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Abstract

Metal organic frameworks (MOFs) are a class of nanoporous materials composed
through selassembly of inorganic and organic structural building units (SBUs). Msbbw
great promise for many applications due to their retwedking internal surface areasd
tunable pore chemistry. This thesis work focuses on gas separation applications of MOFs in the
context of carbon capture and storage (CCS) technologies. @G&olegies areexpected to

play a key role in the mitigation of anthropogenicx&missions in the near future.

In the first part of the thesis, robustachine learning quantitative structymeperty
relationship (QSPR) modelare developedo predict CO, working capacity andCOx/H>
selectivity for precombustion carbon captutesingthe most topologically diverse database of
hypothetical MOF structures constructed to date (358,400 MOFs, 1166 network topolduges).
suppat vector regression (SVR)odelsare developed onteaaining set of 35,840 MOFs (10% of
the database) andilidated orthe remaining322,560MOFs. The most accurateodels forCO;
working capacities (R= 0.944) andCOy/H: selectivities (R = 0.876) are built from a
combination ofsix geanetric descriptors and thremvel yrange normalized atomigroperty
weighted radial distribution functiofAP-RDF) descriptors309 common MOFsre identified
between thegrand canonical Monte CarldGCMC) calculated and SVHpredictedtop-1000
high-performing MOFs ranked according ta normalized adsorbent performance score
® 0 Y . This work shows that SVR models can indeed account for the topological diversity

exhibited by MOFs.

In the second project of this thesis, compatal simulations are performed on a MOF,
CALF-20, to examine its chemical and physical properties which are linked to its exceptional
waterresisting ability. We predict thatomic positions in therystal structure of the bulk phase
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of CALF-20, for which only a powder Xray diffraction patterms available, from a single crystal

X-ray diffraction patternof a metastable phase of CAIZ0. Using the predicted CALR0
structure, wesimulate adsorption isotherms o0, and N under dry and humid conditions

which are in excellent agreement with experiment. Snapshots of the-@ALRdergoing water
sorption simulations reveal that water molecules in a given pore adsorb and desorb together due
to hydrogen bonding. Binding sitesdabinding energies of GCand water in CALF20 show

that the preferential COuptake at low relative humidities is driven by the stronger binding
energy of CQin the MOF, and the sharp increase in water uptake at higher relative humidities is

driven by he strong intermolecular interactions between water.

In the third project of this thesis, we use computational simulations to investigate the
effects of residual solvent on 8 P M &4 and N adsorption properties. Single crystairay
diffraction data Bows that there are two sets of positions (Set 1 and 2) that can be occupied by
the 10 residual DMSO molecules in the BPM framework. GCMGsimulations ofCHs and N2
uptakein Ni-BPM reveal thatCH4 uptake is in closest agreement with experiment wherd@he
DMSO6s are placed among the two sets of posi:t
prediction and ovepredictionof CHupt ake are observed when the I
and Set 2 positions, respectively. Through binding site analysi€Hh&inding sites within the
Ni-BPM framework are found to overlap with the Set 1 DMSO positions but not with the Set 2
DMSO positions which explains the deviationgdHls uptake observed for these cases. Binding
energy calculations reveal th@Hs molecd es ar e most stabilized whe

Mixed Set of positions.
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1 Introduction

1.1 Carbon Capturand Storage (CCS)

Since the beginning of the industrial age in the 1750s,sthadily increasingCO
concentrations in the atmosphere has caused global temperatures to ismatedchange to
occurl3 If no effort is made to reduce the amount of anthropogenigeC@i s si ons, t he
ecology will face dire consequences in the next 100 y®atsas surface temperatures rising by
2°C,* sea levels rising bg0 cm® and mass extinction of aquatic lifeTherefore, strategies to
reduce C@emissions are urgently reged in order to mitigate climate change.

The largest source @O, emissions are codired power plants which represent 44% of
the total 31.2 Gt/year anthropoge®, emissions. Although it isdesirable to ultimately move
away from the use of fossil fuels in favour of clean energy sources such as hydrogen fuel and
solar energy, this transition is expected to take some time. Givéovileost and abundance of
coal, it will inevitably continue to be a major energy source for decades to torfaet, the
increasing rate of global energy consumption suggests that the use of coal will increase to 21.9
trillion kWAh 07w a2 @25 off r drh & BisdndicatdsIthatapturing WA h .
CO, from coalfired power plants is key to reducirapthropogenidCO, emissions, and such
technologywill continue to be relevant in the coming decadesil the switch to renewable
energy is made.

Carbon capture and storage (CCS3 ierm that encompaes technologies for capturing
CO, from point sources in relatively pure form and storing it permanently deep underground. It
has been estimated that £@missions could be reduced by-80% for a modern power plant

that is equipped with a suitable CCS technold@ie three main strategies of CCS inclyst



combustion'® pre-combustiont! and oxyfuel combustio®? carbon capturePostcombustion
carbon captxe involves burning coal in air amdmovingCO; from the resulting flue gashich
is a N dominant streamontainng CO; in concentrations of-35%v/v. This separation must be
carried out at atmospheric pressure and temperatheesecond method, poembustion carbon
capture involves gasifying coal at high temperatures and pressures prior to combastion
producingsynthesis gassynga$ composed of CO and-HSyngas then undergoes a wajas
shift reaction to produce @#%0 mixture of COz/H2. This mixture is at a high pressure of 40 bar
which permits an easier separatiorGgd, from H,, leavingpure, clean burninglz to be burned
to produce electricity. Lastly, oxfpiel carbon capture involves burning coal in a mixture of pure
O2 (generatedrbm air) andCO,. This combustion generates®andCO» as byproducts which
are relatively easy to separate in a condenser.

The main barrier to the realization of these CCS technologies is their high cost. In terms
of the cost breakdown, 70% of the overast of CCS is attributed to the capturing of QiDe
to the energy intensive regeneration of the sorbent matehi@lréimaining 30%f the cost is for
pressurization and underground storag€@b. Therefore, in order to lower the cost of CCS, it
is citical to develop transformative CGOcapture materials that offer energfficient
regeneration. This thesis work includes projects relat¢de first two methods, pesbmbustion
and precombustion carbon capture, hence they will discussed furthem the following
sections The third project of this thesis touches on coal mine methane purification, which is a
strategy for reducing methane emissions from coal mines. An introduction to coal mine methane

purification will be provided in Chapter 5.

1.1.1PostcombustionCarbon Capture

The most studied method of carbon capture is-postbustion carbon capture because it



can be retrditted to existing power plants whereas the two other methods;gonbustion and
oxy-fuel combustion carbon capture, requestirely new power plants to be built. For this
reason, postombustion carbon capture is at a more advanced stage in its research and
development, and the majority of the pilot scale plants equipped with CCS technology are using
postcombustion captur®. The first full-scalecoakburning power plant retrditted with CCS
technology is in Saskatchewan and it has been in opesatioa 2014.

