine. Some of these technologies that use porous solids are also
quite mature. For example, large scale pressure swing adsorption (PSA) systems have been used
for many decades to remove CO, from natural gas.'® With PSA, the CO, is adsorbed into the porous
solid and then the near pure CO; is recovered by applying a vacuum (swinging the pressure). Other
methods to recover pure CO, that are more energy efficient can also be developed, such as steam
swing, temperature swing adsorption or combinations thereof. However, such technologies are not

as mature and would require further development.
1.1.1 Hydrogen as a Fuel Source

Though CCS is a promising method for GHG reduction, clean energy sources are still
explored as alternatives. There has been significant research into alternative energy sources that
reduce greenhouse gas emissions but many lack the practicality that fossil fuels have.' Though
there have been large improvements in stationary energy generation to move away from sources

that produce greenhouse gases, providing clean energy to the transportation sector is still an



ongoing problem.” Fossil fuels remain the most practical method to generate energy for
transportation as high volumetric energy density as shown in Table 1.1. Though the fuel
alternatives feature much higher gravimetric energy densities, at standard temperature and pressure
they exist as gases with low volumetric energy density.

Table 1.1: Volumetric and gravimetric energy densities of common fuels in different
states'®

Volumetric Volumetric Volumetric
Gravimetric energy energy energy density
energy density  density (MJ/L) density (MJ/L)
Material (MJ/kg) (liquid) (MJ/L) (gas) (compressed)
Hydrogen 143 10.1 0.0107 5.6 (700 bar)
Methane 55.6 - 0.0378 -
Natural gas 53.6 22.2 0.0364 9 (250 bar)
Gasoline 46.4 34.2 - -
Biodiesel oil 42.2 33 - -

One alternative fuel that is known to produce no greenhouse gases is molecular hydrogen
(H>). Hydrogen is a combustible gas that reacts with oxygen to produce only water and has a
gravimetric energy density of 143 MJ/kg which is significantly higher than most gases that are used
as fuel.” There are still issues with hydrogen as a fuel that prevents it’s widespread adoption such
as low volumetric density*" and difficulty to produce it without greenhouse gas production.*

Low density of hydrogen as a gas requires compression to meet the same standard as other
fuels that produce greenhouse gases but can be stored in smaller volumes. Despite hydrogen
storing 2.6 times the amount of energy of gasoline per kilogram, it takes up four times the volume
of gasoline® as shown in Table 1.1. Similar to other gases, hydrogen can be stored in pressurized
containers which is the current method of storage in current hydrogen vehicles.”* Most

compressed storage vessels need heavy materials to ensure safety therefore research is being done



to create light weight materials that can densely store gas for fuel efficiency.*** There are
alternatives which can bypass the problems above such as producing the hydrogen before use or
collecting the hydrogen in materials capable of densifying the gas. A comparison of large scale
hydrogen storage* shows that metal-hydride, liquid, and cryo-adsorbers storage take up much less
volume than pressurized containers of hydrogen but have other costs preventing them from being

t* storage solution causing excess energy use

widely deployed. Metal hydrides are the heavies
during transportation and requires heat for hydrogen release.* Hydrogen needs to remain below
33.2 K to stay as a liquid which has a large energetic cost to cool below this temperature and it
needs to be stored in an open system to prevent over pressure.”>* There are some methods that meet
the Department of Energy’s (DOE) specific targets® seen in Table 1.2 for hydrogen storage but
many come with issues mentioned above preventing the widespread adoption of hydrogen as a

transportation fuel.

Table 1.2: US DOE onboard hydrogen storage targets in light-duty vehicles®®

Storage 2020 2025 Target
Gravimetric Capacity
(Wt %) 4.5 5.5 6.5
Volumetric Capacity 30 40 50
(9/L)
Cost ($/kWh) ($/kg) 10
1.2 MOFs

The use of porous solids for gas separation and storage has been explored with many
classes of materials but, metal organic frameworks (MOFs) provide a unique platform to develop

materials.



A MOF is made of a repeating series of organic and inorganic structural building units
(SBUs), which form covalent or dative bonds with one another.?® MOFs are considered highly
tunable as different SBUs can be combined for intentional design of pores to interact with a specific
gas. MOF UiO-66 is presented in Figure 1.1 (c) as a popular example with an easy to view
structure, composed of the organic linker benzene dicarboxylate (b) and the inorganic linker
Z1¢04(OH)4 (a). MOFs have been presented for many different applications such as gas selectivity

and storage,* > batteries,* drug delivery,””*® and water harvesting.**

Figure 1.1: UiO-66 with (a) ZrsO4(OH), as the inorganic cluster, (b) benzene dicarboxylate
(bdc?) is the organic linker and (c) as the completed structure (unprotonated) where black
lines represent the repeating unit cell. Red are oxygen atoms, grey are carbon atoms and
green are zirconium atoms.

1.2.1 MOF Geometric Properties



MOFs can have small pore sizes and large pore volumes and surface areas which allows for
gases to enter the material and interact with its internal structure. The largest reported surface area
of a MOF is >7000 m*/g and the largest theoretical surface area is ~14600 m?*/g.*' It is important to
be able to characterize the pores of a MOF in ways that are useful to a researcher. The relevant
geometric properties that are usually calculated for a MOF are surface area, volume, largest cavity
diameter, pore limiting diameter, void fraction and density. To determine the structure of the pores,
a probe, i.e. He, N,, H,, travels across the surface of the MOFs structure drawing a line from the
centre of the probe or the edge of the particle.* Everything that exists between the lines drawn are
the pore cavities seen in blue on Figure 1.2. In a MOF, the surface area refers to the accessible
surface that a given molecule can interact with inside of a pore generated by the probe and can
either be reported gravimetrically (m®g) or volumetrically (m*cm’). The MOF’s accessible
volume is then the volume that exists in these pores created by the probe and can be reported
gravimetrically (cm®/g) or as the void fraction, a ratio of the pore volume to the volume of the unit
cell. There are two relevant pores to look at which are the pore limiting diameter and the largest
cavity diameter. The pore limiting diameter determines what guests can enter a MOF and which
can not and the largest cavity diameter is important for understanding diffusion rates of gas in a

MOF.* These values are calculated because geometric properties can be used to predict uptake.**
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Figure 1.2: The internal surface of a MOFs pores where the blue walls are inside the pore and
gray walls are outside with a view from (a) the y axis and (b) the x axis.

1.2.2 H, Storage in MOFs

Before MOF's came into the picture, zeolites and porous carbons were studied for hydrogen
storage. This led to the discovery that there is a relation between accessible surface area and storage
capacity? in porous materials. Due to this relation MOFs have become promising candidates for
hydrogen storage due to their large and tunable pore size and surface areas. The first MOF for
hydrogen storage was demonstrated on MOF-5 which possesses a large internal surface area, 2500
— 3000 m*/g, and it was found that the maximum uptake was 4.5 wt % at 1 bar (weight percent,
mass of hydrogen vs mass of MOF material) at 77 K.*® This was later corrected to 1.3 wt % at 1
bar**® More porous solids of note with experimental results are MOF-74 (Ni)>' with a storage
capacity of 1.8 wt % and HKUST-1°* with an adsorption capacity of 2.6 wt %. Further research into
hydrogen uptake in other MOFs lead to these conclusions; Hydrogen uptake has a linear

correlation to accessible surface area (Chahine’s rule: ~ 1 wt % per 500 m?/g),>*** low heats of



adsorption prevent the need for additional temperature maintenance, and fast adsorption and
desorption is important for transfer to the power generation step.>>

For uptake, there are two forms that are commonly measured, excess and absolute.
Excess uptake (or capacity) is the amount of gas adsorbed over a gas that does not interact with the
framework under the same pressure and temperature. Absolute uptake is the difference between the
density of the free gas with the gas in the MOF pores. It is recommended that both of these values
are reported such that researchers can more easily compare materials.

There have been more studies on hydrogen uptake in porous materials to attempt to
determine a structure property relation.”” In 2019, a computational screening of ~ 500000 MOFs,
both real and hypothetical, was done to test for hydrogen storage at 77 K with a pressure swing
between 100 and 5 bar.”® The importance of this research was demonstrating the relationship
between geometric properties and usable capacity. As a MOF’s pore volume, gravimetric surface
area and void fraction increases, so does usable capacity, the reversibly stored gas between delivery

and maximum storage pressure. The inverse of this correlation holds true for a small range of

density and volumetric surface area.

1.3 Computational simulations of MOFs

The increase in computing power over the last few decades has allowed for computational
simulations to be an integral part of chemistry including materials development. The main goals of
these tools are to provide insight into the chemical interactions of a given system. The advantage of
computational simulations is that they can be run en masse to search for high performers without
needing to go through the process of making the materials. This process is known as computational

high-throughput screening.



There are many different methods to perform computational simulations that are used for
specific purposes that prioritise accuracy and time of calculation. Grand Canonical Monte Carlo
(GCMC) simulations can be used to simulate gas adsorption isotherms, a key experimental
measurement of the adsorption capacity of a material. Density Functional Theory (DFT)
calculations are used to calculate the electronic structure of an atomic system which can be used to
optimize the atom positions, calculate binding energies, and model reactive interactions between
atoms. Molecular Dynamics simulations are used to study the time evolution of the atoms in a
system and can provide estimates of the diffusion coefficients of a guest in a material. The details of
these methods are expanded on in Chapter 2 of this thesis.

The Woo lab previously performed a computational analysis on Calgary Framework 20
(CALF-20),” a water stable MOF with CCS capabilities. The computational methods were able
to simulate adsorption isotherms which were in close agreement with experimental results. The
computationally calculated binding sites were also studied to understand the guest interactions.

