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Abstract

Metal organic frameworks (MOFs) are nanoporous materials composed of inorganic and organic
structural building units (SBUs). Over the last several decades, interest in MOFs has grown
considerably partially due to their promising capabilities for carbon capture and storage (CCS)
technologies. This is mostly due to their tunable pore chemistry, high internal surface area and
unique structural diversity. This thesis focuses on computational methods that were used to
analyze and organize a database of hypothetical structures to facilitate MOF discovery. The work
done is detailed in two main parts.

In the first part of the thesis, a topologically diverse hypothetical MOF database,
containing over 300,000 structures, is screened using simplified molecular-input line-entry
system (SMILES) strings to identify SBUs in each structure. The structures in the database are
then renamed according to the SBUs identified by the SMILES strings algorithm. The renaming
of the structures allows users to have a good idea of the geometrical and topological distribution
of the database. Furthermore, a quick and reliable test is developed to identify structures with
incorrect bonding patterns/missing hydrogen.

In the second part of the thesis, density functional theory (DFT) - derived charges are
generated for each structure in the hypothetical MOF database. Using these charges, the CO2/N>
selectivity is calculated and compared with the selectivity values obtained from another charge
generating method, split-charge equilibration (SQE), and it is determined that there is good
agreement, r = 0.96, between the two methods. A machine learning model is then developed to

identify relationships between geometrical features and CO2/N> selectivity.
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1 Introduction

1.1 The Importance of Carbon Capture

Over the last decades, much attention has been brought to scientists and the public on the
potentially devastating effects of climate change. With the looming threat of rising temperatures
and sea levels, as well as mass extinction of land and aquatic life, scientists have significantly
increased their efforts in finding innovative ways to counteract or slow down the effects of
global warming. While the trend between increased greenhouse gas (GHG) emissions, which are
made up of mostly CO2, CH4, and NOx (‘x” meaning either NO or NO>) and rising global
temperatures has become a common talking point for politicians and the public alike, finding
ways to reduce gas emissions remains a difficult problem to tackle. According to the United
States Environmental Protection Agency, CO> accounted for 80% of the total GHG emissions in
2019, approximately half of which came from stationary energy production sources, such as
power plants.! Several promising methods for reducing CO2 emissions from power plants have
been proposed including converting to nuclear energy and/or renewable energy, as well as
increasing the efficiency of existing power plants. Another method that is frequently mentioned
for GHG emission reduction is carbon capture and storage (CCS), which refers to the process of
capturing, transporting, and permanently storing CO». With the current technology, CCS is most
cost effective when performed at stationary sources which produce high quantities of
concentrated CO> gas emissions, such as power plants, rather than from vehicles. Since power
plants account for roughly 30% of all CO emissions, they are ideal for large scale CCS
implementation.? In most coal power plants, CO> is produced as a bi-product during the
combustion of fossil fuels (coal, oil, natural gas) to produce water and heat, the latter of which is

used to generate electricity. As such, a promising strategy is to introduce CCS technology in



power plants, either during construction or by retro-fitting existing ones, in order to capture
GHGs before they are released into the atmosphere.

There exist three main methods for carbon capture at point sources: pre-combustion, post-
combustion, and oxyfuel combustion.® Fig 1.1 shows basic schemes of these processes.
In oxyfuel combustion, nitrogen is removed from the air before combustion, yielding a stream
that is roughly 95% oxygen. This method has several benefits. Since nitrogen is removed before
combustion, NOy production is greatly reduced. Also, the volume of the flue gas (gas produced
from burning fossil fuel) is 75% less than gas from air-fired combustion, which allows for easier
removal of pollutants such as SOx, mercury particulates, as well as any remaining NOx. Lastly,
the resulting biproducts of this reaction, CO2 and water vapor, can be easily separated by
dehydration and low temperature purification processes.* The main drawback of oxyfuel systems
is the energy required to produce a highly pure oxygen stream.®
Pre-combustion carbon capture involves gasifying coal in steam and oxygen/air at high
temperature and pressure to form carbon monoxide synthesis gas, or syngas, as well as Hz. A
water shift reaction then converts carbon monoxide and water into Hz and COy, the latter of
which can be captured and stored while H2 can be combusted for additional electricity
production.® Theoretically, this method is quite promising, however, current power plants cannot
be retro-fitted to include it, thus, only new powerplants can use the technology and there is
growing pressure to not continue building fossil fuel burning powerplants.
Lastly, there is post-combustion carbon capture.” This method captures CO from flue gases of
fossil fuels burned in air. One of the main benefits of the post-combustion method is that most

power plants can be retrofitted to include it with relatively little modifications. As such, out of



the three methods mentioned, post-combustion carbon capture is the main CCS technology used

in industry.

Postcombustion:
(CO,/N,, low pressure)

Power

1
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CO, Air
Oxy-Fuel Combustion:
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Figure 1.1 Basic schemes for oxy-fuel combustion, precombustion and post-combustion

These technologies are still relatively new and only a select few power plants have been

able to implement CCS technology. For example, the Boundary Dam Power Station in



Saskatchewan, Canada, became the first power station in the world the successfully use CCS
technology.

One of the main hurdles of promoting CCS is that although reducing CO2 emission is appealing,
from a financial and practical point it can have several drawbacks. Using the Boundary Dam
Power Station as an example, since its initiating CO2 capture in 2014, the plant has had to be shut
down and repaired frequently causing it to rarely reach its daily carbon capture goal of 3,200
metrics tons. While the recent announcement from the plant that 4 million tons of CO2 had been
captured since its launch is admirable, it is overshadowed by this milestone being reached almost
3 years later than expected. Furthermore, while the original expectation was to capture 90% of
all COz produced by the plant, it has only been able to capture 46% on average, mostly due
power outages and maintenance issues. However, these delays are reasonable considering CCS
in industry is still an emerging technology.

Post-combustion carbon capture is a broad term that encompasses various methods that remove
CO; and other gases from burning fuel resources via adsorption®, absorption®, membrane
separation'® and chemical reactions.** While each method is significant, this work will primarily
discuss CO> carbon capture via adsorption. Figure 1.2 shows a general scheme of a post-
combustion CCS via adsorption. In this scheme, flue gas, composed roughly of 70% N, 15%
COz and 10% H20, interacts with a material, M, which will selectively trap CO; allowing other
the gases to pass through. Then, the CO is released from the material M-CQO2, using either high

temperatures or low pressure to regenerate the material M.



1,0 Co,

A A
M-C
M-CO, 0, M
High T / Low P
Coal Combustion Adsorption Regeneration

Figure 1.2 Graphic of CCS process from coal combustion. COz is selectivity bound in a material
M while other gases pass through. The material is then regenerated, and the CO is compressed
and stored.

This process is generally done using cold solutions of various amines, such as
monoethanolamine (MAE), to bind the CO> and then use high temperature to release the CO>

once the other gases have passed through the material, as shown in Fig. 1.3

H
/\/NHZ " H /\/N 0 H N+
o co2 HO N,
o

2eq

Figure 1.3 Reaction of monoethanolamine and CO.

The high temperatures (~120 °C) needed for this process require a substantial amount of
energy, as such, power plants with CCS technology generally require 10-40% more energy to
produce similar outputs as regular power plants, making the process too costly to be financially
viable.'?

To circumvent this issue, many are investigating the benefits of using solid, nano-porous
materials in CCS, as doing so could provide many significant advantages. First, the heat capacity
of these solids is much lower than water, meaning less energy is used to release the CO,. Second,

the interaction between these materials and CO2 can be weaker than the amine solutions,
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resulting in less energy being required for the regeneration step. Lastly, the interaction between
the solids and CO> can be reversed by either changing the pressure, called pressure swing
adsorption (PSA), or temperature, called temperature swing adsorption (TSA) or a combination
of the two, called temperature-pressure swing adsorption (TPSA), after saturation. These
techniques have been successfully used for gas separations on various materials including

zeolites,™® activated carbons'* and most promising, metal organic frameworks (MOFs).%®

1.2 Metal organic frameworks

Metal Organic Frameworks, shown in Fig 1.4, are highly structured 1,2- or 3-dimensional
polymer compounds composed of organic ligands, called linkers, connected by metal nodes.
MOFs generally possess low densities, accessible, tunable and often permanent pores ranging
from 3 to 100 angstroms, as well as extremely high surface areas, some surpassing 10,000
m?2/g.1%18, As such, they have been used for a wide variety of applications, including gas storage
and separation, 242" biomedicine,?®?° chemical sensing,*3? catalysis, 3% as well as energy
storage.>’~*° However, the most distinctive characteristic is that they can be combined in a
variety of ways by using different organic and inorganic Structural Building Units (SBUS),
topologies and functionalization groups. This allows researchers to create/tune MOFs for a
certain application by using a specific combination of SBUs, resulting in a near infinite number

of possible structures. 12



Figure 1.4 Structure of a MOF. Most MOFs are highly ordered and have clearly defined pores.

This, however, is also one of the main challenges MOF researchers face, as finding the
best possible structure in an extremely vast chemical space is difficult and time consuming. As of

March 2020, there is an estimated 500,000 hypothetical and 100,000 synthesized MOFs.*!

1.3 Evaluating MOFs for CCS applications

MOFs have been applied to a large variety of applications; water purification,*? drug
storage and delivery,**44 optical devices,*® chemical sensing,! catalysis,***® and most notably
gas storage and separation.*>® When investigating a MOF for gas storage and separation, there
are several criteria that govern its effectiveness namely, working capacity, selectivity, and

recyclability (regeneration).

1.3.1 Working Capacity
Gas adsorption data is usually generated from a gas adsorption isotherm, shown in Figure
1.5. An isotherm is generated by measuring the amount of gas adsorbed by the material at

7



various partial pressures and a fixed temperature. Using the isotherm, the working capacity can
be calculated by taking the difference in gas adsorbed at the adsorption conditions (low

temperature, low purity) and at the desorption conditions (high temperature, high purity).>

CO, uptake

CO, Pressure

Figure 1.5 Adsorption isotherm of CO2 in a MOF. Adsorption and desorption pressure values
will vary depending on which application/environment the MOF will be used in.