The most commonpostcombustion carbon capture proceswolves an adsorber
apparatus composed of large columns of sorbent material through which flue gasTikefed.
material selectively trapS0O, from the gas stream and other gases (maik)yflow through the
unit. Theselective capture of Gy thesorbent materiabccursvia one of two methodg1) by
forming chemical bonds (absorption) @) through physical interactions (adsorptionhenthe
material containingc O, will undergo a rgeneration process where various pressures are applied
to recover the sorbent material for further adsorption/desorption cyridghe purifiedCO; is
extracted for pressurization and storage. The quanti§Qafrecovered as well as its purity will
depend on the adsorbent material as well as the adsorption/desorption conditions.

Currently, the statef-art technology forCO, capture involves using aqueous alkanol
amines which trap€O, from a gas mixture viachemisorptiveformation of NC bonded
carbamate specigé This process has been widely useaiher CO, capture applications, such
as methane purification froi80; rich natural gas reservoif$ however the large amounts of
heat requiredo regenerate the aqueous amine solution by breaking-tbec&fbamate bond is
too costly for postombustion carbon capture. To get a numerical sense of the energy
requirements associated with this problem, if the most commonly used aqueous amine, mono

ethanolamine (MEA), were to be used for posmbustion carbon capture, its regeneration will



consume up to 30% of the total energy production of the plant. This means 30% more coal must
be burned in order to produce the same amount of etieagyvasprodiced by the planbefore
carbon capturgvas implementedt is expected for chon capture to come with a cosgwever,
the current cost suggested by the US Department of Energy (DOE) to maintain a profitable
energy plan with CC$ the 20202025 timeframas less than $4QSD/tonCQ,*® while the use
of liquid amines would resuih at bes$4550 USD/ton!'%16

The significant cost associatedthlivthe regeneration of adsorbent material provides an
opportunity for research to find alternative materials that require less energy to regenerate. Many
of the novel materials being investigatae solid nanporous materials that selectively uptake
CQO, via physical adsorption. There are three key advastémeusing solid sorbents over
aqueous amines. First, the strength of interaction betw&®nto a solid sorbent is typically
much less than that @O, to aqueous amine (2040 kJ/mol vs. 90 kJ/mdbr aqueous amines)
which makes it significantly easier to remo@O, from the sorbent during regeneration.
Secondly, the heat capacity of solid sorbents are much lower than aqueous amines (< 1 vs. ~4
J AM Y which means the significant energy loss coming from heating the sorbent can be
avoided by using solid sorbents. Las8glid sorbents are necorrosive and much less prone to
degadation compared to liquid amines which are highly corrosive and experience substantial
loss of amines as they degrade due to their reactive #&t&i@0; interacts with solid sorbents
in a reversible manner, which allows for iars desorption processes to tyetimized with
respect to energy consumption.

The varous methods ofdesorbing gas from solid sorbentmclude lowering of the
pressure via a pressure swing adsorption (FSAgising the tempature via temperature swing

adsorption (TSA) and using a combination of the two in a tempesptassure swing adsorption



(TPSA) procesé! 23 These gas separation processes are relatively mature as they have been used
for decades in purifying methane extracted from underground sources. Maus poaterials

have been proposed as possiBI®; scrubbers in these processes, namely zedfitastivated
carbong?® and Metal Organic Frameworks (MOF)&ne techneeconomic study suggests thft i

a materiakcanremove 4 mmoCQO,/g sorbent at each regeneration cycle and ads@gover Nb

at ratios > 150, it would be possible to reduce the cost of CCS tohiass$80 / tonCO»
removed® From the list of candidate namorous materials giverzeolites do not operate under
humid conditions required fggostcombustion carbon capture and activated carbons do not have
sufficient selectivity for C@over N..? MOFson the other hanshow great promiseue totheir

tunable nature which gives rise to a wide range of properties. A detailed description of MOFs

can be found irsection 1.2

1.1.2Precombustion Carbon Capture

Recent studies have proposed-poenbustion C@capture as a more efficient alternative
to the poscombustion scheme for two reasons: 1) the ratio of @@he gas from which it is
being captured is higher than in flue gas (40 % vs. 15 % in flue gas) and 2) the total pressure of
the gas mixture is also much higher than flue gas (40 bar vs. 3’ Barth of these factors favor

the more efficient adsorption of G@ the nanoporous nexial.

Precombustion C@ capture is a technology applicable to the integrated gasification
combined cycle (IGCC). In an IGCC plant, fuel is gasified in pusedQyield synthesis gas
(syngas) primarily composed of CO aH@O, as well as smaller amoura$ CO,, H2, H2S and
particulates. Once cooled and particulates are removed, syngas undergoes catalytic steam

reforming which shifts the ratio of the gases to approximately 40 %a@® 60 %H.28 From



this mixture, CQis captured and the puke is combustedH>S, which makes up about 1 % of

this mixture, is often omitted when materials are screened felHz®eparatiort?

Due to the potentially more promising nature of-poenbustion carbon capture over
postcombustion capture, an IGCC system equipped with €pture has been an attractive
topic of research. Field et al. has published a Baseline Flowsheet Model for IGCC with carbon
capture which serves as a reference for researchers looking to improve the efficiency of this
process?® This model uses current, commercially available technologies and the cost of pre
combustion carbon capture comes out to about $60/tonne pfvGiCh is $20 over the target set
by the US Department of Energy (DOE) which is $40/tonne of €®he current technology for
capturing CQ from shifted syngas ia physical solvent by the commercial name of Selexol, a
mixture of dimethyl ethers of polyethylene glyéblAlthough there are advantages to using
Selexol, suchas its relatively low toxicity, its ability to adsotd>S as well as C¢ and its
physical nature that allows for a less energy intensive desorption process compared to chemical
sorbents such as liquid amines, the adsorption capacity of Sedaetativelylow.3! In order to
operate at high efficiencies, pressure needs to be raised significantly to a maximum of 140 bar

which ultimately makes the usé $elexoltoo energy intensivé?

If a physical sorbent such as MOFs could be used in place Selexol to perfork CO
separation, the overall energetic cost foClGwith CQ capture may be reduced and the DOE
target of $40/tonne of CQraptured may be achieved. The potential energy savings come from
the significantly milder conditions at which MOFs would be used to carry out the separations.
The standard conditions specified in literature for performing/E£separation using the PSA

system are 40 bar (adsorption) and 1 bar (desorption) at 3313 K.