Savante is currently working to scale up the MOF manufacturing process for industrial use.®

1.4 MOF Ciriteria for Gas Separation and Storage

While MOFs are being studied for a variety of use cases, the Woo lab group primarily
investigates them for gas separation and storage applications. In a theoretical study, a researcher
must determine how to identify MOFs that would be good at these tasks. The main properties

looked at for CCS abilities are working capacity and selectivity.
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1.4.1 Working Capacity

The working capacity is calculated as the difference between the gas adsorbed at adsorption
conditions (typically low temperature and high pressure) and desorption conditions (high
temperature and low pressure), Aq.*' To measure working capacity, an isotherm must be calculated
either computationally or from experiment. An isotherm, shown in Figure 1.3, is a plot where the
uptake of a gas by a material is plotted against the partial pressure of the gas at a fixed temperature.
The larger the working capacity is, the more gas can be adsorbed per unit of material per

adsorption/desorption cycle.

Gas uptake

Gas Pressure

Figure 1.3: Sample isotherm of gas uptake in a MOF. Closed circle represents desorption
conditions and open circle represents adsorption conditions. Aq is the working capacity of the
system.
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1.4.2 Selectivity

Selectivity refers to the metric of measuring the ability of a MOF to adsorb one molecule

over another. Equation 1.1 shows how this is calculated

g 3i/Pi (L.1)
q;/Pj

where S is the selectivity, g refers to the uptake of specified gas (i/j), and p refers to the partial
pressure of the specified gas (i/j).®* These values can also be calculated from experiment or from
computational simulations.

Selectivity is an important adsorption property for gas separation applications. For
example, flue gas from post-combustion carbon capture contains several gases, mostly N, other
than CO,. Therefore, if the MOF does not selectively adsorb CO, more energy input will be

required to compress and sequester the nitrogen.

1.5 MOF Databases

The components of a MOF are very general, leading to large numbers of possibilities for
what a MOF can consist of. The huge number of MOFs as well as their diverse use cases mean that
having a resource that allows an interested party to easily parse information that has already been
researched is important. This had led to the creation of a large number of MOF databases that are

curated for specific interests.
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1.5.1 Experimental MOF Databases

The Cambridge Crystallographic Data Centre (CCDC) is an organization established by
Cambridge University with the goal of collecting discovered crystal structures in 1965 by
cataloguing them in the Cambridge Structural Database (CSD).* A deposited material’s structure
is determined by X-ray or neutron diffraction and are uploaded to the database as a .cif (crystal
structure file) file. Structures in these databases can contain errors such as missing hydrogen atoms,
missing counter ions, and crystallographic disorder, seen as hyper-coordinated or overlapping
atoms. The submitted MOFs may also be in an inactivated state, where solvent is still present in the
molecule, so it is up to a researcher to determine the MOF’s activated structure. Solvent can affect
pore structure by obstructing pores. Watanabe performed a study on CSD MOFs in 2012 needing to
remove MOFs based on disorder, lack of hydrogen and presence of solvent leaving 1163 of
~30,000 starting materials.** Goldsmith conducted another study in 2013 using the CSD database
but used a set of automated scripts to determine which structures were MOFs and remove the
solvent from the structures which reduced a starting ~38,800 materials to ~22,700.° To make
searching for MOFs in the CSD easier, an integrated database was created from the CSD using
automated tools known as the CSD MOF subset.*®® To prevent future groups from having to filter
such a large number of materials from the CSD, groups have tried to create their own libraries for
ease of use.

In 2014, Chung et al created the Computational-Ready Experimental (CoRE) Database for
use in high-throughput screening.” CoRE’s goal was to have a database of experimental MOFs that
are ready to use for computational simulations. CoRE was created by taking materials from the

CSD and running them through a series of automated scripts and manual checks to collect materials
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that fit the definition of MOF and are not considered disordered. The CoRE database includes
~14,000 MOFs.

These collected materials were then run through a set of scripts to remove the solvent.
CoRE’s last update was in 2019 and it separated the database into all solvent removed (ASR) and
free solvent removed (FSR). Figure 1.4 shows the same MOF with different parts of the solvent
removed where 1.4 (a) has no solvent removed, (b) has the free solvent removed, and (c) has all of
the solvent removed. Solvent is considered bound when the distance between the metal and solvent
oxygen atoms are less than 0.4 A, it is considered free otherwise. The process of removing a solvent
from a MOF is referred to as activation and can result in a change in the structure as it can create
open metal sites or change the pore geometries. The CoRE database only has the solvent removed
from the structure, without any optimization of the MOF’s atom locations afterwards, resulting in
potentially inaccurate structures in the database. The changes that a MOF undergoes after
activation will affect uptake® so it is important to ensure that all structures accurately represent

experimental materials.

Figure 1.4: A sample MOF containing solvent, refcode NADZEZ, containing (a) all
solvent with the free solvent represented by the larger red spheres, (b) with the bound
solvent circled in red and (c) with all solvent removed
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The Quantum MOF database (QMOF) was another database created from corrected CSD
structures.” The goal of this database is to calculate quantum chemical properties of the MOFs
such that machine learning models can be trained on the database. The database contained ~15000
structures after the filtering and contained various properties computed by DFT such as band gaps,

charge densities and absolute energies.

1.5.2 Hypothetical MOF Databases

Due to the knowledge collected from experimental data, researchers can isolate SBUs and
attempt to create new structures with them. Computationally, a researcher would not have to go
through the effort of attempting to synthesise compounds in a lab and instead could create
structures based on previous knowledge on possible SBUs. Groups can then use these hypothetical
MOFs (hMOFs) for high-throughput screening to identify high performing candidates.

The first example of one of these hypothetical databases was created in 2012 by Wilmer et
al.”" The SBUs for this database were collected from existing crystallographic data then grouped
based on reagents used in synthesis. These building blocks can bind based on chemical
composition and geometry alone. In total they collected five inorganic SBUs, 41 organic SBUs
(these could have different terminal groups) and 12 functional groups generated from experimental
data to use in creating over 137000 hMOFs. One study by Gurnani et al. used machine learning to
generate models predicting methane adsorption in a MOF.”” However, the low number of SBUs and
98% of the MOFs having the same topology has led to the database lacking diversity and SBUs
containing errors that will be mentioned in section 1.5.3. Additionally, it was found that many of

the structures possessed near overlapping atoms.
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Woo lab PhD. student, Peter Boyd, created ToBasCCo (Topology Based Crystal
Constructor), an algorithm to create hMOFs based on graph theory.”” ToBasCCo was used to create
what is now called the Boyd-Woo database used in two studies. The Boyd-Woo database was used
to determine a structure-property relations using machine learning to identify MOFs with strong
CO, uptake and CO,/CH, selectivity.”*”> This database was used to identify high performing
binding sites for CO, capture under wet flue gas conditions. Two of these hypothetical MOFs were
then synthesized”® and shown to capture CO, under humid conditions as predicted.

The last hypothetical database of note is by Mujumdar et al.”” where the focus was on the
chemical diversity of the structures. The group collected 14 metal nodes that are not commonly
found in hypothetical databases with a series of metal centres and connection points and the
organic linkers were taken from different databases. This led to a database of ~20000 hypothetical

MOFs.

1.5.3 Errors in Existing Databases

Further examination into the CoRE database by PhD. students, Andrew White and Marco
Gibaldi of the Woo lab, determined that the popular CoRE database contains a large fraction of
structures (~50%) that have serious structural errors.”® Moreover, since most hypothetical MOF
databases derived their structural binding units from the CoRE database, most hMOF databases
have structural error rates of more than 40%. This then puts into question the many studies that use

these databases for screening or for building machine learning models.
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1.6 Machine Learning and Descriptors

The goal of screening existing databases is to search for high performing candidates
however; the sheer number of MOFs can make these screenings prohibitively expensive if the
computation of the property of interest is time consuming. An alternative approach can be to use
machine learning algorithms aid in development and identification of high performing MOFs. An
explanation of how machine learning works is beyond the scope of this thesis, but in general terms,
it is a method of computationally identifying patterns in sets of data. To perform this the ML model
needs be able to interpret the data that it is given, as such the properties of a material such as pore
geometries, atom distances, atom charges need to be quantified as descriptors. Descriptors are
quantitative values used as input of a machine learning model. The descriptors used in this thesis

will be explained in the methods section.

1.7 Thesis Outline

The organization of this thesis is as follows. Chapter 2 is a review of the various tools and methods
used to analyze gas adsorption in MOFs. Programs such as GALA and VASP will be described as
well as techniques such as periodic boundary conditions and GCMC simulations.

Chapter 3 is an overview of the computational simulations that were performed on a MOF
created by the lab of Professor Kyriakos Stylianou in order to determine its properties. The goal of
this work was to determine the cause of the unusually high hydrogen uptake of the MOF through
analysis of the experimental data and a computational study. The MOF’s activated structure needed
to be determined first through DFT structural optimizations as only the unactivated structure was

determined through powder X-ray diffraction. The binding mode of hydrogen was then determined
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through computational simulations. Studying the cause of the strong uptake of the MOF can lead to
the rational design of superior adsorbents.

Chapter 4 contains contributions to the ARC-MOF database. The database is a collection of
hypothetical MOF structures containing DFT-derived partial atomic charges, various descriptors,
and GCMC simulated adsorption data such that the database is computationally ready for high
throughput screening and machine learning. This author’s work focused on collecting the
geometric properties of the MOFs to understand the distribution of properties in the database. The
goal is to determine the database MOFs were diverse with respect to the descriptors for the use of
machine learning and high throughput screening.