In figure 1.5, the working capacity, Aq, shows how much gas can be removed in one PSA
cycle and is measured by taking the difference between the adsorption (empty circle), and
desorption (filled circle) conditions. Therefore, the higher the working capacity of a material, the
more gas that can be separated in one PSA cycle. It should be noted that experimentally,
isotherms are usually only obtainable for one gas at a time. In order to obtain the isotherms when
more than one gas is present, one can use single gas isotherms combined with some sort of
mixing theory, the most common of which is the ldeal Adsorption Solution Theory (IAST).%
The method uses two pure isotherms and assumes that the gases mix in an ideal behavior on a

homogenous surface. While these assumptions are significant, IAST predicts binary adsorption



well in most cases.>*>° However, there are some cases where IAST models are poor, such as in
materials with flexible frameworks®®>" and when the competing gases disparate significantly in

size.%®

1.3.2 Selectivity

When testing the adsorption efficacy of a given material, simply testing one guest
molecule does not provide enough information. For CCS, materials need to be tested on how
well they can discriminate between the various gases in flue gas, such as N, O», H.O and CO:..
If, for example, a material adsorbs a lot of CO. and N, a significant amount of energy will be
required to compress and sequester the N, drastically increasing the cost of the process. The
selectivity of a material provides a measurement of how much of a particular gas will adsorb over
another. Since nitrogen is a main component of flue gas, and CO: is often the desired adsorbent,
CO2/N:2 selectivity calculations are often performed when evaluating MOFs for CCS. As shown
in equation 1.1, the selectivity Sj; for one gas, i, over another, |, is calculated as a ratio of the
mole fractions of i (xi) over j (x;) normalized by the ratio of their partial pressures. (pi/ p;)

S, = XiPj (1.1)
XiDi
IAST is also used in this calculation to determine the mole fractions of gases in the
adsorbed phase. This is because with a single guest, all binding sites in the material are free and
there is no competition between the gases and the binding sites but when there are multiple

guests, some will have stronger affinities to the material than others. Ignoring the competitive

nature of guest binding for binary gases will generally result in low estimations of selectivity.



1.3.3 Stability and Recyclability

Most of the research done on MOFs focuses on validating a material for CCS technology
by measuring one or two properties. These measurements are usually done in controlled
laboratory environments, thus ignoring some crucial practical limitations.

As such, when evaluating MOFs, stability, either chemical, thermal, and/or mechanical,
is a major concern. Chemical stability generally refers to how resistant a structure is to chemicals
in the environment such as moisture, solvents, acids, bases, etc. Often the chemical stability can
be assessed by comparing powdered X-ray diffraction (PXRD) patterns of a MOF before and
after exposure to water or other chemicals.>® Mechanical stability refers to the preservation of
structural integrity after exposure to varying pressures.®® In many nanoporous materials, a
common source of mechanical instability can come from the removal of pore-filling solvent
molecules, which often support and maintain the porosity of the structure.5! It is not uncommon
for a MOF to undergo partial or total collapse after solvent removal. Lastly, thermal stability
refers to the stability of the MOF under various temperatures, which is especially relevant for
carbon capture in TSA. In TSA, once the CO- has been captured, it can be indirectly heated to a
specific temperature, forcing the high purity stream CO2 out of the column.®? Since during this
heating process temperatures can reach anywhere between 100-250 °C, a structure with strong
thermal stability is required.®®

Historically MOFs have had issues with stability, especially when compared to zeolites,
however this has changed drastically in the recent years with many MOFs showing high thermal,
chemical and mechanical stability.5*-% Furthermore, many groups have started employing

computational tools to predict and generate robust structures for specific applications.®”:%
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1.3.4 Topology

The increased interest in crystalline materials came with the realization that these
structures could be generated using combinations of clusters of atoms, also called Secondary
Building Units (SBUs), that are either organic or metal-containing. The idea would then be to
develop theoretical and synthetic methods for which these SBUs could be combined into
periodic structures, as shown in Fig 1.6.%°

This became known as the field of reticular chemistry, which had the purpose of
understanding and organizing crystalline materials into their underlying topology, also called net.
For example, in Fig 1.6, the metal SBUs ZnOg are displayed as the vertices of the net, and the
linking organic SBUs, benzene dicarboxylate, are displayed as edges. By generalizing the
connectivity, complex periodic structures can thus be simplified into common geometrical

shapes.

11



pcu

Figure 1.6 a) Metal and organic SBUs which make up MOF-5 b) representation of SBUs as
simple geometrical shapes.

The classification, identification and retrieval of these shapes gave rise to the Reticular
Chemistry Structure Resource (RCSR)"® which currently contains about 3000 nets. The database
allows for the search of materials using keywords, names, attributes as well as topological three-
letter symbols, called RCSR symbols. These symbols can be abbreviations of the structural type
or mineral name such as pcu for primitive cubic, sql for square lattice, dia for diamond and gtz
for quartz. Others are short forms of the chemical formula that make up the material such as cds
for CdSQg, srs for SrSi. and pts for PtS. However, these are the most common ones, and the
majority symbols are just randomly assigned.

The common symbols, such as dia, gave rise to numerous similar nets which created
extensions to be basic three-letter naming scheme, as shown in Fig 1.7. Some common

extensions of dia include dia-a, in which the vertices of dia are replaced with tetrahedron of

12



vertices, or dia-e where tetrahedron are placed in the middle of the edges, as well as many

others.

cds

Figure 1.7 Common dervivaties of the popular ‘dia’ topology.

To assist with this rapidly increasing numbers of nets, several tools have been developed
to perform comprehensive topological analysis of crystalline structures.”>"

The classification and understanding of nets allow for a highly specific type of MOF
discovery in which materials with promising properties can be slightly modified while keeping
the same underlying topology, to ideally produce promising candidates. For example, Yan et al.”®
synthesized NOTT-112"¢ (named after the University of Nottingham), an rht-type MOF, which

demonstrated exceptionally high H> storage capacities and later they also synthesized two

13



expanded versions namely, NOTT-116"" and NOTT-119"® which are isoreticular with NOTT-
112 but had increase ligand sizes. As expected, the group found that by extending the appropriate
ligands and therefore increasing the surface area, the H> adsorption capacity increased as well.
There is still a fine balance required as other properties may suffer as a result of extending edge
lengths, such as the rht-based MOF NU-100"° which has longer ligands than NOTT-119 but
undergoes total loss of porosity upon thermal desolvation and requires advanced drying methods
to retain its crystallinity.®° However, the chemical diversity of structures developed this way is in
question. For example, highly successful experimental groups will incentivize other groups to
investigate the systematic synthesis of similar MOF, resulting in a lot of resources spent on a

specific subset of structures.

1.4 Metal Organic Framework Databases

As mentioned previously, one of the main advantages of MOFs is their tunability; by
changing the organic or metal SBUs, one can drastically alter the properties of a given structure.
As such, when researching how to improve CCS technology, scientists have undergone the
momentous task of identifying which MOFs would be the best candidates for CO, adsorption.
Over the last several decades, MOF-related publications have continuously increased and while
this exposure has been a tremendous asset to MOF research, the vast chemical and topological
space of these structures creates a problem when trying to identify the best candidates. The
majority these structures will yield unsatisfactory results for CCS technology and the traditional
method of synthesizing and analyzing CO> adsorption performance is simply too slow and
costly 8

As such, computational methods have been developed to efficiently navigate this space and

several groups have made significant contributions in trying to answer the following question:
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given millions of potential structures, how does one identify the best for a specific application?

Part of the answer may lie in the advancement of MOF repositories, or databases.

1.4.1 The Cambridge Structural Database

The Cambridge Structural Database (CSD)® is a popular repository for organic, metal-
organic and organometallic structures that are generally characterized using X-ray diffraction
(XRD). The CSD, which contains over 100,000 synthesized structures in the ‘MOEF” subset, has
allowed many research groups to perform large-scale screening studies.® In 2013, Goldmith and
al.3* screened 38,000 MOFs from the CSD for their H; storage capacities and in 2012, Watanabe
et al.® looked at the pore characteristics and selectivity of 1163 MOFs. Both studies showed the
feasibility of large-scale computational screening. However, the structures in the CSD are not
computation-ready, meaning that they cannot be used directly for molecular simulations of gas
adsorption. There are generally two main hurdles a computational scientist must face before
being able to use structures from the CSD database: solvent/counter ions in the pores and
structural disorder/missing hydrogen. Solvent in pores, which almost 90% of MOFs in the CSD
contain, must be manually removed from each structure before gas simulations can be performed
to mimic the effects of experimental activation. Activation is the process where heat and/or
vacuum is applied to remove residual solvents form the pores of the MOF, thereby allocating
space for gas molecules to adsorb. This solvent-removal step is highly time consuming and
requires a lot of manual effort.

The second obstacle is the presence of incomplete structures (missing bonds/atoms) and
structures that exhibit disorder, which are artifacts of XRD. When using XRD, it is difficult to

define atoms that only weakly scatter X-rays, such as hydrogen, which often leads to the
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resulting structures missing hydrogen entirely. Furthermore, some ligands that can adopt

multiple configurations will appear disordered as shown in Fig 1.8

4 flags for H
4 flags for C

Figure 1.8 Multiple configurations of organic ligand showing 8 carbon and hydrogen atoms in a
6 membered ring.

This issue is well documented, for example, Watanabe et al.®® extracted 30,000 structures
from the CSD and had to perform thorough examinations to ensure structural integrity of the
materials. A considerable effort was put into removing solvent molecules in pores and removing
disordered atoms after which the resulting structures had to be re-examined to ensure that the
cleanup was successful. Some structures also had unphysical disorder (overlapping
atoms/extremely short bond distances) and were excluded. After the cleanup process, only 1163
of the 30 0000 structures remained. Similarly, Goldsmith excluded about half of the original
structures for similar reasons.

To minimize this issue, a database was designed specifically to facilitate high-throughput

screening of a large number of structures.®

1.4.2 Computation-Ready Experimental Database
To address the issues mentioned previously, the Computation-Ready Experimental

(CoRE) MOF database uses several automated, in-house scripts to make framework structures
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computation-ready.®” Although it only boasts a mere ~14,000 MOFs, the CORE MOF 2019
database contains structures derived from synthesized materials with the synthesis protocols
usually available, which can assist in the synthesis of promising MOFs after high-throughput
screening studies. From the CoRE database 2019, two sets of databases were generated: a free
solvent removed (FSR) and an all solvent removed (ASR) database. Figure 1.9 shows the
distinction between (left) original structure; (middle) free solvent removed; (right) all solvent
removed.®” Bound solvents generally refers to molecules that are part of the framework as
determined by the van der wall radii of atoms plus 0.4 Angs.® Free solvent simply refers to

solvent that is not bound to the framework but are present in the cavity of the MOF.