1.2 Metal-Organic Frameworks (MOFs)

MOFs are arelatively new class of crystalline porous materials composed of metal
containing nodes linkedby organic bridging ligands. Since their first introduction to the
scientific community in the early 1990s, the field of MOFs has quickly developed into one of the
most prolific areas of research amemistry and material scient&he key characteristics of
MOFs include ultrahigh porosity (up to 90% free volume), redwedking internal surfacareas
extending beyond 6000 #g, and remarkabléunability of its pores both in terms of siaed
chemistry?¥3® These characteristicaake MOFs a promising class of materials for a wide range
of applications includingas capturé! gas sparatior® and heterogeneous cataly$is.

The inorganic and oemic constituents thanake upa MOF are calledsecondary or
structural building units (SBU$Y*! Each organic SBU has multiple coordination sitdwing
for polymerictype growth in three dimensions. MOfese genally in the form of highly
symmetric crystalline lattices, and upon evacuation of solvent, they possess pores on the
nanometer scale. For a given MOF, its atomic structures can be abstracted to a series of vertices
and edgedo revealits underlying threelimensional pattern, commonly referred to as the
network topology of the materidfigure 1.1 shows the inorganic and organic SBUs of a widely
studied MOF, MOF5, and the abstraction of its underlying primitive cubic lattice (pcu) network
topology. Additimal examples of network topologies are given in Figure 1.2. The structural and
chemical tunability of MOFs come from the near infinite possible combinations of the SBUs as
well as the extensive range of network topologies (>1000). Furthermore, the @gdssccan
be modified by adding functional groups to fitume the surface chemistry of the pores. The
structural variability of MOFs gives rise to a wide range of properties, and the ability to tune

these properties makes MOFs uniquecomparison to tratbnal porous materials such as



zeolites and activated carbon.

ﬂ@r‘#m

Inorganic and Primitive cubic lattice
. . SBUs
organic units (pcu net)

Figure 1.1: a) The components of MG¥ showing the abstraction of the s0(-CO,)s SBU as
an octahedron, the ditopierephthalate linker as a rod and their assembly into the pcu network
topology. b) MOF5 shown through the {100} plane.

srs-a nbo-a dia-a

pcu-a bcu-a

Figure 1.2: Examples of network topologies.



Close to 70,000MOFs have been synthesized to date and their atomic coordinates have
been deposited to the Cambridge Structural Datafia2SB) The most ugo-date report on the
database informs that only 12% of the MOFs in the database (8388 MOFs) are*p@olys.
the porous MOFs have the potential to be used for various applications including gas separation,
and this statistic shows that it is rather challenging to synthesize lthisrknown that pores of a
MOF often collapses upon removal of solvent molecules and this is especially true fqrdeege
MOFs® Although thousands of MOFs may seeniof these MOFs only represent a tiny
fraction of MOFs that can be synthesized given the possible combinations of organic and
inorganic SBUs and the underlying network topology. In 2012, Wilmer et al. used a
computational approach to generate 137,953 tingtical MOFs from a library of 102 SBUS.

These SBUs were derived from crystallographic data of &resgnthesized MOFs and they
were recombined based on existing network topologies of MOFs. By generating hypothetical
MOF structures and simulating their performance for a given application, a much greater search
space of MOFs can be screened for candidaéerials. Once the best candidates have been
identified, they can be suggested to synthetic chemists as target materials. Furthermore,
screening hypothetical MOF databases can reveal strymtoperty relationships such as the
clear linear relationshipetween volumetric methane adsorption of a MOF and its volumetric
surface area. This relationship does not exist between volumetric methane adsorption and
gravimetric surface area of a MOF which is a valuable insight given that a common strategy in

MOF deggn is to maximize gravimetric surface area.

Although the hypothetical MOF database developed by Wilmer et al. undoubtedly
advanced MOF research, the structural diversity of the MOFs generated was limited due to the

derivation of SBUs from already exisgf MOFs to form known crystal structures. Recently, the



Woo group generated a new database of hypothetical MOF structures using a graph theoretical
approach* This aproach enabled the generation of topologies which had never been observed

in synthesized MOFs, and thus the database became biefandst topologically diverse
databaseonstructedo date(~6 vs. >1100 topologiesfurthermore, a larger number of SBUs

were used for the creation of this database (102 vs. >Zo@plogical diversity is a crucial
component of a hypothetical MOF database that accurately represents the actual search space of
MOF s , because the same combi nateiused to oohstructe t a |
upwardsof hundreds of MOFs which differ only by topologhhis new database is used for the

work conducted in Chapter 3 of this thesis.

1.3 Evaluating MOFs for CCS Applications

Considering the PSA process for gas separation, the performance of a MOF is evaluated
based on two key factors: (1) working capacity, which is the amount of the gas of interest
adsorbed at the working pressures and (2) selectivity for the gas of intezesh® other gas
component(s) present in the mixture. In addition to these two factors, the structural and chemical
stability of a MOF is key to its viability in an industrial setting. The following subsections will
provide descriptions of these factorkieh need to be considered when implementing a MOF in

a PSA unit.

1.3.1Working capacity

Gas adsorption properties of a porous material are typically examined by measuring a gas
adsorption isother m, as shown in Fidgeiaie 1. 3.
exposed to various partial pressures of a given gas at a fixed temperature, and the equilibrium

amount of gas adsorbed by the material is measured. Figure 1.3 shows an adsorption isotherm
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where the amount of G@dsorbed by the materials is péut as a function of the partial pressure

of COp. The partial pressure of G@t which it is adsorbed is indicated by a closed circle and the

partial pressure of C{at which it is desorbed from the material is indicated by an open circle.

During the desaqition, some gas will remain in the framework. The difference in the amount of

CO, adsorbed by the material at the adsorption pressure and the amountren@ing in the
materi al at the desorption pwokkiagscapady, andstisdef i n e

commonly expressed in the units of millimoles of Qs@r gram of material (mmol/g).