Finally, the thesis ends with Chapter 5, which includes a summary of the conclusions of the

thesis.
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2 Methods

The many different computational methods and tools in this thesis will be introduced in this
chapter. Due to the complexity of chemical systems, different methods need to be used to collect
data in an efficient amount of time with an appropriate level of accuracy. The main methods that

will be focused on in this section are Monte Carlo simulations and Density Functional Theory.

2.1 Empirical Forcefield Parameters

One of the simplest ways of viewing a molecular system is with classical force fields.
Rather than calculating the entire electronic structure of a molecule or system, the atoms can be
treated in a ball-and-spring manner. To do this, a user needs to know what forces are acting on each
atom in a system at a given geometry and these are given by an empirically parameterized
forcefield. There are many popular forcefields that each are useful for different chemical systems
and are used to describe certain systems, such as UFF' (general purpose), AMBER® and
CHARMM?’ (proteins and nucleic acids), TIP3P* (bulk water), etc. Once these parameters are
collected the potential energy of the system can be calculated as a series of non-bonded and bonded
interactions for a given configuration of atoms. A user can then sample multiple configurations for
a system to determine what is known as the potential energy surface (PES) which relates the
geometry of a system to the potential energy of the system.

For all gas adsorption simulations performed in this thesis, a fixed framework
approximation is used meaning, the MOF framework is frozen during the simulations. Though it is
possible for a MOFs structure to “flex” during gas adsorption, previous studies have shown this

assumption to be a good approximation and time saving.”” The MOF-guest interactions are
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determined with non-bonded Lennard-Jones potentials and Coulomb potentials using the partial

atomic charge calculation described in the following sections.

2.1.1 Lennard-Jones Potential

The Lennard-Jones potential is a form of a potential to describe the dispersion and steric

interactions between a pair of atoms as shown in Equation 2.1 as a van der Waals potential

r

B = 4% [(L;**)” _ (*’ﬂf] @.1)

In equation 2.1, and are parameters (potential well depth and distance where the potential is zero,

T 12

respectively) of atom pairs A and B, and r is the distance between the two atoms. The "7 s the

OAB

repulsive term and ~ " is the attractive term. Forcefield parameters for and are specific to an
atom pair, however if they have not been determined experimentally the Lorentz-Berthelot
combining rules are used to calculate the parameters from the individual atom values needed for a

given atom pair.

2.1.2 Partial Atomic Point Charges

Electrostatic interactions need to be modeled to properly understand guest-framework
interactions in a gas adsorption simulation. Atomic point charges, {q}, can be used where electronic
charges are assigned to nuclei centres. The electrostatic energy between two atoms can then be

calculated with Equation 2.2

=198 (2.2)
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The electrostatic interactions decay much slower than the steric and dispersion interactions,
compared to . To prevent the electrostatic energy calculation from being too expensive, the Ewald
summation is used to calculate long-range interactions in periodic systems by separating the short
and long range components.®

The Woo lab uses the Repeating Electrostatic Potential Extracted Atomic Charge Method
(REPEAT) which was developed by Campaiid et al. in 2009° to calculate atomic charges in infinite
periodic systems. REPEAT charges are derived from a DFT calculation of the system of interest,
such that the atomic charges best reproduce the electrostatic potential from the DFT calculation
outside of a certain radius of the atoms, usually the van der Waals (vdW) radii. The DFT computed
electrostatic potential (ESP) is evaluated on a grid outside the vdW spheres of the atoms as shown
in Figure 2.1 for a molecular system. The charges on atoms are adjusted (or fit) to best reproduce
the DFT calculated electrostatic potential on these grid points. The REPEAT method was the first
method to allow for the electrostatic potential fitted charges to be determined by periodic DFT
calculations. Previous studies have successfully used REPEAT for computational simulations,*>

7112 byt the use of quantum mechanical derived charges can still be expensive.
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Figure 2.1: Representation of points on the vdW surface of fluorobenzene used to calculate
atomic point charges on the molecule’s atoms. The point’s colour reflects the electrostatic
potential

2.2 Periodic Boundary Conditions

Due to the crystalline structure of a MOF, a user is able to speed up calculation times by
using periodic boundary conditions (PBCs)."* Rather than viewing the structure as a large singular
system, one can reduce the system to its smallest repeating unit, the unit-cell. This unit cell is then
surrounded by images of itself in every direction, shown in Figure 2.2, so the boundary atoms are
interacting with mirror images of the cell. When an atom exits one of the cell boundaries it enters

on the other side meaning the unit cell never loses or gains atoms.
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Figure 2.2: Example of periodic boundary conditions. Solid lines demonstrate the primary
cell containing various particles, surrounding dashed lines represent the copies of the
primary cell, and the blue circle surrounding the primary blue particle represents the cutoff
distance.

The next important decision is to determine how the atoms interact and how many periodic
images that the interactions are computed for. For short-range interactions (steric and dispersion)
modelled by the Lennard-Jones potential, the user can create a cutoff distance that limits the
distance at which atoms interact to speed up simulation time drastically. The minimum image
convention is also used where only the closest periodic image of an atom pair in the cell can interact
pairwise with itself. For the long-range electrostatic interactions, one must typically include the
interaction across many periodic images. This is very compute intensive if done without
optimization. To speed up the electrostatic interactions, the Ewald summation technique® is most

commonly used.
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2.3 Atomistic Monte Carlo Simulations

Monte Carlo is the most commonly used tool to predict gas uptake capacity of a porous
material such as a MOF. With statistical mechanics one can calculate the macroscopic
thermodynamic properties from the microscopic simulations of the guest molecules and the MOF
framework. To start, one can create a hypothetical isolated system where certain macroscopic
properties are set (such as temperature, volume, number of particles, etc.) to fixed values referred
to as a macrostate, then the energy of this system can be solved for. This system can have multiple
configurations, or microstates, for each macrostate. Sampling different guest configurations
(microstates) creates an ensemble, which is a collection of possible microstates generated by
perturbing atoms and/or molecules in the system where the thermodynamic properties remain
fixed. The macroscopic properties can be calculated from the partition function (Q), which is
different for each type of ensemble. There are many types of ensembles but the ones that will be

discussed here are the canonical and grand canonical ensemble.

a. b.

I

: Fixed properties:
: Volume (V),
I
I
I
|

Chemical potential (1),
Heat,
Particles

Quantum states {E; (N)}
Thermostat Bath, Molecule Reservoir

> > > >
“ > > > >
> Ve Ve 1>
> > >
> > Ve

Figure 2.3: Representation of a grand cannonical ensemble system (a) System in a
thermostat bath with walls that will allow the transfer of heat and particles, leaving V, p and
E; fixed. (b) Replicas of the system (the ensemble) are placed next to each other with the
ability to transfer heat and particles between the walls.
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To begin a Monte Carlo simulation, a researcher needs to create a system with an initial
configuration, for a MOF this will generally be the experimental structure with framework atom
coordinates fixed. Guest molecules are then usually placed in the simulation with random
positions. Different thermodynamic variables can be fixed, such as temperature and pressure, in an
equilibrium experiment which correspond to different ensembles. A canonical ensemble fixes the
number of particles (N), volume (V) and temperature (T) of a system. The canonical ensemble is
sampled through translating or rotating guest molecules. Figure 2.3 shows a grand canonical
ensemble where the temperature (T), volume (V) and chemical potential (1) of a system are fixed.

The goal of a Monte Carlo simulation is to sample the microstates in a way that is
representative of the Boltzmann distribution in an efficient way. This cannot be done through
random sampling efficiently, so importance sampling needs to be performed with the commonly
used Metropolis Monte Carlo'* method. The algorithm is as follows:

1. Calculate the potential energy in the system’s starting configuration.

2. Choose a guest molecule in the system and randomly perturb its position.

3. Calculate the potential energy of the new configuration.

4. If the new potential energy is less than the old potential energy, accept the microstate. If

the new potential energy is higher than the old potential energy, the new configuration is
Unew—Uold
e kT ‘
only accepted with the following probability (where U is the potential
energy, k is the Boltzmann constant and T is the temperature). If the new configuration
is not accepted, then we add the original configuration to the ensemble average.

5. This process is repeated until the user determines the simulation is converged. For

typical simulations with non-polar gases in MOFs, this is roughly 1 million MC steps.
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The above algorithm provides a Boltzmann distribution, a probability distribution of possible states
a system can be in, of sampled configurations, where macroscopic properties are determined from

the ensemble average of a system such that each configuration from the above procedure is

weighted equally.

Figure 2.4: Simulation of a gas (red ovals) interacting with a porous solid (blue structure) at
a fixed temperature. The system is set to equilibrium where the chemical potential of the
gas is equal to that of the adsorbed gas. The potential can be calculated from the ideal gas
law thus the free gas doesn’t need to be simulated and only the bulk is examined.
To simulate gas adsorption at fixed temperature and partial pressure, we sample the grand
canonical ensemble, where the number of particles or guest molecules is allowed to change but the

chemical potential of the system is fixed as a thermodynamic variable. The ideal gas has an analytic

form for it’s chemical potential that is dependent on the mass of the gas and its partial pressure. At
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equilibrium, we know the chemical potential of the free gas molecules and the adsorbed gas
molecules must be equal. Therefore, we can sample the number of guest molecules in the system by
randomly inserting and deleting guest molecules in the simulation as shown in Figure 2.4. The
probability of accepting the addition/deletion is related to the partial pressure (which is related to
the chemical potential) we want to simulate. Again, one must compute the energy of the system
after the guest molecule is added or deleted. The probability that a new configuration will be(elz(i(jle)d

when a guest molecule is added is given by Equation 2.3, and the probability that on will accept

when a new configuration is deleted is given in Equation 2.4.