Figure 1.9 Cross section of a MOF where (left) No solvent is removed, (middle) Lightly bound
solvent is removed and (right) all atoms except framework atoms are removed.
Reproduced from 8’

Having solvent, bound or free, in a MOF can drastically hinder the adsorbates (CO2 /
CHys) access to the pores, skewing absorbance measurements. Thus by having no solvent it
becomes much more efficient to screen many structures as researchers do not need to spend time
cleaning the structures.®

While the CoRE 2019 database has proven itself to be an extremely powerful tool in the

discovery of novel material for CCS,%! a significant amount of manual labor is required to
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introduce a structure to the database. Even with this intensive care, several inconsistencies have
been reported with both the CSD and CoRE databases. For example, to generate the CORE ASR
database, solvent molecules were simply deleted from crystal structure files, which does not
always accurately reflect what the structure will look like upon activation (evacuation of
solvent).8 Some MOFs may be destabilized by the removal of solvents, causing the framework
to collapse.®?

This was demonstrated by Nazarian et al.*®* who used high level computational methods
to optimize more than 800 MOFs and found significant structural changes, specifically in
materials that were crystallographically resolved with solvent present. They also found that the
optimization has a large impact on the simulated gas adsorption properties and noticed a change
of more than 25% in over 25% of the structures.

Altintas et al.®* found that between the ~3500 common MOFs shared between the CSD
and CoRE databases, 387 would yield different gas uptakes depending on which database the

structure came from.

1.4.3 Hypothetical MOF Databases

Several research groups have developed computational methods to generate hypothetical
MOFs, or HMOFs, which are structures that are iteratively assembled using common building
blocks found in existing MOFs.%-%" Since there can be many different combinations of a given
set of building blocks, researchers are able to quickly generate many theoretical structures. From
there, general trends between MOF properties and various CCS applications can be investigated.

Taking into consideration the vast chemical space created by the various combinations of
SBUs with varying topologies, one of the most effective tools for porous crystalline material

discovery are hypothetical MOF databases. Wilmer et al.®” were the first to generate a
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hypothetical database, consisting of 137,000 MOFs. This was done using “snapping” algorithm
which combined a set a 97 organic SBUs and 5 metal SBUs, partially shown in fig 1.10, derived

from crystallographic data of already synthesized MOFs.
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Figure 1.10 Subset of organic and inorganic SBUs used by Wilmer to generate the hypothetical
database. Reproduced from ¥

Various structural properties were computed of every structure, including surface area,
powder X ray diffraction pattern, and porosity. Using this data, they were able to identify over
300 promising structures with ground-breaking methane storage capacity. Furthermore, they
were able to establish important structure-property relationships, such as the relationship
between volumetric surface area, gravimetric surface area, and void fraction, with methane
adsorption. This work pioneered the use of computational methods for rational MOF design.
However, the database did have a few significant drawbacks. Firstly, the 137,000 structures
shared a common ~3000 unfunctionalized framework, resulting in a significant lack of diversity,
limiting the chemical and structural space sampled. Furthermore, many unphysical structures
were later identified, where atoms were too close to each other. Lastly, no bonding information

was included, restricting the possibility for further computational work to correct the structures.
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As stated by the authors, chemical intuition is absent and low-cost computation can miss
important species or lead unrealistic results.

Boyd et al.?’ used a combination of a ‘snapping’ algorithm, similar to the one used by
Wilmer, and a topological builder to generate a database containing over 325,000 topologically
diverse hypothetical crystalline structures. They then screened the database to identify and

synthesize MOFs containing hydrophobic COz binding sites for post-combustion carbon capture.

1.5 Thesis goals and Outline

The thesis is organized in the following way.

Chapter 2 explores important derivations of commonly used equations for gas adsorption
calculations. Various popular approximative models are also discussed as well as emerging
methods in MOF discovery.

Chapter 3 describes working with a topologically diverse database of hypothetical MOFs
containing over 325,000 structures. In this project, the structures are screened for metal and
organic SBUs as well as functional groups using Simplified Molecular Input Line-Entry System
(SMILES) strings to rename the structures according to their underlying topologies as well as
SBUs. Common geometrical features are also analyzed as well as the topological and chemical
diversity of the database. The goal of this chapter is to facilitate usage of the database by
developing a clear and logical naming convention of each structure.

Chapter 4 demonstrates the generation of DFT-derived electrostatic potential (ESP) charges
using the Vienna Ab initio Simulation Package (VASP) package and the REPEAT method for
each structure in the database mentioned previously. The CO2/N; selectivity values obtained
from DFT-derived charges are compared to selectivity values of another popular method, SQE.

The goal of this chapter is to generate high-level DFT-derived charges on a large and diverse set

20



of MOFs to facilitate high-level screening and machine learning development studies.

A simple machine learning model is developed to provide an example of how this database could
be used.

Chapter 5 will go over the various conclusions of each chapter as well as any potential future

work.
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2 Methods

This chapter will describe the various computational tools and methods that are frequently
used when generating gas adsorption data. These include Grand Canonical Monte Carlo
(GCMC) simulations, Density Functional Theory (DFT), the REPEAT method, as well as basic

machine learning (ML) theory.

2.1 Monte Carlo simulations

One of the most commonly used tools when evaluating gas adsorption properties of a
material are Monte Carlo (MC) simulations.}~® Briefly, MC calculations for gas adsorption relate
microscopic energy interactions between guest molecules (CO2, N, etc.) and the material (MOF)
to macroscopic observed values such as gas uptake. The idea is to observe a guest particle
interacting with a framework where the temperature and volume remain constant. By changing
the position and momentum of the guest particle, a new configuration of the system is described
and repeating this process many times will sample what is known as an ensemble. A canonical
ensemble is therefore a collection of configurations where the volume and temperature stay
constant.*

To obtain a reasonably statistically accurate ensemble, the energy of many configurations
would need to be calculated, resulting in significant computation time. Instead, it is more
practical to introduce the Monte Carlo algorithm, which will randomly perturb (rotate or
translate) the guest particle from one position to another and either accept or reject a perturbation
based on a set of rules proposed by Metropolis et al.°> The rules are as follows:

1. Accept a perturbation if the resulting energy state is lower than the previous one (Enew <

Eold).
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2. If a perturbation results in a higher energy configuration, the move can still be accepted if

it falls under a probability proportional given by exp (— kA—ET) , Which describes a
b

Boltzmann weighted change in energy of a random move, where kyT is the thermal

energy of the system and AE is the difference in energy between the configurations.

3. Ifrules 1 or 2 are not met, reject the perturbation, and count the previous configuration
again.

The reason for including rule 2 is to allow certain perturbations, that may seem
unfavorable, to be explored. As such, if an energy configuration is slightly higher than the
previous one, the difference in energy will be low resulting in a higher probability of being
accepted. Rule 3 will count the old configuration multiple times if the new perturbation is
rejected, thus promoting a favorable lower state energy which will contribute more heavily to the
statistical average. Therefore, this algorithm generates configurations that are Boltzmann
distributed in terms of their energies, which is what is observed in nature for a system of fixed

volume, temperature, and molecules.

2.2 Grand Canonical Monte Carlo Simulations

To determine how much gas a certain material will adsorb, more appropriate perturbations
are required. In the Grand Canonical Monte Carlo (GCMC) simulation, two new types of
perturbations are introduced: creation and deletion. Their acceptance criteria, are shown in

equations 2.1 and 2.2 respectively

|4 —AU
A = P /kT 2.1
rt = WTIN+ 1) 1)
N _
Ager = e "k (2.2)

KTV,
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Where volume is V, pressure p, Boltzmann constant k, temperature (T), number of guests
(N) and 4U is the potential energy of the system. These two types of perturbations are useful in
modeling the physical process of gas entering or leaving the adsorbent. Using these rules and
perturbations, a typical GCMC simulation still requires 107 moves to produce statistically sound
thermodynamic averages. This means that generally, high level ab initio methods are too
computationally demanding and that empirical methods (discussed later) are usually preferred.
To further speed up GCMC calculations, two approximations are commonly used 1) the MOF
framework is fixed and 2) intermolecular potentials between the framework and guest are
simplified. The first approximation is introduced by fixing the MOF atoms and preventing them
from moving while the guest molecules can move but have fixed bonds. While fixing the
structure can cause issues for flexible “breathing” MOFs'8, the results generated from this
method are generally accurate.®!° The second approximation simplifies the guest-host

interactions into 2-body steric, dispersion and non-polarizable electrostatic potentials.

2.2.1 Periodic Boundary Conditions

When computing adsorption properties on crystalline materials, periodic boundary
conditions (PBCs) are commonly used to approximate the infinite periodic nature of these
materials. This is done by describing the system as a transitionally invariant set of atoms, called
unit cells or primary cells, shown in figure 2.1 a). These unit cells are then copied and
surrounded by images of itself in all directions, as shown in figure 2.1b), which describe all
surrounding interactions of the atoms in the original unit cell. Applying an appropriate unit cell
size is important, if the cell is too small it is unlikely that all pairwise interactions will be
included and if the cell is too large, the computational cost will increase exponentially. Inside the

cells, the set of atoms are described as transitionally invariant such that a particle can exit on one
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side of the cell and re-appear on the opposite side, as shown in figure 2.1 b), which preserves any
properties (forces, velocities, etc.) of the particle. While this makes the computation of an infinite
system feasible, it does introduce the issue of particles interacting with multiple images of other
particles. To deal with this problem, a cutoff, shown in figure 2.1 c), is introduced, where only
the interactions between atoms inside the area are computed. The cutoff is only applied to short-

ranged interactions (steric and dispersion) and not long-ranged electrostatic interactions.