PSA Adsorption

Aq (PSA)

PSA Desorption

CO, adsorption (mmol/g)

|
1 |
0.4 CO, pressure (bar) 16

Figure 1.3: Adsorption isotherm of COin a MOF. The closed circle represents the uptake of
CO; at the CQ partial pressure relevant to ptembustion carbon capture, while the open one
represents the upt ak enrepresed the Gleoskiogcppadityon condi t

Working capacity is a key indicator of MOF performance because it dictates the amount
of MOF required in the adsorbent bed for a PSA process. If a MOF has high working capacity,
less of it is needed, and results in reduced capital and operation cost azrltoa capture
process. It should be noted that only singdenponent gas adsorption isotherm can be measured

experimentally. For a gas mixture, only the total gas adsorption can be measured and the amount
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of each gas adsorbed cannot determined expermhentTherefore, in order to obtain
experimental binary gas adsorption isotherms, they must be calculated fromcsimglenent
isotherms using a method called Ideal Adsorption Solution Theory (IXSMhe conversion is
norttrivial due to the competition that exists between the binary gas components for specific
adsorption sites within the MOF. IAST involves the calculation of mole fraction of gases in
adsorbed phadey the mathematical fitting of singleomponent isotherms. IAST operates under

the assumption that the gases behave as ideal gases in the mixture and the surface is
homogeneous. Despite these simplifying assumptions, it has been shown that IAST cah be use
to accurately predict the binary isotherms for a wide range of M&ELomputationally,
however, multicomponent gas adsorption isotherms can be simulated using th&k#&leingon

equation of state to account for gugsest interaction®

1.3.2Selectivity

A materialds selectivity for one gas over
calculated using the individual singtemponent adsorption isotherms of the gases in the
mixture In the case of preombustion carbon capture wh&€; is being separated froht, the
CO; selectivity is defined as a molar ratio of the adsorbed amou@Qaf & over the
adsorbed amount dfz & , normalized by the ratio of their partial pressurés j0 as

shown in the equation below.

Y — 11

As with the calculation of C®Oworking capacity for a binary gas, IA$Tis used to
determine the mole fraction of gases in adsorbed phase. If IAST were not used, the competitive

nature of guest binding for a binary gas will not be accounted for which leads to a conservative
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estimation of selectivity. This is particularly true in the case of MOFs that contain certain
binding sites that interact more strongly with £@an other guests, such as polar functional
groups, due to the strong quadrupole momer€@®f (13.4 x 10*° C &%) compared oveother
gases.

In a PSA system, it is essential for a MOF to have high €&ectivity because it
determines the purity of GQcaptured by the MOF. In the case of pesibustion carbon
capture, if the captured gas contains sawae energywill be wasted on compressing and
sequesteringN>. The same applies to pcembustion carbon capture where i3 being
separated froril,. Furthermore, the separatde must be as pure as possible in order for it to be

a clean burning energy source.

1.3.3MOFStability

In addition to working capacity and selectivity, stability of MOFs is an important factor
to consider when implementing MOFs in industrial applications. The stability of MOFs directly
impacts the feasibility of their practical applices in industrial setting. More specifically,
stability addresses how many adsorption/desorption cycles of PSA processes a MOF can undergo
before it needs to be replaced. There are two types of stability that need to be considered:

structural stability ad chemical stability.

Structur al stability refers to the MOFOs &
evacuation of its pores. This stability is critical when a MOF is being considered for use in PSA
processes because it will undergamerous and frequent adsorption/desorption cycles. In
general, MOFs with large pores that have void fraction of 0.8 or higher tend to have low stability
due to the fragility of the framewofR>° This can be attributed to the fact that the large pores in

these MOFs are often suppeat by solvent molecules, and once the solvent has been removed,
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the pores collapse. Therefore, despite having large void volumes, these MOFs are not suitable for

use in PSA processes.

The chemical stability of the MOF when exposed to water is anothertammpdactor that
must be addressed when considering MOFs for the PSA process. Many MOFs suffer from
degradation when exposed to humidity, which limits their applications in industrial séttings.
The tendency for MOFs to degrade under humid conditions can be attributed to the weak
coordination bond between the organic ligand and the metal which is easily broken by water,

with water replacing the organligand around the metal.

Another common issue with humidity is that it often decreases gas adsorption capacity of
MOFs. The MOFs which are most affected by water uptake are those that containativetgin
unsaturated metal (CUM) sites, and it is unfortunate given that the presence of these sites
typically enhance C&@N> and CQ/CHs gas separation capabilities of MOFs by allowing.@®
form stronger interactions with metal cent&fS A notable example of this is seen in MtDF-

74, which is one of the best MOFs for pasimbustion C@capture. Under humid conditions, its
CUM sites become fully coordinated with water molecules and &fSorption at 1 bar drops

from 9 mmol/g 4 mmol/§* Since MOFs will be exposed to humidity in industrial applications, it

is critical to develop a MOF which not only has excellent gas separation properties but is able to
retains its performance under humid conditions. Chapter 4 of this thesis discussa3/€di€,

CALF-20, synthesized by the Shimizu group at the University of Calgary.

1.4 MOF Structural Characterization

Single crystal Xray diffraction (SCXRD) is a commonly used method of extracting

crystallographic information of materials including experitaéiy synthesized MOFs. SCXRD
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works by projecting an incident beam ofrXy onto a crystallographic material. The incident
beam will diffract, and the angle and intensity of the diffracted beam provides information about
the density of electrons in the stgl. This electron density is then correlated to more useful
information such as atomic positions, chemical bonds and crystallographic disorder which refers
to the presence of multiple favourable positions for an atom to be located within the crystal. The
crystallographic information for a MOF is stored in a file with standard format called the
crystallographic information file (CIF) which includes the geometric information about atomic
positions in the MOF crystal and is used as an input file for conuoghtsimulations.
Experimental characterization of MOFs is essential for performing simulations on an
experimentally synthesized MOF.

In practice, it can be difficult to obtain crystals of sufficient size and/or quality to perform
SCXRD experiments. Inhese cases, powder XRD (PXRD) is used. Although PXRD can
provide some useful information regarding the material, key pieces of information needed for
further computational experiments, such as atomic coordinates are missing from the PXRD data.
Another casavhere SCXRD cannot be used to obtain all necessary crystallographic information
of a MOF is when a MOF contains residual solvent molecules since it is difficult to determine
the positions of these solvent molecules among all possible sites in the nassopaierial.
Chapter 5 of this thesis deals with such a case where the positions of solvent molecules are
unknown. Molecular simulations are used to test various positions and examine their effect on

t he MOF6s gas adsorption properties.

1.5 Molecular Simulatio of MOFs
Molecular simulationsave kecome an important tool foesearch and development in
fields such as materials chemistty® To calculate gas adsorption properties of MOFs, Grand
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Canonical Monte Carlo simulations are used. GCMC can accurately simulate gas adsorption
isotherms as well as provides great insight into atordistiel information regarding the
interactions between guests and the MOF framework, which is difficult tonatperimentally.
Molecular dynamics simulations can be used to study the motion of gas or solvent molecules
inside the MOF once they are adsorbed. Further detail on molecular simulation techniques used

for the work in this thesis, including GCMC, are gjivin Chapter 2.