AU

T) (2.3)

ACCn+1 — max(l, m e k

NKT _au 2.4)
ACC,_, = max(l,V—pe KT)

Where V is the volume, p is the pressure, N is the number of guests and U, k and T are the same as
above. Again, if an addition/deletion move is rejected, the old configuration is added to the
ensemble average.

The total number of guest molecules in the simulation averaged over all GCMC steps can
be used to compute the amount of gas adsorbed by the MOF at a given pressure and temperature.
The assumption is that all molecules in the simulation cell are adsorbed. Then running simulations
over different pressures, one can obtain the gas adsorption isotherm.'"” Water is much harder to
simulate as it is difficult to obtain force fields for due to its polar nature, and its ability to interact

strongly with the MOF framework itself.'®
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The GCMC simulations completed in this thesis were performed by the code FastMC, a
modified version of the MD package DL._POLY?*, created by members of the Woo Lab*. GCMC

simulations are used for creating isotherms to predict gas uptake and to predict binding sites.

2.3.1 Guest Atom Localization Algorithm (GALA)

GALA is another program developed by the Woo lab group with the purpose of locating
binding sites in a MOF from the probability distributions of the guest molecules generated from
GCMC simulations. A GCMC simulation not only can be used to determine the amount of gas
adsorbed at a given pressure, but it also generates probability distributions of the guest molecules.
The binding sites can be determined from the location of the maxima in the probability
distributions. However, due to the stochastic nature of the GCMC simulations, the probability
distributions generated are usually quite noisy giving rise to thousands of maxima in a typical
simulation of a MOF. Thus, the group developed the GALA method to automatically smooth the
probability distributions and identify the location of the binding sites from the noisy probability
distributions. GALA will also provide the binding energy at each site based on the calculation

which can be separated into the van der Waals and electrostatic components.

2.4 Density Functional Theory

Based on first principles in quantum mechanics, Density Functional Theory, calculations
have developed into an extremely powerful tool to accurately compute the potential energy surface
of a compound. This is particularly true when a chemical reaction occurs or there is not an accurate

empirical force field available. For the simulation of MOFs, DFT calculations are widely used.
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As with Monte Carlo simulations, the periodic nature of MOFs can be used to reduce the
cost of DFT calculations. For this thesis the DFT calculations were calculated with the Vienna Ab
Initio Software Package (VASP),”** a DFT package commonly used when performing
calculations on periodic structures which uses plane wave basis functions. The calculations were
done with the PBE*” GGA® functional combined with the projector augmented-wave (PAW)
method® to treat core regions of space. PBE is combined with dispersion corrections to examine
the potential energy surface of a MOF. DFT calculations are used to optimize geometries of a
structure, compute reaction and binding energies, compute electronic properties such as band gaps,
etc.

The first focus on DFT in this thesis is to calculate the partial atomic charges through
REPEAT to perform accurate GCMC simulations as mentioned in previous sections. The second
use is to optimize a MOF’s framework atoms from experimental single crystal X-ray diffraction
(SCXRD) results. Hydrogen atom positions can not be accurately determined by SCXRD,
therefore the hydrogen atom positions typically need to be added algorithmically or manually to
represent the proper structure. The SCXRD file can also contain forms of disorder such as duplicate
atoms appearing and over- or undercoordinated atoms. Once the errors are fixed in a crystal
structure editor, the MOF framework will undergo a DFT geometry optimization to ensure accurate

positions of the framework atoms.

2.5 Determination of Geometric Properties of MOF's

For machine learning and to develop structure property relationships, it is important to
compute the geometric properties of a MOF. The Zeo++> code is currently the most popular tool to

rapidly calculate the geometric properties of a MOF.
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Zeo ++ can compute many different geometric features of a MOF given the atomic
coordinates of the system. Density (g/cm®) is gathered as it gives a general idea to how porous the
material is as a high density generally means the material has low porosity and vice versa. When
analysing a MOF channel, there are two diameters that are needed, these are the pore limiting
diameter and the largest cavity diameter shown in Figure 2.5. The pore limiting diameter refers to
the smallest diameter that a channel reaches, and the largest cavity diameter refers to the largest

diameter a channel reaches.

Pore
Largest Limiting
Cavity Diameter
Diameter

Figure 2.5: 2D representation of a pore in a periodic porous material.

The following properties can have different values based on the probe used and what value
of the probe is being used. There are three different ways to calculate volume in a pore, either the
entire volume, Figure 2.6 (b), or by calculating what is accessible by a probe, either from the centre
or the edge, Figure 2.6 (c) and (d) respectively. These are known as the van der Waals surface,

accessible surface area and Connoly surface area, respectively. The volume is also calculated based
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on the surface drawn by the probes, an example of how these look is on Figure 2.6. The geometric
volume refers to the volume of the entire channel and the accessible volume can be calculated from
the centre of the probe, or the edge of the probe referred to as probe-centred and probe occupiable

volume respectively. The void fraction is the fraction of void areas to the solid part of the materials.

van der
Waal surface
Geometric
volume
Connally
surface
Probe-
occupiable
volume
Inaccessible
area

Figure 2.6: (a.) Image of the pore in a porous material where the surface area and volume are
calculated based on different probe methods. (b.) pore where the surface area and volume are
calculated based van der Waals surface of the pore’s atoms. (c.) pore where the surface area
and volume are calculated based on the centre of a probe (yellow circle). (d.) pore where the
surface area and volume are calculated based on the edge of a probe (yellow circle).

Accessible
surface

Probe-centred
accessible
volume

o

2.6 Machine Learning

This work does not directly include any machine learning (ML) but does feature the
generation of geometric descriptors for the use in machine learning. This section will have a brief
overview of machine learning to understand why certain data was collected in a future section.
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Material science has taken advantage of many different types of machine learning but
supervised learning is most commonly used.®' The goal of supervised learning is to determine a
trend in data from a set of easy to calculate properties, chemical and/or geometric features referred
to as descriptors, to a set of properties more difficult to calculate. There have been successful

studies using machine learning including for gas separation and storage.**>*

2.6.1 Descriptors

A descriptor, in the context of machine learning, is any property used to describe the system
in question. In the case of MOFs, or any chemical system, descriptors can be observable properties
such as working capacity or selectivity based on previous calculations or experimental data, and
non-physical properties such as atomic charge. The diverse nature of MOF structures requires the
used of many descriptors for a machine learning model to properly distinguish the differences
between two materials. Ward et al.” identified 145 descriptors for ML on MOFs with many shown

in the Figure 2.7.
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Density
Void fraction
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Degree of
unsaturation
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Band gap
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Figure 2.7: Machine learning descriptors for MOFs™
To speed up the calculation processes, descriptors must be selected based on the relative
importance to the desired output data. Anderson et al.”” performed a study to determine the relative
importance of descriptors when studying working capacity, selectivity and loading for gas
molecules and mixtures. The generally important descriptors include largest cavity diameter,

density, topology, etc. which makes knowledge of geometric descriptors important.
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3 Computational Study of Ni;(pzdc).(ade)

3.1 Abstract

The work done on this project was in collaboration with Professor Stylianou’s lab from
Oregon State University to conduct a computational study on a MOF that they had developed,
[Nis(pzdc).(ade).(H.O).](pyrazole-3,5-dicarboxylic acid (Hspzdc), and adenine (ade)). Their work
was able to experimentally determine properties of the MOF such as open Ni(Il) sites were
generated, a surface area of 160 m?*g was calculated with the Brunauer-Emmett-Teller (BET)
method, an isotherm at 77K demonstrated high H, uptake at low pressures, and a 2.3 + 0.2 kcal/mol
binding energy. The goal of this author’s work was to determine the activated structure of
[Nis(pzdc).(ade),(H,0)s] and to determine the mechanism of binding through computational
simulations. The activated structure was determined computationally by a comparison to the
experimental PXRD patterns with 15 A® smaller volume than the non-activated structure. It was
determined that the method of binding was physisorption through DFT structure optimization. To
study the binding further, the original structure had its metal centre swapped and hydrogen
adsorption simulations were run to compare uptake. The findings showed that the pore size and
shape contributed more to uptake than metal centre. This work has been published in ACS Applied
Materials & Interfaces in the paper “Hydrogen Adsorption in Ultramicroporous Metal-Organic
Frameworks Featuring Silent Open Metal Sites” where I performed all computational calculations

presented.’

3.2 Introduction

Excess use of fuels that emit greenhouse gases has led to the damage of the environment

requiring a switch to fuels sources that have benign products. Hydrogen has been considered a
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possible alternative to traditional fuels due to the absence of greenhouse gases production and
having a high gravimetric energy density (142 MJ/kg).> The ability to store hydrogen at useful
volumetric densities is a challenge that has yet to be solved as working with gases is difficult to do
without using a pressurized environment that can be expensive and dangerous.*

Porous solids such as carbon nanotubes, zeolites, and MOFs, can be used to store gases.* A
porous solid would be able to store a gas due to the accessible pores densifying the gas in a safer
way than a pressurized container. When determining the viability of a porous solid for a specified
application, it is important to understand the interactions between the solid and the guests.® This
understanding allows researchers to rationally design and synthesize materials for specific uses.®™®

It is important to go over properties of a porous solid that lead to good adsorption when
selecting a material for H, storage. An ideal porous solid would have a reversible adsorption-
desorption cycle with high hydrogen uptake and operate in a safe temperature and pressure range.
Ideally the binding mode would be through physisorption rather than chemisorption due to the
larger energy requirements to remove H,. Hydrogen uptake at 77 K and 1 bar is the most used
method to determine hydrogen uptake which will give results that can be easily referenced against
other materials. Deliverable adsorption capacity is the difference in the amount of gas remaining in
a porous solid at lowest desorption pressure and the amount of gas in the solid at storage
pressure.'® Other important properties are heat of adsorption, charge and discharge kinetics, and
reusability. It is important to understand the effects pore structure have on hydrogen adsorption to
understand why a material is a strong candidate for adsorption.