Figure 2.1 Periodic Boundary Conditions. a) a primary cell b) primary cells and copies with
transitionally invariant atoms c) radius cutoff showing area of computation

In a GCMC simulation, short range steric and dispersion interactions are calculated
separately from long-range Coulombic interactions. Many suitable potentials can be used to
represent short-range interactions, such as the Buckingham potential! or the Born-Hugging-
Meyer potential®2. Here, the Lennard-Jones, also called 12-6 or LJ, potential will be described as
it is one of the most commonly used models in GCMC simulations®. For long-range

interactions, special considerations are required, and they will be discussed in the next sections.
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2.3 Lennard-Jones potential

The Lennard-Jones (LJ) potential approximates the short-range interactions according to

e |2 (ou)
Vi (r) = 4g;; — (2.3)

ij rij

equation 2.3

where the distance scalar, o;;, and the potential well, &;;, are parameters assigned for interactions
between atoms i and j and r;; is the distance between atoms i and j. This function decays rapidly

at arate of r;; ¢ as the atoms move away from each other, which allows for a cutoff to be used

without introducing significant error. In contrast, the potential which describes the long-range, or
Coulombic, interactions decay much slower, at a rate of rijl,as shown in equation 2.4, where g

represents the charge of the atoms.

v, = qi9;

= 2.4
47T€Tij ( )

Equations 2.3 and 2.4 are shown graphically in figure 2.2.
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Figure 2.2 Energy potential of (top) LJ interactions and (bottom) Coulombic interactions
between two atoms.

For the interactions between the atoms in the primary cell and all the other cells, the

Coulomb energy is given by equation 2.5, where N is the number of atoms, the " on the first sum

indicates that the terms i = j are omitted when n =0 (i.e., the original unit cell), and the % factor

accounts for double counting.

!

1 N N
5
2 i |T'i — 7} | +n
=1

n =1

~

Equation 2.5 converges conditionally and slowly, and therefore computing all relevant
Coulombic interactions would require introducing many periodic image cells (n), thus drastically
increasing the computational cost. To circumvent this issue, it is more appropriate to use the
Ewald Summation to compute long-range interactions in periodic systems.** However,
electrostatic interactions between the MOF and guest are approximated using the fixed partial
charge approximation, which generates partial charges that are independent of conformation and

environment.
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2.4 Atomic Point Charges

The performance of MOFs can be assessed using simulations, which require a set of point
charges, {q}, as one of its inputs. These charges would ideally be obtained from high level
quantum calculations, e.g., Density Functional Theory (DFT) which yield highly accurate point
charges. However for MOFs, which generally have hundreds of atoms per unit cells, high level
quantum calculations can take hours to compute, resulting in enormous computational time when
screening thousands of candidates.'® As such, when conducting large-scale screenings, it is
generally more suitable to use cheaper, approximative methods to obtain point charges, allowing
for fast and reasonably accurate computation for a variety of structures. One of the most common
of these methods is charge equilibrium (Qeq), which performs quite well in predicting partial
charges in MOFs, with the original Qeq method being developed in 1991 by Rappé and

Goddard.'®

2.5 Charge Equilibration Methods
While the full explanation of the charge equilibration method is beyond the scope of this
work, a summary is still discussed. The Qeq method defines the energy of an atom as a function

of its charge as the first two terms of a Taylor series around its neutral state.

Ey = E4o + Q4 (6_E> + 1@31 (GZ_E) (2.6)
00/ ,, 2 0Q? a0
This equation can also be written as:
Ey = Epo + x4Q4 + %J,QAQ,% (2.7)
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Where the electronegativity, x9, and the idempotential, /$,, are the adjustable parameters of the
model. By summing the energy of each atom as well as the contribution of the interatomic

interactions, the charge-dependent energy of a set of atoms is obtained:

1
Fo(Q1 Q) = ) (Bao + X300 +5 ) Qulslas  (28)
A AB

The next step is to find a solution where the first derivative of this expression with
respect to the charge Q4 is equal for all atoms at equilibrium, hence the name charge

equilibration method.

oE

@ = xa+Jaa+ ;4 QpJap (2.9)

By setting this equal for the N atoms in a system, N — 1 equations are obtained and when
combined with the total charge equation, Q.. = 2.V, Q;, a system with N equations and N
unknowns is obtained, which can be solved.

Charge equilibration methods can calculate partial atomic charges for large structures
such as MOFs in seconds but the high parameterization from the electronegativity and
idempotential makes them unfeasible in certain chemical environments, thus limiting its
applicability.!” For example, Qeq wWould generate nonphysical partial charges of +3 for Li atoms
in AgsLis clusters or give imprecise energy for small interatomic distances.'81°

Since then, several modifications and improvements have been made to the Qeq method
to increase its accuracy in various environments and for a wide variety of applications. 17202

These methods will be discussed in the next sections.
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2.5.1 Periodic Charge Equilibration

Periodic Qeq (PQeq) ?? is a variation of Qeq that is applicable to periodic structures by
accounting for the effects of the crystal lattice energy on charge distribution, which is done, in
part, by using an Ewald summation. The effect of the lattice is incorporated in the expression for
the chemical potential, equation 2.15. This gives

ﬂA,periodic(Ql QN) = Xg + Xg,A +]2AQA + Z QB]AB (2-10)
B+#A

Where x? 4, is the lattice electronegativity given by

n n
! A
STED% RS 1 N ST
ij,L

L#0 j L#0 j

Where the cloud penetration, ]l-’j,L =JijL —% converges rapidly with respect to R. The index L

refers to the periodic image cell, where L = 0 is the primary cell. The QA/R_ Lterm is a direct
4

I

Coulombic term which is calculated using an Ewald summation.

One of the main advantages of PQeq is the user only needs lattice parameters and atomic
coordinates of a single cell. Furthermore, a priori guess of the equilibrium charges as well as
choosing appropriate cutoffs and boundaries for each calculation was not needed, unlike many
methods at the time. 2* PQeq was first used in large scale screening by Haldoupis to assign
charges in 500 MOFs for CO; and N adsorption simulation.?® The results were reasonable when
compared to DFT values but more importantly very little computational cost was required,

making this a promising method for rapid screening of many structures.
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2.5.2 Extended Charge Equilibration

Wilmer et al. % developed an extended charge equilibration method, coined EQeq, which
would require fewer fitting parameters than the Qeq and PQeq methods and would therefore
converge much faster while yielding similar accuracy. To demonstrate this, Wilmer et al.? used
their EQeq method to screen a database of 137,000 hypothetical MOFs. While their findings
emphasized several important connections between physical (surface area, pore size and pore
volume) characteristics and adsorption capabilities in MOFs, there were considerable issues with
the method and the study. The method would treat metal cations differently than other atoms as
the original Qeq method was known to yield poor results in ionic bonded materials. Therefore,
EQeq ensured accurate representations of metal cations but this also resulted in a background
positive charge in the unit cell. The background charge was then minimized through an
empirically determined dielectric constant. As mentioned by the authors in their work on
screening the 137,000 of hypothetical MOFs, the group chose a large dielectric constant of 2,
which resulted in an overall underestimation of CO; adsorption. 2>2° Furthermore, while
considerable efforts were put in place to minimize the effects of cations, the halogen parameters
were not changed, which resulted in significant overestimation in fluorine and chlorine -
functionalized MOFs.%
Lastly, and most importantly, the structures did not have diverse enough underlying network
topologies, meaning that trends they observed could only be confirmed for a specific subset of

MOFs that shared this topology.

2.5.3 MEPO-Qeq
The MOF electrostatic-potential-optimized-charge (MEPO-Qeq)?* method is based on the

PQeq method implemented in the GULP?’ package. In the MEPO scheme, the atomic values y§
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and J9, are fitted to reproduce DFT/PBE? electrostatic potentials (ESP). This was done by
taking a training set of 543 hypothetical MOFs and performing DFT calculations to produce
ESPs. The standard Qeq parameters, shown in table 2.1, were then adjusted to reproduce these
DFT-derived ESPs in a least square manner. These adjusted parameters, referred to as MEPO-
Qeq parameters, shown in table 2.1, as well as QEq and EQeq parameters, were then used to
generate CO» uptakes and heats of adsorption (HoA) in the 543 MOFs. The uptakes and HoAs
were compared with results from DFT-derived charges, and it was found that while MEPO-Qeq

underestimated CO uptakes, it yielded closer results to DFT values than the other methods.

Table 2.1 Electronegativities and electrostatic potential parameters used for Qeq and

MEPO-Qeq
Element Qeq paramters MEPO-Qeq
x (eV) 1/2J (eV) x (eV) 1/2J (eV)
H 4.528 6.945 4.528 6.945
\% 3.650 3.410 4.093 4.217
Cu 4.200 4.220 5.429 3.468
Zn 5.106 4.285 3.701 4.468
C 5.343 5.063 5.431 5.857
N 6.899 5.880 6.688 6.622
0] 8.741 6.682 8.714 8.568

A validation set of 693 MOFs was used to investigate the robustness of MEPO-Qeq.
Using the same process as for the training set, CO uptakes and HOAs were generated using
Qeq, EQeq, and MEPO-Qeq parameters and compared to DFT derived results. The MEPO-Qeq
performed well and better than the other methods for this set as well. To further test the
transferability of the method, the CO> uptakes of 11 Zn-zeolitic imidozolate (ZIFs) and 16

Vanadium MOFs, neither of which were part of the training set, were calculated. Compared to
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DFT data, the ZIF CO. uptakes were reasonably close, with a Pearson correlation of 0.96 and an
RMS error of 0.16. As for the vanadium MOF set, MEPO did not perform well with a Pearson
correlation of 0.92 and an RMS error of 0.86. The is most likely due the presence of open-metal
site vanadium centers, which were not included in the training set. However, given a set of
structures with reasonably similar environments as the training set, the MEPO parameters have
been successfully used in various studies to generate gas adsorption data in crystalline
structures.?>* Most notably, they were used by Boyd et al. to generate partial atomic charges in
over 300,000 hypothetical MOFs to then compute CO, working capacity and CO2/N2

selectivity. 3

2.5.4 Split-Charge Equilibration

The split-charge method (SQE), developed by Mueser and coworkers,® is a relatively
simple and robust technique that has been widely used for determining partial charges in small
nonmetallic molecules®® and simple periodic systems.3* In the SQE method, an energy

expression is defined in terms of split-charges, g;;, that are associated with each covalent bond to

then generate partial atomic charges, Q;.
0= a (212)
J

The calculation for Qeq charges is obtained by minimizing equation 2.17 by adjusting each

partial atomic charge ,Q;, in the set of all partial atomic charges Q.

EQEq(Q)Z ()(iQi%KiQiz) + Z QiQ;/ij(rij) (2.13)

ij>1
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Where y is the atomic electronegativity, « is the atomic hardness and /is the
distance-dependent electrostatic potential.