Computationatools are well suited to the study of MOFs because they can be used to
shed light on molecular insights which are difficult to obtaxperimentally, such as gas
diffusion properties and guest binding sité¥. Furthermore, simulations can provide accurate
predictions of MOF properties such as gas adsorption properties, which can inform whether it is
worthwhile to synthesize that particular MOF. This is useful because the synthesis of MOFs can
be time-consuming, expensive and often challenging. Since MOFs are a new class of materials
with unique properties, significant work has gone into developing computational methods for

studying them, and a full review of these methods have recently beernpdBfis

1.6 Computational Approaches in MOF Discovery

Millions of hypothetical MOFs have been generated using different structure generation
algorithms andthis has significantly expanded the chemical search space of ROFs.
Identification of high performing MOFs for specific applications is a task that requires
computatbnal tools because searching for hmgrformers via experimental synthesis and
evaluation of all candidate materials is prohibitively inefficient both in terms of time and cost.
Even though molecular simulations such as GCMC are efficient tools to stQdis lvh small

numbers, when considering millions of MOFs, even the computational cost of performing
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molecular simulations is too high to be feasible. Screening large databases of MOFs to discover
high-performing MOFs for specific applications requires otygproaches which are specialized
in dealing with large amounts of data, such as quantitative strymtoperty relationship

(QSPR) models.

A QSPR model works based on finding reliable relationships between the structure of a
material and its desired erty>® By learning / extracting these relationship for a small portion
of the database (the training set), the model can be applied to the rest of the database (the t
set). In the case of MOF discovery, QSPR models can be built based on the relationship between
geometric features of MOFs, such as internal surface area and void fraction, and its property
such as C@working capacity. QSPR is an accelerated methodusecthe direct calculation of
the desired properties, which takes significant amount of time, is only needed for the MOFs in
the training set. As for the MOFs in the test set, only its structural features need to be calculated,
which takes a fraction ohe compute expense compared to the calculation of properties such as
CO. working capacity. Furthermore, once the high performers in the database have been
identified by the QSPR model, only these MOFs undergo higher level calculations for further
evaluatio. Since the low performers represent the majority of the database, being able to ignore
them at this step provides significant ths&vings. Further details on QSPR modeling are

provided in Chapter 2.5.

In recent literature, it has been shown that QSRER loe a reliable tool for MOF
discovery>"®%%2 QSPR models built from simple geometric descriptors of MOFs have been used
to accuragly predict performance of MOFs for methane storage and methane purifR¢&tiom.
one of these studies, geometric features of MOFs such as pore size and void fraction have been

used to build a netinear support vector machine (SVM) regression model to successfully
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predict methane adsorptiqoroperties of ~130,000 hypothetical MOF structures at 35 and 100
bar at 298 K with Rvalues of 0.82 and 0.93, respectivelyRecently, atomic property weighted
radial distribution function (AFRDF) descriptors, which take into account chemical features as
well as geometric descriptions of MOFs, were used to buildinear SVR modef§ and QSPR
classifier§! to accurately identiffMOFs with ideal CQadsorption properties in the low pressure

regime applicable to peasbmbustion carbon capture (0.15 bar and 1 bar at 298 K).

1.7 Thesis Goals and Outline

This thesis is comprised of three distinct investigations of MOFs for gas separation
applications in the context of carbon capture and storage (CCS). In the first project, we address
the criticism towards previously developed machine learning QSPR models for predicting MOF
performance. These models were developed using hypothetical MGibadaes of low
topological diversity (20 network topologies), thus their robustness had been brought to question.
Therefore, the goal of the first project is to develop robust machine learning QSPR models to
predict CQ working capacity and C#£H: selectivty for precombustion carbon captutesing
the most topologically diverse database of hypothetical MOF structures constructed to date
(358,400 MOFs, 1166 network topologies). This will be accomplished using a novel
normalization of MOF descriptors to acemdor the topological and size diversity exhibited by

the MOFs in the new database.

The second project pertainsan experimentally synthesized MOF, CARB, which is a
materialcurrently being commercializefdr use in postombustion carbon capture dtee its
remarkable ability to maintain its desirable -ga&paration properties under humid flue gas

conditions. The aim of this project is to use molecular simulations to examine the physical and
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chemical properties of CALBO which give rise to its excephal watefresisting ability.
Investigating these properties will shed light on the unique features of this MOF and aid in the

rational design of other candidate MOF materials for use inquusbustion carbon capture.

The third project involves anothekperimentallysynthesized MOF, NBPM, which is a
candidate material for coal mine methane purification. Upon activation, it retains 10 residual
dimethylsulfoxide (DMSO) solvenholecules per unit cell in undetermined locations which may
affect gas uptakeThus the aim of this project is to use computational simulations to investigate
the effects of the residual solvent on-BliP M&C#s and N adsorption properties. The
methodologies used in this work can be applied for future gas adsorption studies wéhling
incompletely activated MOFs and to determine the effect of residual solvent molecules on gas

uptake.

The thesis is organized as follows. In Chapter 2, the general theory and methods used
throughout this thesis work will be explored. This includescriptions of Density Functional
Theory (DFT) for electronic structure calculations, the REPEAT method for charge calculation,
the Grand Canonical Monte Carlo (GCMC) algorithm for the calculation of gas adsorption
isotherms in MOFs, and the Automated @ig Site Locator (ABSL) code for determining
binding sites of guest molecules in MOFs. Quantitative Stru€tuwperty Relationship (QSPR)
modeling used for identification of higerforming MOFs will also be introduced. Specific
modeling techniques, natgeSupport Vector Machines (SVMs) and Support Vector Regression

(SVR), will be explored in detalil

Chapter 3 discusses the first project, A R

Organic Frameworks for High GOWorking Capacity and CfH. selectivity for Pre
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combustion Carbon Captureo. Il n ChaptdedO 4, tf
Adsorptionin CALF2 0, t he Magic MOFO will be presented

A Model iandgN AdddrptionintheNBPM MOFO wi ll be presented.

Finally, in Chapter 6, conclusions will be drawn for each part of the thesis work
conducted, and directions for future work will be given. Appendices are provided at the end of

the thesis in Chapter 7.
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2 Methods

In this chapter, all major computational methods involved in the calculation of gas
adsorption isotherms, namely periodic density functional theory (DFT), REPEAT charge
calculation method, grand canonical Monte Carlo (GCMC) simulations and automaticgbindin
site locator (ABSL), will be described. Additionally, quantitative strucpnaperty relationship
(QSPR) modeling methods will be introduced and the theory behind support vector regression

(SVR) machine learning models used for work presented in CHapti#irbe explained.