Previous studies into uptake of hydrogen in porous materials shows a trend between the
surface area and adsorption capacity. This trend is referred to as Chahine’s rule where the excess

gravimetric capacity increases as the surface area increases’ (1 wt% per 500m%g, peaks at
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3000m*/g). A study of carbide-derived carbons with controllable pore sizes demonstrated a
deviance in this trend. The pore size has also shown shows effect on the uptake as smaller pores, 6-
7 A, have higher hydrogen uptake than pores beyond 7 A"

MOFs provide a great platform to optimize the above properties due to their tunability
when being designed. Pore size and surface area can be optimized by searching through a series of
metal centres and organic linkers to create a MOF with varying geometric parameters optimal for
different purposes. Further functionalization through the use of open metal centres and the addition
of functional groups can increase the binding affinity for hydrogen to a MOF. Previous studies
show MOFs with pores less than 7 A have a high affinity for H..

My work is the computational study on a MOF that was experimentally synthesized and
characterized by the Materials Discovery Lab at Oregon State University for its notable H,
adsorption at low pressures. The material is composed of Ni(II), pyrazole-3,5-dicarboxylic acid
(Hspzdc), and adenine (ade) to form [Nis(pzdc).(ade).], a 3D porous MOF with pores smaller than
7 A shown in Figure 3.1. The Woo lab was contacted to perform a computational study of the
material to examine the interactions between the MOF and the guest to understand the high uptake
of hydrogen in the MOF. The material’s uptake was studied at 77 K and 1 bar and geometric
properties were determined computationally and experimentally. Below is this author’s work on

the computational study of BFF to explain the high uptake of hydrogen in the MOF.
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Figure 3.1: The SBUs of BFF, (a) pyrazole-3,5-dicarboxylic acid and (b) adenine, with the
completed structure of [Nis(pzdc)»(ade)-(H20)4] (c). Atoms are coloured as follows: N-dark
blue, H-white, O-red, C-grey, Ni-light blue.

3.3 Computational Methods

The DFT calculations were performed with the Vienna Ab initio Simulation Package
(VASP) version 5.4.4", with the PBE"™ functional and the projector augmented-wave'
pseudopotentials. The dispersion correction used was the D3 correction by Grimme et al."” for all
DFT calculations. All calculations were done unrestricted. A planewave cutoff of 400 eV was used
for fixed unit cell calculations and 520 eV was used when the unit cell was geometry optimized.

Two separate GCMC simulation programs were used for different purposes. An in house
Grand Canonical Monte Carlo (GCMC) simulation program developed by the Woo lab group

called FastMC'® was used. Another group developed program called GALA", was used to identify
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the binding sites of the guest hydrogen molecules from the probability distributions generated by
the GCMC simulations. The Lennard-Jones potential accounted for the steric and dispersion
interactions and the framework parameters were gathered from the UFF force field* whereas the
guest H, parameters used a five site model from Belof et al.*' The fixed partial atomic charge
method was used to model the electrostatic interactions and REPEAT* was used to assign the
partial charges based on single-point DFT calculations of the MOF. Adsorption isotherms for H,
were performed at 77.0 K for BFF. For the FastMc calculations, 320000 MC steps were used per
isotherm point with a super cell of 4 X 3 X 3 with a Lennard-Jones cut off radius of 12.5 A.

Zeo ++* is a program that can rapidly compute geometric properties of porous structures.
In this study version 0.3.0 of Zeo ++ was used and all calculations used the high accuracy flag and a

probe radius of 1.2 A to resemble a hydrogen molecule.

3.4 Experimental Results

Understanding the MOF’s experimental properties are important to understanding the
results from the computational study. This section will briefly review the experimental work done
by our collaborators from the Stylianou’s lab to create, characterize and activate the MOF.'
Synthesis was performed by mixing NiCOs, Hspzdc and ade in water and heated to 130 °C under
reflux for 4 hours. The crystal structure was obtained by single crystal X-ray diffraction. 1D chains
are formed from the ade and pzdc* ligands coordinating to Ni** atoms shown in Figure 3.2 (Nia,
Nig). These 1D chains create a zig-zag pattern that is porous due to the inefficient packing of the

chains with voids that account for 19.1% of the unit cell volume calculated by Olex2.*
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Figure 3.2: Structure of [Niz(pzdc).(ade).] one-dimensional chains. Atoms are coloured as
follows: N-dark blue, H-white, O-red, C-grey, Ni-light blue.

The material is activated by exposing it to vacuum (10* mbar) at 100 °C,
[Nis(pzdc).(ade).(H.0),]-2.18H,0 loses all of water molecules in both the pores and bound to the
Ni*" atoms, leaving the nickel binding sites unsaturated. Powder X-ray diffraction patterns were
taken for both the activated and unactivated structure with a Rigaku miniFlex benchtop X-ray
diffractometer. The structural change in the material is seen as the activated structure’s PXRD
pattern seen in green in Figure 3.3 is different from the unactivated pattern in pink. A nitrogen
isotherm was performed at 77K and 1 bar with a Micrometrics 3Flex apparatus. demonstrated the
permanent porosity and was used to calculate the BET geometric properties; a surface area of 160

m?/g, pore volume of 0.0769 cm®/g and a pore size of 6.7 A.
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Figure 3.3: Computationally generated PXRD patterns (no W1, no W2, no water)
compared to experimentally acquired PXRD patterns (experiment_activated,
experiment_unactivated).'

A hydrogen isotherm, shown in Figure 3.4 (a), experimentally performed at 77 K and 0.8
bar shows the uptake saturation at ~ 0.15 bar and 2.11 mmol/g. This isotherm was performed with a
closed-cycle helium refrigerated cryostat. The heat of adsorption (Qs) was determined by taking
the isotherm at separate temperatures, Figure 3.4 (b), and using the Clausius-Clapeyron equation to

get a Qqof 2.3 £ 0.24 kcal/mol.
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Figure 3.4: These isotherms are all experimentally produced by Chiu et al. “(a) H.
adsorption isotherm at 77 K and 0.8 bar of [Nis(pzdc).(ade).]; inset: A zoom-in of the low-
pressure H, adsorption (0 to 0.1 bar).” (b) “Comparison of H, adsorption of
[Nis(pzdc).(ade).] with other benchmark MOFs at 77 K in the low-pressure region of up to
0.13 bar. Filled symbols: adsorption; empty symbols: desorption.” Reprinted with
permission from '. Copyright 2023 American Chemical Society.

In comparison to other materials, BFF has a higher binding energy than porous carbon
materials and MOFs lacking open metal sites with Qs between 1.0-1.7 kcal/mol,* and a slightly
lower binding energy than MOFs with open metal sites with Qybetween 2.4-2.9 kcal/mol.” Low
pressure hydrogen uptake was also compared to other benchmark MOFs which were synthesized
by the Materials Discovery Lab listed in Figure 3.4 (b). BFF outperformed all MOFs besides MOF-
74-Ni(II) for uptake at low pressure with MOF-74’s open metal sites believed to be the reason for

the higher uptake.

It is important to determine the binding mode to further understand the high hydrogen
uptake of BFF. Carbon monoxide was loaded into BFF due to its ability to Ti-bond unsaturated
metal centres”*® and the structure was analysed by Fourier transform infrared (FT-IR)
spectroscopy. New peaks appear on the FT-IR spectrum, Figure 3.5 (a), as CO is loaded at 2134 and

2124 cm™ which align with CO bonds on Ni(II) sites.*®* The two separate bands are due to CO

interacting with two different metal sites and not due to different stretches in a theoretical Ni(II)
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(CO), group due to changes in saturation behaviour. The same experiment was performed with H,
being loaded in place of CO. The associated peaks from H-H stretching and Ni-H interactions at
4125 and 4035 cm™***' do not appear in Figure 3.5 (b). The lack of binding peaks suggests the open

metal sites do not bind to the guest H, molecules, and the strong adsorption is due to the optimal

pore size of BFF.
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Figure 3.5: These Fourier transform infrared spectra are all experimentally produced by
Chiu et al . “In situ static transmission FT-IR spectra during (a) dosing of CO at pressure
from O to 6.6 mbar at 298 K and (b) dosing of H, from 10 to 20 mbar at 77 K. Two well-
resolved peaks (2134 and 2124 cm™) appeared with increasing CO dosing, which
correspond to CO bound to the Ni open metal sites forming two different Ni(II)(CO)
complexes. No peaks are observed during H, dosing, indicating that H, does not bind with
the open Ni*" sites in [Ni(pzdc).(ade),] with the formation of Ni(II)~H, species.” Reprinted
with permission from '. Copyright 2023 American Chemical Society.
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Figure 3.6: Heats of adsorption plotted against pore size produced by Chiu et al. “Isosteric
heat of adsorption (Qy) is plotted as a function of the pore size for Nis(pzdc).(ade).] and
MOFs without open metal sites.” Reprinted with permission from '. Copyright 2023
American Chemical Society.
Since the hydrogen is not considered bonded to the nickel, a comparison can be made to the
Qs of MOFs which do not feature open metal sites. Figure 3.6 demonstrates that MOFs without

open metal sites with pores less than 7 A have high affinities to H,. BFF features the highest heat of

adsorption for a MOF without open metal centres.