The SQE energy expression introduces bond hardness, ki, and bond electronegativity,
xii® for each bond type. SQE charges are then obtained by minimizing equation 2.20 over the set

of all split-charges, g.

Esor(q) = Z ()(ibjCIij + %Kiquizj) + Egeq (@) (2.14)
ij>1
The additional bonding information obtained from the split-charges allows for accurate
prediction of bond dissociation limits, particularly in covalent systems. This is not possible with
the main Qeg model. Also, the two additional bond type parameters result in greater number of
degrees of freedom during the charges fitting procedure, making this model more flexible.
Lastly, when compared to Qeq, the SQE model allows for better modeling of the dielectric
properties and polarizability of the system.333 This is mainly due to SQE being based on a more
accurate physical description of the charge distribution. The main drawback of this model is that
it is only applicable to charge neutral systems, due to its charge conservation property, where
qi; = —qji. However, SQE was later reformulated by Krykunov and coworkers to treat non-
neutral systems and was found to perform better in charged systems than basic Qeq models.*
Collins et al.%’ reparametrized the values for SQE analogously to MEPO-Qeq and used a diverse
training set of 559 and a validation set of 585 hypothetical MOFs. Due to the addition of bonding
information, 91 parameters were fitted, where only 34 parameters would be sufficient for a Qeq

method.
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2.6 Density Function Theory

Density Functional Theory (DFT)%® is a quantum mechanical (QM) method that has been
widely used in chemistry and physics to calculate the electronic structure of atoms, molecules,
and solids since the 1970’s and is still one of the most popular electronic structure method.*°
Briefly, the goal for QM calculations is to find the ground state energy for a collection of atoms

by solving the Schrodinger equation:

Ay} (R} = Ev({r} (R D (2.15)

Where W is a wavefunction which describes a system of nuclei, Ry, and electrons, ri, with
H being an energy operator that is applied to the wavefunction. Naturally, given any system with
more than a few particles, this equation becomes impossible to solve. This is known as the many
particle problem. As such, the Born-Oppenheimer approximation is used, which separates the
nucleic motion from the electron kinetic energy. In most cases this approximation is reliable as
the nuclei are essentially static when observed at an electronic time scale. This allows the

decoupling of the nuclear and electronic wave function:

Y(Arid AR = v (AR * e (1) (2.16)

To solve the Schrodinger equation for electrons:

Hipe (11,73 . 7n) = Ee(ry, 12 ... 7) (2.17)

However, even with the Born-Oppenheimer approximation, this equation is still a 3N
dimensional problem, where N is the number of electrons. As such, solving the Schrédinger for
any practical material is still unfeasible. DFT offers an accurate and computationally feasible

way to solve the equivalent of the Schrodinger equation in terms of the electron density:
n(r) = Yy, r .Y, 1 . Ty) (2.18)
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Where y* denotes the complex conjugate of the wavefunction. This reduces the dimensions of
the problem from 3N to 3. The next step is to treat each electron as a point charge in the field of
all other electrons, which simplifies the many-electron problem into many one electron

problems:

Yy, 1y ty) = P1(ry) * Yo (1) * o x Py (ry) (2.19)

The electron density can then be defined as a sum of the individual electron wavefunctions:

n@) = 2) P (2.20)

The two fundamental theorems of DFT, proposed by Hohenberg and Kohn*! | are:

1) The ground state energy E is a unique functional of the electron density.
E =E[n(r)] (2.21)

2) The electron density that minimizes the energy of the overall functional is the true ground

state of electron density.
E[n(r)] > Eqglny(r)] (2.22)

The first theorem introduces a functional that only requires the electron density to
compute the ground state energy of a system. The second theorem states that by minimizing the
energy functional, the ground state energy density is obtained. The exact form of the energy
functional, generally referred to as the exchange-correlation (XC) functional, is not known
approximations must be made. The most basic approximation is the local density approximation
(LDA), which depends only on the value of the electron density at each point in space. There
exist more complex functionals specifically designed to obtain better description of a desired

property, such as nuclear magnetic resonance chemical shift*?, formation energy*, ionization
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potential** and many others. As such, there is an estimated 500 functionals, however only a
handful of them are commonly used, such as Perdew, Burke, and Ernzerhof *° (PBE)?® and
Becke, 3-parameter, Lee-Yang-Parr (B3LYP) functionals 4647

Practically, the ground state electron density can be calculated using approximative
methods developed by Kohn and Sham.3® Briefly, the Kohn-Sham DFT (KS-DFT) scheme
proposes a fictitious system of non-interacting electrons with the same density as that of one
with interacting electrons. This drastically simplifies the calculation as the kinetic energy of non-
interacting electrons is known. The electron density is then computed using a self-consistency
(iteratirative) scheme based on the single, non-interacting electron wavefunctions. The KS-DFT
scheme is by far the most successful way to implement DFT and is often simply called DFT.

Often, a system can be further simplified by freezing ion cores, which means that
calculations are done under the assumption that inner shell electrons are not involved in chemical
or physical interactions in solids, this is known as the frozen-core approximation. *® The complex
effects of the motion of the core electrons on a valance system can therefore be replaced by a
pseudopotential (also called an effect potential), which greatly reduces the numerical effort
required to describe the interaction

In this thesis, variation of DFT for periodic systems, called periodic DFT, is used to
optimize the framework of the crystalline structures. Periodic DFT facilitates the computation of
large and periodic structures by introducing periodic boundary conditions (PBCs)*, which are
discussed in section 2.1.1.. In this work, periodic DFT is used primarily to generate electrostatic
potentials used by the REPEAT method (section 2.7) to generate partial atomic charges. Periodic
DFT will also be used to optimize the 325,000 theoretical MOFs using the Vienna Ab Initio

Simulation (VASP)®%-%3 package.
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2.7 REPEAT

To compute the electrostatic interactions between the MOF and the guest molecules, the
atomic charges must be calculated, as shown in Eq. 2.13. The Repeating Electrostatic Potential
Extracted Atomic (REPEAT) method, generated by Campaiia et al.>* , generates electrostatic
potential (ESP) fitted partial atomic charges from quantum mechanical (QM) calculations in
crystalline solids. While the full explanation is beyond the scope of this work, a summary is
described. To calculate the REPEAT charges, a periodic DFT calculation is performed to
generate a QM ESP. REPEAT then employs a least-squares fitting method to fit the partial
atomic charges to best represent the QM ESP. The main distinction between REPEAT and other
methods that generate QM derived partial atomic charges is its ability to be used for crystalline
systems, such as MOFs. In an infinite periodic system, the reference point of the ESP is ill-
defined, meaning that the resulting potentials will be shifted by a constant offset amount.
REPEAT addresses this issue by using an error functional which minimizes the relative
difference between the QM ESP and the ESP from point charges.

While REPEAT has been successfully used in various studies,?°%>7 the computational
cost of performing QM calculations to obtain ESP for each material, especially crystalline

structures, is expensive.

2.8 Machine Learning in MOF Discovery

Machine learning (ML) methods have yielded ground-breaking results in various fields in
recent years and materials science is no exception. While the theory of ML is too broad for this
work, a general overview of how it can be used in MOF discovery is discussed. Recently, ML
algorithms have been developed to relate chemical and/or structural features , also known as

descriptors, to various gas adsorption and storage properties with astonishing results. %60 A
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generic ML algorithm learns a function, f, that predicts a desired property, such as working
capacity or selectivity, by using existing data. The goal is for the function, or model, to
accurately predict the desired property for a new structure, never seen before, represented by the

easy to calculate descriptors.

2.8.1 Descriptors

When constructing a ML model one of the most important and challenging part of the
process is choosing the appropriate descriptors for a particular property. For example, Anderson
et al.%® described the relative importance of commonly used descriptors in ML MOF working
capacities (WC) and selectivity (S) and adsorption loading (N) for H2, CO2 and N2 mixtures.
Some descriptors like SE of FG (sum of epsilons of functional group, where the epsilons are
obtained from LJ values) and MPC of FG (most positive charge of functional group) are

relatively unimportant, while LPD (lowest pore diameter) and topology are highly important in

most cases.
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Figure 2.3 Relative importance of various descriptors in gas adsorption calculations.
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This was also demonstrated by Ward et al. ®* who identified 145 potential descriptor for

materials research. The selection of descriptors is especially complicated for MOFs due to their

vast chemical and structural diversity. 82 Some of the more commonly used descriptors for MOFs

and their respective property are shown in figure 2.4.
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Figure 2.4 Common descriptors used in ML models for various applications.

The importance of descriptor choice is further highlighted by the work done by

Fernandez et al.2, who were the first to use ML models for prediction of methane storage

performance in MOFs at high pressure (100 bar). They did this by generating a quantitative

structure-property relationship (QSPR)®®° model using geometrical features only, such as pore

size, surface area, and void fraction. While their model was accurate (r? = 0.93) for predicting

methane uptake capacity at high pressure, prediction for low pressure (1bar) was relatively poor

(R?=0.72). The group later introduced an atomic property weighted radial distribution function
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(AP-RDF)® descriptor into their model that could capture both chemical and geometric features
and found noticeable improvement (r> = 0.83) in prediction accuracy for low pressure gas
adsorption. The AP-RDF is based on the radial distribution function (RDF) which was first
proposed by Gasteiger et al. 6"% to encode the 3D structure of molecules. The AP-RDF, shown
in equation 2.23, can be described as the weighted probability distribution of finding a pair of

atoms in a volume of radius R

RDFP(R) = f Z Pl-Pje_B(’"U"R)Z (2.23)
T

Where B is a smoothing parameter, rj; is the minimum image convention distance of atom
pairs and f is a scaling factor. P and Pjare atomic properties, namely electronegativity,
polarizability and van de Waals volume. As such, the AP-RDF describes both geometrical and
chemical features in a structure. Several variations of the descriptor are still being used years

later in MOF ML research.®8:6%70

2.8.2 Input vs output data

For property prediction there are two ‘types’ of data, input, and output. The input data
refers to the chemical, geometrical and/or energy-based descriptors which are easily accessible
or computationally inexpensive. "+72. Output data refers to the property that is being
investigated, which is often computationally expensive to generate, especially when aiming for
QM levels for accuracy. There are therefore two main strategies for obtaining output data, either
by large-scale screening or by obtaining output data from the literature. Several groups used
large-scale screening to generate their own data but this is often too computationally expensive,
especially for DFT calculations.” ™ Generally in ML, having a larger and more diverse dataset

will result in a more robust algorithm as it has been trained on a wider variety of data. As such,
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many researchers have used results from large-scale screening studies to use as data points and
have also made use of various data mining techniques to obtain information from different
publications.”"’. Recently, Rosen et al. "8 proposed a database, called Quantum MOF (QMOF),
which consists of quantum mechanical properties (energy charge density, band gap and density
of states) containing over 14,000 experimentally synthesized crystalline structures. This “ML-
ready” database could provide researchers the tools needed to develop their own ML models and
accelerate MOF discovery. The Boyd-Woo database, which contains over 300,000 structures is
another tool which could be used for developing machine learning models, although the

structures are computationally generated.
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3 Characterizing a MOF database

3.1 Abstract

With the advancement of computational tools, databases of hypothetical materials have
become important tools when searching for promising candidates for various applications. In the
case of the highly diverse and tunable Metal-Organic Frameworks (MOFs), this search can be
extremely daunting. To accurately sample the vast chemical and structural space of these
materials, databases should contain structures with a variety of features such as surface area,
chemical components, porosity, and topology. In this study, a database of 325, 000 hypothetical
MOFs generated from 28 metal structural building units (SBUs), 164 organic SBUs and over
1000 underlying net topologies is characterized using Simplified molecular-input line-entry

system (SMILES) strings.