2.1 Periodic Density Functional Theory (DFT)

DFT is a quantum mechanical (QM) method that has been widely used in computational
chemistry to investigate the electronic structure of ramyy systems, and it has made many
important contutions to the field in the last three decatiédith the current computing
resources and accuracy of DFT,dtriow possible to simulate several hundreds of atoms using
DFT. The key attractive feature of DFT is that it offers a favourable balance of computation
speed and accuracy. DFT has a relatively low computational cost in comparison to traditional
methods sut as Hartred=ock theory, and correlated wave function metholdscompeting QM
methods, electrorlectron interactions are calculdtby brute force based on the mémdy
wavefunction of the system which is complex, thus resulting in unfavourable scaling as the size
of the system and the number of electrons increase. On the other hand, in DFT, the- electron
electron interactions are sl@ibed in an approximate manner by the use of mathematical
functions. The electrerlectron interactions are estimated for a particular electron density
instead of being calculated using brute force. Furthermore, the dimensionality of the total

electronicdensity function does not increase with system size which allows DFT to have better
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scaling compared to wave function based methods. There are many ways of expressing energy as
a functional of the electron density, hence many different DFT exckamrgshtion functionals

exist. Functionals which are widely used in chemistry are often parameterized to experimental
results. The most popular functional is the B3LYP which contains a fraction of HRdoge

exchange energy and provides a very favourable talahspeed and accurat$.

In addition to modeling molecular systems, DFT can also be used to model solid states.
When modeling molecular systems, atoantered basis sets such as the popular Gaussian basis
sets developed by Pople are commonly Uskdthe case of solid state DFT, delocalized and
periodic plane wave basis functions are typically {fs&tiese basis functions treat all core
electrons with pseudopotentials instead of separate plane waves which is a reasonable
approximation given that core electrons do not generally take part in chemical or physical
interactions in solids. The lcailations are also simplified by using periodic boundary conditions
which exploit the translational symmetry of solids. If these conditions were not in place, it would

not be possible to model solids using DFT. This type of DFT is called periodic DFT.

Forthe work in this thesis, periodic DFT is used for two things: to obtain the electrostatic
potential (ESP) of a MOF which is used to calculate partial atomic charges via the REPEAT
atomic charge calculation mettfo(tletails of REPEAT are provided in Section 2.2), and to
optimize positions of the MOFG6s framework ato
structure of a MOF is obtained experimentally via a sirglystal Xray diffraction (SCXRD)
measurement. However, the positions of H atoms are usually not determined accurately due to
the low scattering crossection of the H atom in SCXRD. The correct H positions can be
determined by placing the H atoms initrepproximate positions and optimizing their positions

using periodic DFT. In some cases, structures from SCXRD experiments contain disorder which
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means there are many possible positions that can be occupied by certain atoms or groups of
atoms. Typically,only the atoms in the positions with highest occupancies are kept, and the
framework atoms are relaxed (i.e. their positions are optimized) using DFT to find the lowest
energy configuration. In cases where the occupancies are equal, DFT calculaticeréoanged

on the various configurations and the framework configuration with the lowest energy is used for
further simulations. Once optimization has been performed, the framework atoms remain fixed
during gas adsorption simulations which has been showe ta reasonable assumption that
results in significant timsaving!® The dispersion corrected periodic DFT calculations for the
work in this thes were performed with the projector augmented wave (PAW)

pseudopotential$!? usng the Vienna Ab Initio Software Package (VASPY.

2.2 REPEAT Charge Calculation

Before the crystal structure of a MOF material can be used for gas adsorption
simulations, atomic charges for the framework atoms must be calculated in order to determine
the electrostatic interactions between the frameworkladas molecules. This is accomplished
using REPEAY, the Repeating Electrostatic Potential Extracted Atomic charge method,
developed by the Woo group in 2009. TheFEAT method derives point charges for each atom
in the MOF by fitting them to the DFalculated electrostatic potential (ESP) grid located
outside of the van der Waals radpheres centered on each atomic site. The ESP is defined as
the amount of energyequired to bring a unit of charge from an infinite distance away to a point
r. The REPEAT method was the first charge calculation method to derive charges from the ESP
of a periodic DFT calculation. Since its development, many researchers have used REPEAT

successfully model gas adsorption isotherms in MOFs and its higher accuracy in comparison to
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other charge calculation methods has been docum&htd.

2.3 Grand Canonical Monte Carlo Simulation (GCMC)

Gas adsorption isotherms for a given M@fe calculated using the grand canonical
Monte Carlo (GCMC) simulations. A description of a canonical MC simulation will be provided
first, followed by a description of a GCMC simulation. In a canonical MC simulation, the
number of particles (N), the sgsh volume (V) and temperature (T) are kept constant. At the
start of canonical MC simulation performed on a MOF containing guests, a randomly selected
guest molecule is perturbed by one of the following moves: translation, rotation or
conformational chang@n cases where the guest is allowed to be flexible). This generates a new
configuration of the system, and its potential energy is calculated. There are three possible
scenarios following this step. The calculated potential energy of the system careheslightly
higher or significantly higher than the potential energy calculated before the perturbation. If the
new potential energy is lower, then the new configuration is automatically accepted and added to
configurations used to calculate ensemblerayes (e.g., the ensemble average of the potential
energy of the system). If the new potential energy is higher than the previous potential energy,
then the new configuration has a chance of being accepted based on a Boltzmann factor
weighing criteria thatallows sampling to accept higher energy configurations. If the new
potential energy is significantly higher, then the new configuration is most likely rejected and the
previous configuration is added again to the ensemble average. It is important that née
higher energy configuration is rejected that the previous configuration-asldesl to the
ensemble average, because energetically favoured configurations need to be included in the

sampling with greater weight. With the algorithm, even fegkrgyconfigurations have a small,
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non-zero chance of being included in the sample due to the use of the Boltikeaweighting

criteria. This sequence of events (i.e., the perturbation of a random guest molecule followed by
the evaluation of the new configut i onds ener gy) iI's repeated
converged, at which point the macroscopic properties of the system which depend on the
microstates are also assumed to have converged.

In contrast to the canonical MC simulation explained abiova, GCMC simulation, the
chemical potenti al (e), temperature (T) and
of particles in the system (N), is allowed to fluctuate. There are two additional moves that can be
used to perturb the system: guestiriion and deletion. If the inserted guest interacts favourably
with the surrounding atoms, then it generates a new configuration with lower potential energy,
and it has a higher chance of being accepted. This is where the GCMC simulation differs from
the canonical MC simulation. The acceptance criteria in a GCMC simulation is based on the
chemical potential as well as potential energy whereas in a canonical MC simulation, it is solely
based on potential energy. Therefore, when a lower energy configurstigenerated in a
GCMC simulation, it is not automatically added to the ensemble av&rsigeen the number of
guest moleculesn the framework has stabilized, the system is in thermal and chemical

equilibrium and the grand canonical ensemble properties are satisfied.