52



3.5 Results and Discussion
To complement the experimental results, a computational study was performed to

understand the mode of binding.

Table 3.1: Comparison of BFF unit cell parameters derived from the experimental
unactivated results, the experimental activated results and the computational activated
results.

Unit Cell Parameter Unactivated E)x)cetril‘?;teendtal Co;nc[)tlil\tzile%nal
a(A) 7.332 7.437 7.419
b (A) 9.916 10.049 9.913
c(A) 11.832 10.898 11.658
a(®) 67.278 97.191 67.888
B(© 80.572 76.263 73.138
y(©) 72.566 72.011 71.898

Unit cell Volume (A?) 755.8913 735.00 740.2532

The crystal structure of BFF was determined in its unactivated form. This structure is then
activated, a process that ideally involves removing solvent from the MOF without damaging the
structure. TGA (thermogravimetric analysis) concluded that during activation, BFF loses mass
equivalent to two water molecules per unit cell of the MOF. The MOF’s activated crystal structure
could not be determined, only its PXRD pattern, therefore DFT calculations were used to help
determine the activated structure. We were initially given unit cell parameters for the activated
structure based on the PXRD pattern, however the experimental activated unit cell was very
different from the unactivated structure as seen in Table 3.1, particularly the o angle. It was decided
to let VASP relax the unactivated unit cell parameters upon geometry optimization to compare to
the experimental value. This was labeled as the computational activated unit cell parameters and

were used going forward.
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Since there were four water molecules bound in the unit cell of BFF but only two were
removed, DFT optimizations of the structure were performed to determine the most stable structure
with two water molecules removed. Figure 3.7 shows the unactivated BFF structure with the four
coordinated water molecules circled bound to their respective nickel atoms. Ni2 features two water
molecules bound to it (W2 and W2’) and Nil has one water molecule bound to it (W1) with a
mirror image (W1’) leaving four coordinated water molecules per unit cell. There are six total
combinations to test for with the two water molecules remaining: W1/W1’, W2/W2’, W1/W2,
WI1/W2’, W1’/W2 and W1°/W2’. VASP was used to optimize each combination with two sets of
calculations; one where the unit cell parameters the same as the experimental activated unit cell and
one where the unit cell parameters are relaxed by VASP. The most energetically stable
combination, as seen in Table 3.2, was when the two waters were removed from Ni2, and the unit
cell was relaxed as it is 20 kcal/mol lower in energy than the other combinations. Ni2 has an
oxidation state of 2+, matching the structure where it is in a square planar configuration. When the
waters are removed from Nil and Nil’ it develops an odd geometric shape leading it to be the least
energetically stable. For these reasons, it can be expected that removing the non-symmetric water
solvents (W1/W2, W1/W2’, W1°/W2 and W1°’/W2’) will not result in stronger energetic stability
which is confirmed by the results. Figure 3.3 shows the PXRD patterns for relevant experimental
and computational structures. Stylianou’s lab compared the computational PXRD results to
experimental to determine that the W2/W2’ removed PXRD pattern aligns with the experimental
activated PXRD pattern. For these reasons, this form of BFF was accepted as the activated
structure and was used from here on out to perform simulations. The activated structure unit cell

parameters are in Table 3.1.
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Figure 3.7: Crystal structure of BFF with the coordinated water molecules circled in red.
Atoms are coloured as follows: N-dark blue, H-white, O-red, C-grey, Ni-light blue.

Table 3.2: Relative energy of different BFF isomers determined by DFT calculations.
Results separated by using the experimental unit cell parameters and the DFT calculated
unit cell parameters.

Water removed W1* /W2* W1 /W2* W1* /W2 W1 /W2 W1 W2

Experimental
Relative Energy  -29.65 -23.85 -23.88 -25.07  -52.27 0
(kcal/mol)
Computational
Relative Energy  -16.53 -5.43 -5.26 -3.46 0 -28.46
(kcal/mol)

Hydrogen adsorption GCMC simulations were performed on the activated BFF structure
with the parameters specified in section 3.3 and the results are shown in Figure 3.9. The dark blue

simulated H, isotherm compares well with the experimental isotherm in brown. Though the
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simulated isotherm overestimated the saturation uptake of H, there is good agreement between the
two plots. Heats of adsorption were also calculated with the simulated value being 2.15 kcal/mol
which is in good agreement with the experimental value being 2.3 kcal/mol.

Experimental evidence suggested that the H, was physically binding in BFF rather than
chemically and with good agreement in the simulated and experimental isotherms, we aimed to
determine the location of the binding sites from the GCMC simulations. The GCMC simulations
not only estimate the gas adsorption at a given pressure, they also provide probability distribution
maps of where the guest molecules are in the framework. However, the probability distributions are
noisy, with many local maxima and isolating the binding sites from the raw distributions can be
difficult. The Woo lab has developed a tool called GALA that smooths the probability distributions
and can identify the binding sites in an automated fashion. GALA determined the H, binding sites
from the GCMC simulations to the centre of the pore above the square planar nickel, as shown in
Figure 3.8. We also investigated the nature of the H, binding sites through DFT calculations as they
are considered more accurate than the force fields used in the GCMC simulations. These
simulations involved placing an H, molecule close to the open metal centre, ~ 2 A away from the

Ni2 site, and optimizing the guest atoms’ positions. All of these simulations led to the guest

returning to a position close to where GALA had predicted the binding site, ~ 4 A away from the
nearest open metal centre. This distance is beyond what is expected for hydrogen chemisorption
onto an open nickel site, between 1.4 — 1.7 A.*** There was one exception where the guest
hydrogen was tested as separate atoms near the metal site where a single atom remains near the
nickel but, the over all structure had a higher energy than when the hydrogen was a molecule. Thus,

the molecule is considered physiosorbed and not chemisorbed.
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Figure 3.8: View of the activated form of BFF showing the H, binding site (orange) identified from
GCMC simulations.
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Figure 3.9: GCMC simulated and experimental H, gas adsorption isotherms at 77 K and 1
bar of BFF compared to GCMC simulated isotherms of various metal substituted BFF
analogues.

Other metals were examined to see their effects on uptake in the structure and to highlight
promising structures for hydrogen storage. To do this, all nickel atoms were replaced with metals
that could also adopt a square planar configuration with a neutral charge, these atoms being Pd, Pt,
Cu, Zn. Each structure was then geometry optimized for both positions and unit cell parameters at
the DFT level.

Table 3.3 shows the geometric properties calculated by Zeo ++, and Figure 3.9 shows the
GCMC simulated isotherms of the DFT optimized metal swapped MOFs. Figure 3.9 shows all the

metal swaps show the same steep uptake around 0.04 bar further suggesting that the uptake is due

to the pore structure. Platinum is notable for having the highest saturation uptake. Platinum being
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the largest atom, has the smallest pore diameter seen in table 3.3. Zeo ++ calculates the pore sizes
based on a static representation of the MOF, therefore even if the pore limiting diameter is smaller
than the hydrogen molecule it is possible for hydrogen to enter the MOF. The metal swaps feature
similar pore diameters however there is a fairly large difference in accessible surface areas. Further

experimental study would need to be done to determine whether these MOFs can be made in lab.

Table 3.3: Comparison of geometric properties of activated BFF upon metal atom
substitution by analogous transition metals using a probe radius of 1.2 A.

. Largest Pore Accessible
. Unit Cell . o . .
Metal Density Cavity Limiting  Gravimetric
3 Volume . .
(g/cm’) (A%) Diameter Diameter Surface Area
(A) (A) (m?/g)
Ni 1.77 740.3 4.0 29 473.3
(BFF) . . . . .
Cu 1.79 745.6 3.5 2.6 433.5
Pd 2.01 771.6 4.3 2.9 407.0
Pt 2.65 750.3 3.3 2.1 0
Zn 1.73 775.9 4.4 29 550.0

3.6 Conclusion

The computational study of BFF performed provided insight into the nature of hydrogen
adsorption of BFF. The activated structure was determined through DFT geometry optimization
with two of the four water molecules removed. The lowest energy structure was significantly more
stable than other structures and was therefore used as the structure for the activated complex.

GCMC simulations were then performed using this activated complex to simulate the hydrogen gas
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adsorption isotherm. The computed and experimental isotherms in figure 3.9 were in agreement
with one another, with the computed isotherm slightly over-estimating the saturation uptake.
Importantly, the sharp uptake at low pressure was reproduced. The computed heat of adsorption
was also in excellent agreement with the experimental value. The H, binding sites were then
extracted from the GCMC simulations, showing that the H, binding site is not near the metal
centres near the centre of the pore. DFT calculations on the binding sites confirmed this result.
Calculations on replacing Ni in BFF were also performed. Isotherm simulations suggested that

other metals in a BFF like structure would have a higher H, adsorption capacity.
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4 Calculation of Geometric Descriptors for a MOF Database

4.1 Abstract

The Woo lab was involved in a project to create a large computationally ready database
composed of hypothetical and experimental MOFs (~280,000 structures) with geometric
properties, descriptors and DFT derived electrostatic fitted partial atomic charges pre-calculated.
The charges are needed to perform GCMC simulations to simulate gas interaction with the MOF
framework. The descriptors chosen can be used to build machine learning models to predict
relevant properties for MOF such as gas uptake or selectivity. The focus of this author’s work on
this project is the collection of relevant geometric properties for the database. The distribution of
these descriptors are then compared to the existing design space to show the improved diversity of
this database which is an important metric to consider when using the database to build machine
learning models. This work has been published in ACS, Chemistry of Materials in the paper
“ARC—-MOF: A Diverse Database of Metal-Organic Frameworks with DFT-Derived Partial
Atomic Charges and Descriptors for Machine Learning” where this author performed all
computational calculations presented.! As of Nov. 2025, this database has been cited in >100

publications since its publication in January 2023.