3.2 Introduction

MOFs have been investigated for various applications including, drug storage and
delivery,'? optical devices,® chemical sensing,* catalysis,>’ and most notably, gas storage and
separation.®® At the experimental level, material discovery for CO, performance is extremely
difficult for MOFs since synthesis is slow and manpower hungry, thus causing a bottleneck.
Computational methods have provided alternative methods that have shown a lot of promise for
materials discovery as several studies have used computational tools to establish important
properties for gas adsorption. For example, Farha et al.'° used computational modeling to design
and predictively characterize a MOF with a particular high BET surface area, a property that is
linked to high storage capacities. Based on simulated N> isotherm, they were able to calculate an
ultrahigh BET surface area of 6,605 m? g** which motivated them to proceed with synthesis. The

experimental and simulated BET surface areas of the MOF, which they named NU-100, were in
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excellent agreement with one another, only differing by ~5%, demonstrating the efficacy of
computational tools. The design of NU-100 was accomplished by replacing an organic ligand in
a structure synthesized by Yan et al.*! while using the same metal SBU and cubic space group to
ensure the same topology. While these studies are important, the strategy of modifying existing
materials fails to include an adequate sample of the nearly infinite chemical and physical space
spanned by MOFs. Another good example of this is MOF UiO-66, which was synthesized by
Cavka et al.'? over a decade ago. UiO-66 is an archetypal Zr-MOF with a high surface area and
high thermal stability as well as remarkable aqueous, acidic, mechanical, and water vapour
stability due to its strong Zr-O bonds. The Zr-O node in the MOF has also shown powerful
catalytic properties!3 while the aqueous stability and porosity have made the structure suitable
for dye adsorption. Close to 400 papers have listed UiO-66 as the topic of paper, with
experiments ranging from improving synthesis protocol by using modulators** and
deprotonation,®® to promoting structural defects to increase catalysis, hydrophilicity, and heats of
adsorption.'®” A more practical way of approaching material discovery comes from high
throughput screening studies. For example, Wilmer et al. used their 137,000 hypothetical MOF
database to identify common geometrical characteristics shared amongst MOFs with optimal
CHs uptake. While their database lacked sufficient topological diversity, they were able to
conclude that surface areas of 1500-2000 m? g* and pore diameters of 5-6 A were commonly
found in highly performing MOFs. 8 More recently, Boyd et al. screened 300,000 hypothetical
MOFs to identify water stable structures with strong CO2 adsorption from wet flue gases. 1° This
was done by first screening the database for MOFs with both high CO./N: selectivity and CO>
working capacity and then analyzing the binding sites of these structures. It was found that

materials with binding sites in the form of two parallel aromatic rings had the lowest water
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affinity, and the CO2/N: selectivity of the materials in dry and wet conditions were similar. Two
of the structures that retained their capture performance in humid conditions were synthesized
and their CCS properties were comparable to commercially available MOFs, which perform
considerably worse in wet environments.

While the increasing computational power has given rise to numerous high throughput
screening studies, gathering, and organizing data remains a significant roadblock.
In this work, the hypothetical MOF database generated by Boyd. et al.!*? is screened using
Simplified molecular-input line-entry system (SMILES)?! strings and the Cambridge Structural
Database (CSD) Python API%? to rename structures using a more appropriate naming convention.
The renamed structures are then analysed for various geometrical features including volumetric
and accessible surface area, cell volume, as well as various pore properties. Furthermore,
structures with common errors and/or missing hydrogen were identified using SMILES strings

and the CSD Python API.

3.3 Methods

MOF structures were generated using Topology Based Crystal Constructor (ToBasCCo)
code developed in house by Dr. Boyd.?° The construction algorithm is described next. First, the
underlying topology is chosen. Based on the topology, metal and organic linkers with matching
coordination linkers are chosen, i.e., if the topology calls for 3 coordinate linkers, then the SBU
chosen must also be 3 coordinate. The list of metal and organic SBUs are shown in Figure 3.1

and 3.2, respectively.
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Figure 3.1 Metal SBUs used to generate the hypothetical MOF database.
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Figure 3.2 Organic SBUs used to generate the hypothetical MOF database.

The dotted green bonds represent carboxylate- or N capped moiety that binds to the metal SBUs.
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Figure 3.3 Carboxylate and nitrogen capping organic moieties.

Once chosen, pre-defined site locations will be used to connect the metal and organic SBUs

together, as shown in Figure 3.4.
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Figure 3.4 Binding sites used to connect metal and organic SBUs. The SBUs can connect in
various orientations, as shown by the red and blue dashes.

When the SBUs are bonded, the algorithm will screen the resulting structure for other
potential bond locations. The process can be repeated many times according to the desired

underlying topology, as shown in Fig. 3.5.
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Figure 3.5 Recursive binding of metal and organic SBUs. Chemically similar SBUs (e.g.,
Organic #1 and #30) can have different numbers of binding sites, resulting in different
topologies.
The method used to construct the structures is similar to the one described earlier by
Wilmer et al.2® where a set of metal and organic SBUs as well as functional groups are attached

together iteratively like building blocks. Once built, the structures could be functionalized

according to the chemical motifs shown in Fig 3.6.
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Figure 3.6 Functional groups used to further diversify the database.

The naming convention for the structures in this database is relatively straightforward,
each structure is named based on the metal and organic SBUs used to create it as well as the
functional groups and underlying topology of the structure. For example, if a structure was built
using metal SBU 1, organic SBUs 5 and 6, functional group 8 with a pcu topology, the MOF
would be named m1_o5_06_f8.pcu.sym.100. The symmetry of the structure was obtained using
an algorithm made to search for crystal symmetries called Spglib, here 100 is simply used as an

example.?*
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After building the 300,000 hypothetical MOFs, a highly parameterized charge
equilibration method was used to generate partial atomic charges. Using these charges as input,
CO2/N2 selectivity and CO2 working capacity simulations were performed for every structure to
generate adsorption data.'® Unfortunately, while the charge equilibration methods (Qeq, SQE,
MEPO-Qeq, EQeq) can generally provide fast and reliable partial charges, due to their high
parameterization they also suffer from generating inaccurate results in uncommon environments.
These errors would consistently occur in certain metal or organic SBUs, and functional groups. It
was therefore decided that the chemical motifs that yielded unsatisfactory results would simply
be removed. As such, the remaining structures were re-numbered for presentability and
continuity in the published work, as having a numbering system while skipping some numbers
would most likely result in significant confusion. This resulted in many structure having
filenames that did not correspond with the chemical motifs of the structure. The task of
evaluating every structure for their corresponding SBUs, functional groups and topology would
be a momentous one and it was therefore decided to keep the straightforward but incorrect
convention. While the database enabled many groups to perform high level screening and
machine learning work, the inconsistent labelling remained an issue for those interested in
performing geometrical screening on MOFs with chemical motifs and/or topologies.?>2" As
such, Simplified molecular-input line-entry system (SMILES) strings were used to screen the
structures for every organic SBU, metal SBU and functional groups mentioned previously. A
brief explanation is provided in this work, but the original paper by David Weininger provides a

more thorough explanation of SMILES methodology.?
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3.4 Smiles Strings

One of the best tools for practicing chemists is the ability to search various databases (e.g.,
PubChem, SciFinder, ChemSpider). SMILES strings provide a reliable way to convert molecular
structures into a computer-readable format. While there are many specific rules for certain
scenarios, the most relevant to this work are shown below.

1. All atoms are represented by their atomic symbols (oxygen is ‘O’, carbon is ‘C’, etc.).

2. Double bonds are represented by ‘= while triple bonds are represented by a ‘#’, single
bonds are generally omitted.

3. Parentheses are used when atoms branch off the parent chain, for example 2-
methylhexane is represented by CCCCC(C)C.

4. For cyclic molecules, numbers are used to bond atoms that appear disconnected in
writing (eg. cyclohexane is CICCCCCI1). Here the two “1°’s represent a bond between
the carbon atoms.

5. Aromatic atoms are represented using lower case atomic symbols. (e.g., Toluene is

Cclccecececl, where ‘C’ represents the methyl group, and clcccecl represents the ring.

While these rules are relatively straightforward for small molecules, the labelling grows
exponentially as larger chemical motifs are investigated. For example, organic SBU #52 (shown
below), can be described using a SMILES string as:

O=c2c4ccc5c(=0)n(cleccecl)c(=0)c6ecc(c(=0)n2c3ccccc3)c4ch6
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Figure 3.7 Organic SBU #52 and associated SMILES string.

While it may be difficult for humans to process this notation, computers are able to
generate the matching chemical motif quickly and accurately from SMILES string. With the
advancement and accessibility of powerful computers, many research groups have started
including SMILES strings to facilitate characterization of various features in databases.?®?°
The CSD Python API Crystal Reader module was implemented into an inhouse code that could
quickly screen crystalline structures for large numbers of chemical motifs. It is important to note
that SMILES strings only work for molecules, not periodic structures like MOFs, however, the
CSD Python API can convert the atomic positions of a given crystal into a molecule, allowing
for SMILES strings substructure search.