A typical GCMC simulation consists of aequilibrationphase followed by a production

phase In the equilibratia phase, since the framework is empty, it is more favourable &t ¢o

be adsorbed than deleted thus a rapid increase in the number of guests in the MOF is. observed

Once many guest insertions have been accepted at the given pressure, the poresQ¥i the M

u

begin to become saturated and it is no longer favourable to add new guests. At this stage, the rate

of insertion becomes equal to the rate of deletion and the number of guests in the MOF reaches
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equilibrium for that pressure. At equilibrium, the cherhipatential of the adsorbed guests

(t ) is equal to the chemical potential of the gaseous gugests ( ). Since the value of

t is known for ideal gases, the valuetof at equilibrium is also known. Therefore, the
GCMC data for the system aguilibrium can be used to calculate adsorption equilibrium
properties such as gas adsorption isotherms and guest probability density in different locations in
the framework. Due to the ability to efficiently produce equilibrium properties of an open
framework system, GCMC is a powerful tool in computational chemistry and has been widely
used to model gas adsorption in MGEs.

At the end of a GCMCimulation, data for gas adsorption isotherms as well as guest
probability density plots within the MOF framework are generated. From the gas adsorption
isotherms, properties indicating MOF performance, namely working capacity and selectivity (as
discussedn Sections 1.3-1.3.2) are obtained. The probability density plots are used by another
program called automatic binding site locator (ABSL) to identify guest binding sites in the MOF

framework. This will be further discussed in the next section.

2.4 Automattc Binding Site Locator (ABSL)

In addition to calculating gas adsorption isotherms, GCMC simulations can be used to
locate binding sites of guest molecules in the MOF framework. Automatic Binding Site Locator
(ABSL) is a program developed the Woo groumtat omat i cal ly | ocate the
within the MOF framework using the probability distributions for the guests calculated during
the GCMC simulation. In most cases, the probability distributions show fairly localized binding
sites in the MOF dai to the electrostatic and dispersion interactions between the guest and the

metals, functional groups, or certain organic moieties in the MOF. Without the ABSL program, it
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would take significant amount of time to deduce binding sites from the noisy pitybab
distributions generated from GCMC. ABSL uses Gaussian filters to smooth the probability
distributions and locate the binding sites. In addition to the binding sites, ABSL also calculates
binding energies for each site and provides the breakdowreddrtrgy into electrostatic and
van der Waals components. This additional information is useful for further analysis of the

nature of guest binding in a MOF.

2.5 Quantitative Structuré’roperty Relationship (QSPR)

Quantitative Structurroperty RelationshigQSPR) models are well developed in the
field of medicinal chemistry where models relating the structure of chemical compounds to their
bi ol ogi cal activity (hence their models are
discover chemicals of biogical interest? Since its pioneering days over fifty years ago, the
interest in QSAR modeling has steadily increaSe@he last two decades have seen an
exponential increase in the number of publications regarding QSAR due to explosion in the
number of available chemical compounds along with corresponding bioactivity data. @SAR
regarded as being indispensable to the current field of medicinal chemistry because it enables the
discovery of chemical compounds with desirable properties from the extensive search space
without needing to perform the unfeasible task of experimentakying every chemical
compound. Areas of medicinal chemistry in which QSAR modeling has been successful include

in silico virtual ligand screening and profiling in drug discovéry.

The power of QSAR modeling has been recognized by other fields such as material
science and engineering. In such fields, models are built based on structure and property of

materials hence they are called QSPR models. Similar to the explosion in chesmtécaind
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databases, some fields of material science, such as the field of metal organic frameworks
(MOFs), has also experienced an equally significant expansion in databases of hypothetical
materials and their corresponding properties. These materialsypothétical, generated by
sophisticated structure generation algorithms. In the field of MOF science, one of the major
applications of MOFs is gas separation, and given the millions of possible structures to test, it is
a significant challenge to identifyigh performing materials to be synthesized. Recent studies
have shown that QSPR models can reliably predict performance of MOFs and aid in both
identification of highperformers as well as certain structural/chemical features that tend to
facilitate highperformance enabling rational design of materiaf§.In the remainder of the

section, the term QSPR will be used since the sections are in the context of material science.

A QSPR model works based on finding reliable relationships between the structure of a
material, characterized by certain descriptors, and its target property. Then, the model is used to
predict the target performance of a material it has never encounteresho@ieéis built using a
training set which is a small, representative sample a given database of materials. The time
saving aspect of QSPR modeling comes from the fact that the calculation of target property of

materials, which is timeonsuming, is only @eded for the training set.

The development of a QSPR model can be divided into three steps: 1) selecting
appropriate descriptors and target properties, 2) building the model and 3) validating the model.

Detailed descriptions of these steps will be predith the following sections.

2.5.1Descriptors and Target Properties

Descriptors, also referred to as predictor variables, are numerical values associated with

materials that correlate their structure to their target propeygeneral there are four different

31



categories of descriptors used in QSAR/QSPR modeling, and in order of increasing complexity,
they are: constitutional, topological, geometric, and quarthemical. Constitutional
descriptors are the simplest descriptors that do not account for bonding, geometry or electronic
structure of a material. Examples of constitutional descriptors include molecular weight, atom
count, and the number of aromatings3® Topological descriptors account for bonding
information and connectivity of atoms within a mateffalGeometric descriptors contain
information regarding the thre#mensional geometry of a material, such as material surface
area, maximum pore diameter and void fraco@uantumchemical descriptors account for the
electronic structure of materials and require sempirical, DFT or ab initio calculations. These
descrptors include orbital energy, partial atomic charges, electrostatic potential, polarizability

and multipole moments.

3D descriptors for periad systems are not well developed. The atepmmperty
weighted radial distribution function (ARDF) descriptors developed by the Woo lab are the
first 3D descriptors able to capture the chemistry and geometry of periodic sySEmSAPR
RDF describes a MOF framework by the weighted probability distribution of finding an atom
pair in a spherical shell of radius R inside the unit cell. TheREBFF function is defined by

Equation 2.1,
2%8&2 /By 00& - 2.1

where the summation is over all atom pairs in the unit Cell the minimum image convention

distance of these pairs,is a smoothing parameter, aAg a normalization factor. The value of
" was set to 10 for all AIRDF profiles used in this work as recommended by Fernandé?%t a

In order for the RDFs to capture chemical features of the MOFs, they are weighted by three
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tabulated elemeriiased atomic propertieB, which include electronegativity, hardness and van
der Waals volume. A distance rage of 2.0 to 30.0 A in step8.25 A was used for all
calculations of the ARRDFs. As such, we generated 113 descriptors per atomic property, for a
total of 339 APRDF descriptors for each MOF. These descriptors serve as a unique fingerprint

for each MOF which accounts for both geoneetind chemical features of the MOF.