4.2 Introduction

Metal Organic Frameworks (MOFs) are a class of porous material that has gained interest
over recent years for their interaction with gases. MOFs are made up of organic and inorganic
structural building units (SBUs) that come together to form a periodic structure. This makes MOFs

potentially very tunable as different SBUs can be used in combination to create MOF's with specific
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properties. These properties have led to MOF research for usages for many applications including
batteries,> water harvesting*® and drug delivery.®’

MOFs unique properties led to research into applications for gas separation and storage.
The effects of climate change from the increased release of greenhouse gases into the atmosphere
have become noticeable over the last decades® leading to more research into the application of
MOF:s for greenhouse gas collection. MOFs are ideal candidates for gas interactions as they have
small pore sizes and large pore volumes. Record breaking surface areas are ~ 7000 m?/g for
experimental MOFs and ~14600 m?/g for theoretical MOFs."

The staggering number of MOFs that can be made make it impractical for experimental
chemists to search for top performing materials in a reasonable amount of time. It is far more time
efficient to use computational techniques to create databases of hypothetical and experimentally
discovered MOFs and perform simulations on the materials to identify ideal materials for a specific
goal. The existing MOF databases of note are the CoRE", CSD MOF subset'?, QMOF" and the
Mujumdar'* databases all with different sets of MOFs. The CoRE, CSD MOF subset and QMOF
are databases of experimental materials whereas the Mujumdar database is composed of
hypothetical MOFs with the latter containing MOFs.

Hypothetical MOFs are materials that are rationally designed by a chemist that have not
been created experimentally. There are two ways that an hMOF can be made, either “top-down” or
“bottom-up”. MOFs created from the “top-down” approach use existing topologies and generate
the crystal structure from adding SBUs to the network as used in the Boyd-Woo database, whereas
MOFs created from the ‘bottom-up” approach start with existing SBUs to create a connected
crystal network as used in the Wilmer database. Hypothetical databases, such as the Wilmer

database, have been shown to have poor diversity with respect to inorganic SBUs.'*"
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To simulate adsorption properties to predict experimental performance, simulations need to
be performed to create an isotherm, generally atomistic GCMC simulations. To perform a GCMC
simulation, interatomic potentials and electrostatic potentials need to be generated. Guest host
interactions in these simulations are typically computed with so-called van der Waals potentials
which account for the steric and dispersion interactions and the electrostatic interactions. While the
van der Waals potentials are believed to be generally transferable between MOFs, the partial
atomic charges needed to model electrostatic interactions are not. This means that the atomic
charges used in simulations need to be recomputed for each MOF that is simulated. DFT derived
charges can be computed using the REPEAT method to generate electrostatic potential fitted
charges.

The structure of a MOF has many different geometric features that can be calculated to
characterize the material. Previous studies successfully used geometric properties to create
machine learning models to predict methane storage'®, CO,/CH, selectivity'” and CO,/H,
selectivity'®. Having a diverse set of MOFs with a range of geometric properties available in one
database will be useful for anyone looking to perform machine learning. Moosavi et al." trained an
ML model on three sets of data with training sets from existing databases were compared to a set of
data considered diverse of the two examined databases. The diverse set of data was able to provide
an improved model to the other training sets.

The Woo lab developed the ARC-MOF (ab initio REPEAT charge) database,' containing
~280,000 experimental and hypothetical MOF structures with precomputed DFT derived partial
atomic charges and descriptors to use for building machine learning models. Three different
descriptor classes are included for a user to perform machine learning on the database. These

classes are geometric, atomic-property-weighted radial distribution functions (AP-RDFs), and
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revised autocorrelation (RAC). The focus on this chapter is on the geometric properties as that was

this author’s contribution to the project.

4.3 Methods

If the ARC-MOF DB is to be used for high-throughput screening, its contents should only
contain well made structures that are considered chemically feasible. A series of checks were
performed to ensure the quality of the accepted MOFs. One of the filtering methods determined
whether the oxidation state of the metal atoms is reasonable. A code developed by another member
of the Woo Lab group was used to calculate the oxidation state on each metal centre of a MOF and a
material was discarded if the oxidation state was impossible, non-integer or extremely rare. Unit
cells deemed unrealistically small were also excluded which meant any unit cell vector smaller
than 3.22 A, the smallest unit cell vector from an experimentally synthesized MOF, were excluded.
The final check was to look for hypercoordinated main-group elements not bound to the metal
centre. Structure graphs were generated without the presence of metal atoms and any MOF with
hypervalent carbon atoms, oxygen atoms, halogen atoms, and hydrogen atoms were excluded from
the ARC-MOF DB.

Zeo ++* is a program that can rapidly compute geometric properties of porous structures.
In this study version 0.3.0 of Zeo ++ was used and all calculations used the high accuracy flag and a
probe radius of 1.86 A to resemble a nitrogen molecule. To ensure the calculations were done
efficiently, each value was calculated with a different number of Monte Carlo steps; accessible
surface area and probe-occupiable volume were calculated with 2000 MC steps and accessible
volume was calculated with 50000 MC steps. Zeo++ was used to calculate the geometric

descriptors in this chapter.
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The descriptors used for the diversity analysis are six geometric properties calculated from
Zeo ++as well as the RAC descriptors for metal centre, ligand chemistry and functional group
chemistry. The details of the RAC calculations will not be included as they were not this student’s
work. The large amount of data requires a dimensional reduction to aid in data visualization which
in this work is done by the uniform manifold approximation and projection (UMAP) technique®
with the use of the RAPIDS cuML Python library.* An explanation of the how UMAP reduces the
dimensionality was not this authors work, therefore only a description of how to interpret the data
will be included. UMAP was used to reduce the six-dimension geometric descriptors provided in
Table 2, to two-dimensions to create a plot. Two sets of data were compared, the “entire” design
space and the ARC-MOF subset.

UMAP plots only offer a qualitative analysis of the data, therefore three quantitative
metrics also used by Moosavi et al.”® were used to analyse the data. Disparity (D) measures the
spread of two datasets compared to each other. In this case it is the ratio between the area occupied
by ARC-MOF and the area occupied by the entire design space. Variety (V) and balance (B) require
the formation of clusters based on descriptors and are not dependent on the results of the UMAP
plots. The hbdscan Python library** used HBDSCAN?* to cluster the MOFs based on descriptor.
Variety is a comparison of how many subset clusters occupy the total number of clusters and will
equal one if there is one subset structure in each cluster. Balance is an absolute metric computed

with Pielou’s evenness which equals unity for a balanced data set.

4.4 Database Composition

The ARC-MOF database is composed of structures from 15 different sources all filtered by

the criteria mentioned in the methods section. This section will briefly go over the databases
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labeled DBx where x is a number between zero and fifteen, and refers to a different source
database. Table 4.1 features the information collected from each database but was not created by

this author.

Table 4.1: Sources for the construction of the ARC-MOF database with accompanying labels and
number of MOFs provided by each database.’

Label References Total no. of MOFs no. of MOFs after no. of MOFs in
Structure Check ARC-MOF (%)

DBO0 Boyd et al. 358,398 263,218 203,025 (72.2)

DB1 Lan et al. 303,992 181,885 23,267 (8.3)

DB2 Colén et al. 13,514 3920 199 (0.1)

DB3 Anderson et al. 426 358 123 (0.0)

DB4 Goémez- 204 48 25 (0.0)

Gauldrén et al.

DB5 Chung et al. 51,163 27,022 22,366 (8.0)

DB6 Li et al. 11,555 10,944 9092 (3.2)

DB7 Majumdar et al. 23,891 12,316 6955 (2.5)

DB8 Anderson and 126 122 8 (0.0)

Gémez-
Gauldrén

DB10 Anderson et al. 105 78 22 (0.0)

DB12 CoRE 2019

DB13 Bao et al. 8629 6180 5165 (1.8)

DB14 CSD MOF

DB15 this work 7708 2841 2146 (0.8)

Total 806,520 521,381 279,610

Though there are 15 databases sourced for ARC-MOF, only the relevant databases will be
discussed to explain the distribution plots presented. DB0 was the previous database made by the
Woo lab named the Boyd-Woo database® and is a collection of hypothetically generated MOFs

made by from the ToBasCCo algorithm.”® Table 1 shows that DB0 makes up the majority, 72.2% of
69



the database, therefore it is unnecessary to compare the distribution of geometric parameters
between DB0 and ARC-MOF as the normalization of the data will cause their plots to look nearly
identical. DB7, created by Majumdar et al.", is a hypothetical database made with inorganic linkers
not commonly seen in other hypothetical databases, which makes it important when performing a
diversity analysis. DB12 is the CoRE 2019 database?’ is a database of experimentally characterized
MOFs that are ready for computational analysis originally from the CSD. DB14 is the CSD-MOF
collection'®, a subset of materials from the CSD that are considered MOFs. This was further
reduced to only non-disordered MOFs, MOFs with hydrogen atoms, and only MOFs that did not
have codes matching the CoRE database to reduce duplicates. DB15 uses structures created by
Pormake, a top-down MOF construction method. Of these selected MOFs, each database had its
structures sorted by number of atoms in a unit cell to perform DFT calculations on. MOFs that were
too large to complete a DFT calculation were not included in ARC-MOF. Additionally, if a MOF

did not have a valid metal oxidation state it was also removed.