In writing the code, the SMILES string for each organic and metal SBUs, as well as
functional groups were generated manually. One of the main challenges with using SMILES
strings is the inevitability to double count similar chemical motifs. For example, if organic SBU
#140 is present in a structure, organic SBU #2 will also be found every time. This is because the
SMILES string for organic SBU #140, c4ccc(c3ccc(c2ccc(cleccccl)cc2)celd)ccd, contains the
SMILES string for organic SBU #2 c2ccc(clcccccl)cc2 (shown in bold). Similarly for functional

groups, if a MOF contained an ethyl group, it would also contain a methyl group. Overlooking
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this issue would undermine the goal is the project, which is to rename each structure accurately
according to the corresponding chemical motifs. Furthermore, the double counting would
drastically inflate the number of some SBUs in the database, thus reducing the reliability of the
naming convention.

There are two reasonable strategies for dealing with this double counting.

1. Explicitly defining every hydrogen atom when possible. Hydrogen are generally not
included in SMILES string; it is assumed that the charges are neutral unless specified
otherwise, however, they can be explicitly added. For example, without adding hydrogen
labels, naphthalene’s (c2ccclccceclc2) SMILES string contains a benzene (clcccecl)
SMILES string By adding every hydrogen where applicable, the SMILES strings for
benzene becomes [H]clc([H])c([H])c([H])c([H])c1[H], which is not present in the
naphthalene SMILES strings [H]c2c([H])c([H])c1lc([H])c([HDe([H]D)c([H])clc2[H]

2. There are some organic groups that do not have convenient hydrogen that can be used to
differentiate between them and other groups. The most common example for this is
alkyne SBUs, like #5, C#C, and #6, C#Cclccc(C#C)ccl. There is no way to distinguish
between them by specifying hydrogen bonds as there are no suitable locations, thus the
best method would be to ensure that when SBU #6 is detected, SBU #5 is not counted.
However, this can be quite challenging as every SBU must be mapped against every
other similar SBUs to ensure no double counting is occurring. For example, the SMILES

string for SBU #5 is present in 16 other organic SBUs.
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Once finished, the structures could be renamed using the same naming convention used
by Boyd, as described previously. With the structures renamed, geometrical analysis of the

database was done.

3.5 ldentification of chemically incorrect structures

Another benefit of using SMILES strings was the ability to identify structures with
chemically ambiguous configurations, as shown in Fig 3.8. The benzene rings in this case have
lost their aromaticity and are significantly distorted resulting in strange bonding patterns, which
can happen upon optimizing the structure. Thus, when searching for organic SBU 26 with the
SMILES string ‘C(=C\clccceel)/c2ccccc2’ no matching strings would be identified as the rings

are no longer aromatic (and would therefore have upper case ‘C’ labelling).

Figure 3.8 Example of highly deformed rings in a MOF.

However, this is not enough to categorize a structure as incorrect since the only
information obtained is the lack of SBU 26. Furthermore, unless the MOF was built using only
SBU 26 as its organic SBUs (which is possible), the SMILES string algorithm would still detect
other organic SBUs in the structure. For example, if a structure contained SBU 26 (distorted) and
any other SBU, say SBU 105, the algorithm would detect SBU 105, and no mistake would be

identified. Fortunately, there are no other organic SBUs with the SMILES string ‘CICCNCC1’
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(corresponding to a non-aromatic carbon ring with one nitrogen) and so, to identify all structures
with this deformity, the code was modified to search for this chemical motif. If the SMILES
string was found, the structure could then be removed from the database.

Furthermore, structures with chemically invalid bonding/missing hydrogen were
identified using the CSD Python API’s ‘add hydrogen’ function, which generates hydrogen in
locations deemed necessary based on bond connectivity. This function, in conjunction with the
molecular weight function, can easily identify structures that are missing hydrogen. By taking
the molecular weight of the structure, then using the add_hydrogen function and taking the
molecular weight again, the chemically invalid structures can be identified if the weights are
different. This test is extremely fast and reliable and was able to identify over 30,000 structures

with chemically invalid bonds/missing hydrogen.

3.6 Geometric characterization of a MOF database

Various geometrical features were generated from using Zeo++,%>% an open source
software for performing geometry-based analysis of porous materials. The calculated properties
include cell volume, accessible surface area (ASA), accessible volume (AV), volumetric surface
area, as well as the diameters for the largest included sphere (Di) also known as largest cavity
diameter (LCD), the largest free sphere (Df), also known as pore limiting diameter (PLD), and
the largest included sphere along the free path (Dif). The accessible surface area (ASA), as firstly
described by Lee and Richards,*? represents the area along the atomic surface a spherical probe
with radius R can navigate without penetrating any other atoms. Similarly, the accessible volume
(AV) is the volume that is accessible by the center of a probe.®® The size of the probe can be
changed depending on what application is being investigated. For example, for CO2 adsorption

properties a probe size of 1.65 A is often used as this is the kinetic diameter (effective size and
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based on the mean free path in the gas phase) of CO2. ASA and AV often play a crucial role in
CCS as various studies have demonstrated that high pressure gravimetric gas storage capacities
are directly proportional pore volumes and/or surface areas.>**

Gravimetric and Volumetric Surface area are measures of the surface area per weight and
volume, respectively. These metrics offer a practical evaluation of a given structure as finding
MOFs that are smaller and lighter but still have a high surface area are much more convenient

and cheaper to implement than larger and heavier structures. It is therefore often best to find the

optimal trade-off between adsorption properties and volume/size.%

Figure 3.9 Difference between largest probe size (Ds), largest accessible cavity size (Dif) and
largest cavity (Di).

As shown in Fig 3.9, the largest included sphere, Di, measures the size of the largest cavity
in a porous material. The largest free sphere, Ds, represents the largest probe that can diffuse
through the structure and the largest included sphere along the free path, Dis, is the largest cavity
accessible along the path described by Ds. Pore size is another important feature for gas
adsorption properties as having too large pores will cause guests to pass through and too small
will be too restricting.

The importance of optimizing the properties mentioned previously is excellently described
by Liu et al.3where they analyzed 8 isoreticular MOFs and showed a 94% CO; adsorption

increase by simply varying the pore size.
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3.7 Results

In this work, all properties were calculated with a probe size of 1.2 A. These properties

include void fraction, accessible volume per weight, accessible volume per unit cell, volumetric

and gravimetric surface area. The probe radius of 1.2 A is frequently used in literature as it is the

smallest chemically relevant length, making it important when describing porosity in a large

dataset. Alternatively, probe radii of 1.82 A, corresponding to N, and 1.65 A, corresponding to

CO2, can also be used when characterizing MOF porosity for specific applications. The results

of geometrical properties of the database are shown in Fig 3.10.
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Furthermore, using the cleaned-up filenames, the database can also be screened for

topological and SBU diversity,

as shown in Fig 3.11
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Figure 3.11 Distribution of the most common (left) metal SBUs and (right) topologies in the BW
database

3.8 Conclusions

As the interest in metal-organic frameworks continues to grow, MOF databases become
larger and more varied. As such, being able to organise and classify the structures in the
databases in a simple yet effective manner is crucial. In this chapter, the CSD Python API and
SMILES strings were used to characterize the BW MOF database, containing over 300,000
computationally generated MOFs. The analysis of the resulting SMILES strings yielded valuable
information regarding the geometrical distribution of various properties in the BW MOF
database. More importantly, the CSD Python APl and SMILES strings were used to identify over
30,000 structures which contained either deformities and/or missing hydrogen. This method

provides a good test for quickly filtering out chemically invalid structures.
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4 Generating DFT charges for a MOF database

4.1 Abstract

This work discusses the screening of a hypothetical MOF database to obtain DFT-derived
partial atomic charges. The DFT calculations are computed using the Vienna Ab initio
Simulation Package (VASP)'* and the partial atomic charges were derived from the DFT
electrostatic potential using the REPEAT method. The database contains over 300,000 structures
with a variety of topologies, as well as several thousand MOFs from the experimentally derived
CoRE database. The distributions of the REPEAT charges are compared to the Split Charge
Equilibrium (SQE) charges (discussed in section 2.5.4). Lastly, a simple machine learning model
is developed to demonstrate relationships between geometrical features and CO2/N2 selectivity in

MOFs.

4.2 Introduction

With the rapid rise of CO2 concentrations in the atmosphere, and climate change becoming
one of the primary problems faced by our generation, scientists have continuously searched for
innovative solutions. The main source of greenhouse gases (GHGSs) emissions comes from the
burning of fossil fuel for heat and electricity production, transportation, and industrial processes.
Several strategies have been proposed to reduce GHG emissions such as renewable energy
sources, increased energy system efficiency, and implementation of carbon capture and storage
(CCS). > © Currently, the CCS technology is too costly, as the process requires high temperatures
(120-180 °C) thus reducing the electrical output of power plants with CCS technology by more
than 30%." As such, significant research has been done to find an alternative material that would
make the overall process more feasible. Same of the more promising candidates for CCS

applications are known as metal organic frameworks (MOFs), which are solid, nanoporous
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materials which have shown several advantageous properties for CCS. Due to their high surface
areas and pore volumes, they are ideal for CCS implementation. MOFs span a wide range of
structures but can generally be described as porous structures composed of metal nodes
connected by organic linkers, also called structural building units (SBUs). Since SBUs describe a
wide variety of chemical motifs, which can be combined in different ways, the chemical space
spanned by MOFs is enormous.®® Therefore, conventional experimental approaches are
considered too slow and many research groups have turned to computational methods to generate
hypothetical structures in the hopes of identifying promising structures for CCS.2% With the
advancement of computational power, studies have been able to screen hundreds of thousands of
hypothetical structures relatively quickly. To access the properties the structures during the
screening, computational methods, such as Grand Canonical Monte Carlo (GCMC) simulations,
are frequently used. 2 Briefly, MC simulations observe a guest particle, such as CO2 or CHa,
interacting with a frozen framework (MOF). This particle can then be moved, rotated, or
translated and each time it does this, the various forces and interactions between the particle and
the framework are calculated. This process is repeated many times (100000-10000000) to create
a simulation of the particle interacting with the framework. When combined with a grand
canonical (GC) scheme, two other steps are added; insertion, where a guest particle is introduced
in the system, and deletion, where a guest particle is removed from the system. Using these five
actions, as well as various acceptance criteria discussed in section 2.1, a GCMC can sample a
grand canonical ensemble. The only information required to perform a GCMC calculations are
atomic positions and partial charges of the MOF framework. The atomic positions of the
framework can be obtained from either experiments, or by using a construction algorithm to

make hypothetical MOFs. For the atomic partial charges, several methods are detailed in chapter
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2 which use pre-defined parameterized values or electrostatic potentials to fit the charges.
Historically, due to the restriction of computational power, large-scale screening studies would
often rely on lower level, less accurate methods for generating partial charges. It is also a
common and reliable strategy to first screen many structures with low-cost methods and then

further investigate potential candidates using higher level methods.