4.5 Results and Discussion

The distribution of geometric properties of MOFs contained in the ARC-MOF DB was
compared to four other existing databases: CoRE 2019,? the CSD mof subset,'> QMOF," and the
Majumdar’* databases. The plots shown in Figure 4.1 are normalized histograms of the databases to
compare the diversity. Since the minima and maxima values of geometric properties are hard to tell
from Figure 4.1, Table 4.2 lists them. Since ARC-MOF is much larger than the other databases
compared, a normalized distribution may suggest that ARC-MOF does not contain any MOFs with
certain properties near extremes because the percentage is small. Figure 4.2 plots the absolute

number of MOFs on each database as a function of different property values.
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Figure 4.1: Comparison of geometric property normalized distribution between existing
databases and ARC-MOF. Structures with zero surface area, void fractions, and pore
diameters are not plotted, but are included in the distribution calculation
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Table 4.2: Max and Min of Relevant Geometric Properties in ARC-MOF Compared to
Existing Databases'

Largest Pore
Surface Surface Cavity  Limiting
Density Area Area Volume  Diameter Diamete
Database (g/cm®)  (m¥cm®) (m%cm®  Fraction (A) r(A)
ARC-
MOF Max 6.20 3475 10,219 0.95 83.1 81.1
Min 0.02 0 0 0 1.6 0.1
CoRE Max 4.16 3150 8309 0.89 71.6 71.5
Min 0.06 0 0 0 2.7 1.1
CSD Max 4.06 3153 6621 0.80 71.6 71.5
Min 0.13 0 0 0 2.7 0.5
QMOF Max 2.88 2878 7438 0.88 33.7 30.1
Min 0.08 0 0 0 1.9 0.9
Majumdar Max 2.09 2724 8013 0.92 56.6 54.2
Min 0.05 0 0 0 4.1 3.0

Figure 4.1 shows the databases containing hypothetical structures (ARC, Majumdar) have
similar distributions of geometric parameters to each other, as do the experimental databases (CSD
and CoRE). The hypothetical MOF databases feature more porous MOFs with larger surface areas,
pore diameters, and void fractions which is consistent with the lower densities seen in the
hypothetical databases. Since hMOFs are constructed in silico constructed MOFs may be unstable
and have unphysically large pore sizes. This is the reason for the large skew in distribution between
the experimental and hypothetical databases. It is important to note as Figure 4.1 shows the normal
distribution of each database, where ARC-MOF appears to lack MOFs of large pores, the absolute

distribution inset plots show ARC containing more MOFs of all pore sizes than QMOF. Table 4.2
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demonstrates that ARC-MOF contains the largest maximum and smallest minimum of each

geometric property.
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Figure 4.2: Distribution of geometric parameters from the databases in the legend. This is
in comparison to the normal distribution to demonstrate the large number of MOFs in
ARC-MOF compared to other databases.

4.5.1 Diversity Analysis

50

The following work on the diversity analysis was done by Jake Burner, a PhD. student in

the Woo lab group using the data that I computed.’
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Geometry

Figure 4.3: “Two-dimensional UMAP projection of descriptors of 50,000 random MOFs
and corresponding radar plots showing diversity metrics for the geometry descriptors.
Structures present in ARC-MOF (~280 K MOFs) are represented by purple points, which

is overlaid on the entire design space (~480 K MOFs), represented by gray points. The
diversity metrics shown on the radar plots are variety (V), disparity (D), and balance (B),
where gray again represents the entire set of MOFs and color represents the ARC—-MOF
subset. Only MOFs with non-zero accessible surface area are shown.”"

The goal of the UMAP plots is to show the coverage of ARC-MOF over the entire design
space. As mentioned in the methods section, the entire design space is represented by a random
50K of the 480K MOFs that make up the entire design space. The UMAP plot in Figure 4.3 feature
a scatterplot representing the reduced dimensionality of the geometric descriptors with the purple
points and lines representing the ARC-MOF data and the grey points and lines representing the
entire design space. There are kernel density estimate plots along the axes of each plot to

quantitatively measure the balance of the dimension-reduction by showing the density of points

along an axis. The radar plots show the diversity metric results (disparity, variety, and balance).
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Geometry (100K)
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Figure 4.4: “Two-dimensional UMAP projection of descriptors of a varying number of
MOFs sampled using farthest point sampling and corresponding radar plots showing
diversity metrics for geometry based on geometric descriptors. Structures present in

ARC-MOF (~280 K MOFs) are represented by purple points, which is overlaid on the
entire design space (~480 K MOFs), represented by gray points. The diversity metrics

shown on the radar plots are variety (V), disparity (D), and balance (B), where gray again
represents the entire set of MOFs and color represents the ARC-MOF subset. Only MOFs
with non-zero accessible surface area are shown.”"
These plots demonstrate that ARC-MOF is diverse with respect to the entire design space.
This conclusion comes form the lack of large grey regions in the scatter plots meaning ARC-MOF
covers the same space that the entire design space covers. The radar plots also show good variety
and balance for the geometry descriptors.
The other descriptors didn’t have as good balance as the geometric descriptors and needed
correction. Farthest point sampling® was used to correct the data imbalance by iteratively selecting

points that lead to optimal data set coverage. Figure 4.4 shows the UMAP plot for the balanced

subset of 100K MOFs which did not change the diversity of the data set. Geometry was farthest-
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point sampled for 100K MOFs demonstrating the well-balanced nature of these descriptors. The
goal of a balanced subset is to be used for machine learning to prevent the introduction of biases

from repeating data.

4.6 Conclusions

Geometric properties were calculated and collected for MOFs in the ARC database. The
distribution of these properties was then compared to existing databases to demonstrate how large
and diverse ARC is compared to existing databases. ARC MOF had distributions of geometric
properties covering the ranges seen in both hypothetical and experimental databases and a greater
number of MOFs in each section. A brief analysis of the diversity of the geometric features of the
MOFs was performed using the UMAP dimensionality reduction tool. ARC-MOF is already being

used in high-throughput screening and machine learning studies.
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5 Conclusions

5.1 Summary

This thesis is composed of two separate projects involving computational studies of MOFs.
Chapter 3 was a computational study of the H, binding in the MOF, BFF, synthesized by Chiu et
al.! The Stylianous lab at Oregon State University synthesized a MOF, [Nis(pzdc).(ade).(H20).]
with high hydrogen uptake at low pressures. Given its structure, we performed atomistic
simulations to understand its high H, adsorption properties. BFF’s non-activated crystal structure
was determined however, only the PXRD pattern for the activated structure was obtained. As a
result, DFT level geometry optimizations were performed on the activated structure. TGA analysis
suggested that two water molecules were removed upon activation. The activated structure was
determined by optimizing the MOF structure after removing every possible combination of water
sites to determine the lowest energy unit cell and the most similar PXRD pattern to experimental.
We then performed GCMC simulations on our candidate activated structure to generate simulated
adsorption isotherms. These were found to be similar to the experimental isotherms. Hydrogen
molecules were then added to the unit cell and the structure was optimized to provide insights into
the mode of H,. Finally, a metal centre swap was performed to study the effects the metal centre had
on hydrogen uptake.

The second project involved the generation of geometric properties for the ARC-MOF
database of computation ready experimental and hypothetical MOF structures.? One goal of the
ARC-MOF DB was to create a database with precomputed descriptors for machine learning
applications. For this work Zeo++ was used to determine the relevant geometric properties for the
database. The calculated properties were as follows: pore diameters, accessible surface area,

accessible volume, probe-accessible volume, and density. The geometric properties were then
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compared to previous databases to determine the distribution and diversity of the database in terms

of geometric parameters.

5.2 Ongoing Work

BFF’s large uptake was unexpected due to the low gravimetric surface area which was
counter to Chahine’s rule. Knowledge of this allows for the rational design of materials for
hydrogen adsorption to meet the Department of Energy’s on-board hydrogen storage for vehicles at
ambient temperatures. One review suggests increasing the binding affinity of the MOFs will
enhance effectiveness at ambient temperatures.® For example, a vanadium based MOF featured
strong binding, 21 kJ/mol, resulting in a gravimetric uptake of 1.64 wt % and a volumetric uptake
of 10.7 g/L. Combining this knowledge with optimal pore structures may lead to successful MOF
based hydrogen storage solutions.

The ARC-MOF database needs to be updated with new structures to ensure it represents the
MOF design space. To improve the diversity of the database, a wider variety of metal SBUs need to
be included to improve training of machine learning models. There have been some studies since
the publication of the paper. Arjmandi et al.* published a paper using the ARC-MOF database to
predict water uptake. A diverse set of 2600 MOFs were used to create a structure function
relationships were connected from GCMC simulations with interpretable machine learning. The
GCMC simulation was from water uptake at 100 % and 30 % relative humidity revealing the
importance of evaluating materials at real world conditions. The machine learning study reveals the
water uptake capacity is controlled by factors such as adsorption energetics, local electrostatics and
framework density. Mohamed et al.” performed a study include stability metrics in a high-

throughput screening study to determine top performing MOFs for CO, capture. The adsorption
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data of 15,219 hMOFs from ARC-MOF were used to initially filter the list then MOFs then
stability metrics were determined to select for the stable hMOFs for CO, capture. Hopefully there

will be many more studies done with the ARC-MOF database.
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