4.3 Methods

The database, referred to as the Boyd-Woo (BW) database, screened in this study was
developed by Boyd. et al. using the ToBasCCo algorithm%3, a detailed explanation is provided
in section 3.3. The algorithm used 28 inorganic and 164 organic SBUs, 50 functional groups, as
well as 1166 underlying topologies to generate a chemically and topologically diverse set of
325,000 hypothetical structures. Periodic density functional theory (DFT) calculations were
performed on most MOFs using the VASP package with the Perdew-Burke-Ernzerhof (PEB)
functional and the Project Augmented-Wave (PAW)® method. The input files for the VASP
calculations, namely the INCAR, POTCAR, KPOINTS, and POSCAR files, were generated
using a code developed in-house. The VASP calculation produced a LOCPOT file which
contains the electrostatic potential used by the REPEAT method to generate the DFT-derived
partial atomic charges, also called REPEAT charges. Due to the high computing demands of
DFT calculations, Compute Canada resources were used to accelerate the screening process.

The resulting REPEAT charges were compared to split charge equilibrium (SQE) charges,
discussed in section 2.5.4, which were already available in the BW database. For SQE, some of
the properties, such as atomic hardness and electronegativity, are parameterized, reducing the
computational cost as well as the accuracy. REPEAT uses the electrostatic potential generated

from density functional theory (DFT) calculations to fit the partial atomic charges. While
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generating DFT-derived ESPs is extremely computationally expensive (especially for large
structures like MOFs), the resulting partial atomic charges are significantly more accurate than
those generated from parameterized methods. Furthermore, since the partial atomic charges are
required as inputs for simulations, the accuracy of the charges has a significant effect on
adsorption values.

For both the REPEAT and SQE charges, the CO2/N: selectivity simulations were
performed using a temperature of 298K and pressure of 0.15 bar.

A Gradient Boosted Decision Tree (GBDT) model is used to find relationships between the
geometric features; cell volume, accessible surface area (ASA), accessible volume (AV), largest
included sphere (LIP), largest free sphere (LFP), and largest accessible sphere (LAF) and the
target: CO2/N> selectivity. A decision tree (DT) is a machine learning model that is created by
making decisions based on the presented features. For example, when trying to figure out the
CO2/Nz selectivity of a structure, the decision tree will use the values of the geometrical features
(LFP, AV, etc.,) to generate a result. Using the training set (contains data for both the
geometrical feature and the CO2/N: selectivity) the model will be able to determine which
geometrical features are most important when predicting CO2/N; selectivity. The model can be
further improved by gradient boosting the decision tree, resulting in a GBDT. Gradient boosting
simply means tunning the hyperparameters (the parameters that define the model) to generate the
best model (usually evaluated using an R test).

The model presented here used a 70:10:20 train-development-test split on 275,000 structures
from the BW database. A grid search of the hyperparameters was conducted using the training

set (n=192,500) to generate the models. The development set (n=27,500) was used to evaluate
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each model generated from the training set. Finally, the best model (i.e. best combination of

hyperparameters) is evaluated by the test set (n=55,000).

Table 4.1 Hyperparameters used in the development of the GBDT model and their
associated tunning range to generate the search grid.

Hyperparameter

Tuning Range

Description

Loss

None

Function to be optimized

Learning_rate

[0.02,0.04,0.06,0.08,0.1]

Adjust learning speed of
model

N_estimator [100,200,300,400] Number of trees to be used
Max depth [3,10,20] Maximum_ number of
nodes in a tree
_ _ The minimum samples
Min_sample_split [2,5] required to split an internal

node

The table shows all the different hyperparameter values used to generate the search grid,

which contain 120 grid points to be evaluated.

4.4 Results

The REPEAT charges were compared to SQE charges, as shown in Fig 4.1, for common

atoms from the same database of MOFs. The plots are kernel density estimate (KDE) plots,

which represent the data using a continuous probability density curve, analogous to a histogram.

As expected, the distribution of charges for REPEAT values is more spread out than the

parameterized SQE charges. Furthermore, while there is generally good agreement between the

two methods in the case of nitrogen, sulfur, hydrogen and carbon, there are significant

differences in values for zinc and oxygen values.
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Figure 4.1 DFT (blue) and SQE (red) charge distributions in the BW MOF database for a)
hydrogen (n=20,780,592), b) carbon (n=37,741,379), c) sulfur (n=132,885), d) nitrogen
(n=2,086,161), e) oxygen (n=1,0789,833), f) zinc (n=713,898)

The CO2/N2 selectivity was also calculated for every structure using SQE and DFT
charges, as shown in Fig 4.2. There is a good correlation, r? = 0.96, between SQE (y-axis) and
DFT (x-axis) values, although SQE values are more localized due to the high parameterized
nature of the method. The colors show the number of MOFs at certain values, where induvial
structures are shown in purple while values corresponding to many structures are shown in green
to yellow. As shown in the figure, most MOFs have value low selectivity (in the 0-100 range for

both methods).
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Figure 4.2 CO2/N: selectivity generated from SQE charges (y axis) and REPEAT charges (x
axis), n=300,000

The database, now equipped with REPEAT charges, is a useful tool for those interested

in performing high-level machine learning as it provides a large and diverse set of structures.

4.4.1 Developing a machine learning model
As proof of concept, a gradient boosted decision tree model is developed to investigate the
relationship between the previously discussed geometrical features and the CO2/N>
selectivity generated from the REPEAT charges. From the grid search, the optimized
values for hyperparameters are a learning rate of 0.08, and max depth of 10, an n_estimator
of 300, and a min samples split of 5. The resulting combination is tested on the test set
resulting in an r? value of 0.95, suggesting a strong correlation between some, or all, the
geometric features and CO2/N> selectivity in the MOFs. To obtain a better understanding
of which geometric feature most heavily impacts selectivity values in this model, a feature

importance plot can be created.
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Figure 4.3 Relative importance of geometrical features on the GBDT model for predicting
CO2/N2 selectivity. CV = Cell Volume, LAS, largest accessible sphere, LFS, largest free sphere,
ASA = accessible surface area, LIS = largest included sphere and AV = accessible volume,

From the feature importance plot, the biggest contributor to CO2/N> selectivity is the
accessible volume (AV). Therefore, according to the model, when searching for structures with
high CO2/N2 selectivity, this geometrical feature will most likely significantly affect the values.
As mentioned in Chapter 2, the relative importance of these geometrical features can change

significantly when predicting adsorption properties for different gases (such as CO2/H>).

4.5 Conclusion

In this chapter, DFT-derived partial atomic charges were generated for each structure in the
BW Database. The CO; selectivity was then computed using the REPEAT charges and was
compared to previously generated SQE CO selectivity data. A good agreement, r?=0.96, was
found between the two methods, confirming the robustness of the SQE method in various

environments. The atom specific charges were also compared for the two methods. For carbon,



sulfur, hydrogen, and nitrogen there was good agreement. There was a significant difference
between the SQE and DFT values for Zinc. The database, now equipped with REPEAT charges,

is a useful tool for those interested in performing high-level machine learning as it provides a

large and diverse set of structures.
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5 Conclusions

5.1 Summary

This thesis discussed two projects in the field of computational MOF research, primarily
focused on data management and structure discovery. Chapter 3 focused on renaming the Boyd-
Woo (BW) database, which was created by Boyd et al.»2 using the structure building
ToBasCCO? program, resulting in a topologically diverse set of 325,000 hypothetical
frameworks built from a wide variety of metal and organic SBUs. The database had previously
established itself as a powerful tool generating machine learning MOF models and MOF
discovery. However, due to the inconsistency in the naming convention, relating SBUs and
topologies to various geometrical characteristics proved to be an issue. The incorrect naming also
made it more difficult to have a good representation of the structural and chemical diversity of
the dataset. Therefore, the motivation of this project was to use SMILES strings to rename each
structure more appropriately, such that each filename would accurately describe the organic and
metal SBUs, as well as the topology of the MOF. The database was then screened for many
geometrical characteristics including, pore size properties, density, gravimetric surface area,
volumetric surface area, and volume fraction.

Chapter 4 discussed the generation of REPEAT charges for the structures in the BW
database. The motivation for doing this was to produce highly accurate DFT-derived partial
atomic charges which could be used for a wide variety of applications, most notably generating
machine learning models and high level GCMC calculations. The accuracy of the SQE CO-
selectivity data was compared to the ‘true’ values generated using REPEAT charges and it was
found that there was good agreement between the two. Furthermore, a simple machine learning

gradient boosted decision tree model was developed to investigate any relationships between
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various geometrical features and CO2/N2 selectivity. It was found that, according to the model,
largest free sphere, accessible volume, and largest included sphere all have a significant impact

on selectivity values.

5.2 Future Work

In chapter 3, a strategy for screening structures with missing atoms using SMILES strings
was discussed. As more structures are added to the BW database, generating an algorithm to run
frequent ‘cleanup’ of the database could be worthwhile to ensure consistent data format.
The REPEAT charges generated for the BW database in chapter 4 can prove useful for
developing machine learning algorithm as it provides charges originating form a variety of
chemical environments. While the machine learning model presented in this work provided some
insight, more complex models could be developed to obtain a better understanding of the

relationship between geometrical features and other gas adsorption properties.

92



5.3 References

1.

Boyd PG. Computational High Throughput Screening of Metal Organic Frameworks for
Carbon Dioxide Capture and Storage Applications. Published online 2016.

Boyd PG, Chidambaram A, Garcia-Diez E, et al. Data-driven design of metal-organic
frameworks for wet flue gas CO2 capture. Nature. Published online 2019.
d0i:10.1038/s41586-019-1798-7

Boyd PG, Woo TK. A generalized method for constructing hypothetical nanoporous

materials of any net topology from graph theory. CrystEngComm. Published online 2016.
d0i:10.1039/c6ce00407e

93