The target properties, also referred to as response variables, were chose@Q@p be
working capacity an€O)H>s el ect i vity because these propert
in the PSA process @2O,/H> separatiorfor precombustion carbon capture. It should be noted
that the machine learning task performed for the work in this thesis falls under the category of
supervised learning which means the response variables for the materials in the training set are
provided The other category of machine learning is unsupervised learning where the response
variables are not provided, thus the materials in the training set are classified into different

groups based on the descriptors (i.e. predictor variables).

2.5.2QSPR Modelingethods

In general, QSPR modeling is carried out in one of two fashions. One is regression,
where a set of descriptors (predictor variables) are quantitatively related to target properties
(response variables), and the other is classification where plessrare only related to class
| abel s s ycelr faos mi Mpeh foar niilmgnd i nstead of cont i
More specifically, a QSPR model that performs classification is built to generate values between
0 and 1 for each material and ether that material is highor low-performing is determined
based on a cuiff value. The work done in Chapter 3 of this thesis involves a type of QSPR
regression model called support vector regression (SVR) model. Details regarding this model

will be provided in the following sections.

33



2.5.3Support Vector Machines

The simplest form of a regression method used in QSPR modeling is thdimealti
regression (MLR) where a material 6s target

linear function astsown below

u A Ag Ag Ag 8 AQ 2.2
wherel is the number of descriptor® andU is theith target property for the material,
respectively, and\are coefficientshat are determined using the lesgtiares criterion. While
this method has advantages including simplicity and ease of interpretation, it suffers from
overfitting if the number of descriptors is comparable to the number of samples. In order to

ensure tht overfitting does not occur, the number of samples used to determine the coefficients

should be at least five times as large as the number of descfiffo®verfitting refers to the

production of an analysis that corresponds too closely to a particular set of data, and thus fails to

fit additional data reliably. Amx@ample of overfitting is given in Figure 2.1. Furthermore, MLR
is not applicable for cases where there are-oterelations among the descriptors as it does not

account for interdependency of descriptors.
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Figure 2.1: The green line represents an overfitted model and the black line represents a
regularized model. While the green line best follows the training data, it is todefzadent
thus it is likely to have a higher error rater@w unseen data compared to the black line.

Support vector machines (SVMs) represent a type of machine learning technique that is
capable of handling complex correlation patterns and is less vulnerable 4fittowgr® SVM is
used for performing classification, but there is a regression analogue of SVM called support
vector regression (SVR). SVR modeling was used for the work in this thesis; however, both
techniques are based on the same underlying concept. For the sake clarity, SVM will be

introduced first, followed by SVR.

SVM can be used to perform both linear and-hoear classifications. As an example of
linear classification, consider a tvatassdata set as shown in Figure 2.2. The goal of the SVM is
to find a line that optimally separates the space of descriptors such that all existing points (i.e.
training data) are correctly classified into two distinct groups in the appropriate regions of the

space. More importantly, the line should be drawn such that any new data point that is added to
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the data set should have the greatest likelihood of being correctly classified into one of the two
classes. It is clear that there are many lines that canaseplaese two classes; however, they are

not all equally good according to the SVM theory. Lines that are too close to the data points in
either class are not ideal because they will be reessitive, meaning that a small change in the
position of a giva data point may move it from one class to the other. In fact, the best line is one
that is as far away as possible from the data points in both classes. Therefore, the goal of the
SVM is to find the line that gives the largest possible distance fromaales of the training

data. In SVM, the distance is referred to as the margin, and the line is given the name of
hyperplane reflecting the fact that there may be many descriptors characterizing the points and a
hyperplane in the many dimensional spacéh@mathan a simple line) may be needed to separate
them. Using this terminology, the goal of the SVM is to find the optimal separating hyperplane

that maximizes the margin of the training data.
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Class 1
& © B ®

Class 2

Figure 2.2: An example of a linearly separable twiass data with possible separating lines.
Lines in light blue are neoptimal lines for characterizing the two data classes while the line in
dark blue is an optimal line which SVM attempts to ffnd.

In most cases, training data is noisy and finding a hyperplane that completely separates
them will lead to overfitting. Such model has poor generalization, meaning it has a low
likelihood of being able to properly classify new data points. To avoid auegfitSVM allows
some points to be misclassified or be within the margin while still maximizing the margin of the
training data, as shown in Figure 2.3. This ensures a balance between margin maximization and

training error minimization.
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Class 1

Figure 2.3: An example of noisy data, where SVM finds an optimal hyperplane (blue line) by
maximizing margin (m) and allowing some points to be misclassified or to be in the fargin.

An optimally separating hyperplane for a telass data set with number of descriptors

can be written as
x¥P A T 2.3

where theparametersc andA are found by maximizing the margih, p¥A/x & The margin is

maximized through solving the following constrained optimization problem
minimize==  #B R 24
subjecttdU x 33 A  p-R,forUX php andE ph8 H
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where the minimization 6t— #B R represents the maximization of the margtiy R

accounts for the total possible training eridrjs the class label an@ is the descriptor vector
formaterialERi s a fAsl ack var i abdmehe hypdrplacehfa dasa painhie di s
misclassified and O if otherwise, is the vector perpelicular tothe hyperplane, and is the
regularization parameter which controls the traffebetween margin maximization and training

error minimization, see Fi@.338 Solving the optimization problem results in the hyperplane the

with the maximum margin.

For data that cannot be linearly separate in the input space, descriptor vectors are mapped

onto a feature space where the separating hyperplane can be found as shown in Figure 2.4.

¢

Input Space Feature Space
® /o ® o /
.\.j. o % The solution

in the input space

Figure 2.4: A representation of mapping descriptor vectors from an input space onto a feature
space where data is linearly separable.

Moving from input space to feature space involves the transformation of descriptor vectors to
much higher dimensions.altulating the transformed descriptor vectors is very expensive due to

their high dimensionality, and to avoid these calculations, SVM utilizes tieasd | ed A ker n
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trickodo where a kernel function is wused to r
vectors. The Gaussian radial basis function (RBF) kernel was used for this thesis work as shown

in Egn. 2.5.
E oD =exp-r @-O 2.5

whereE is the kernel function andis a parameter that defines how far the influence of a single
training example reaches, with | ow values me:
with the linearly separable case, solving the constrained optimization problem vyields the
hyperplanefor the nonlinearly separable problem. It should be noted that the paran#efers

Eqgn 2.4) and (in Egn. 2.5) cannot be determined from solving the optimization problem, thus

they need to be manually tuned until the optimum values of; thee obtaind. This procedure

will be discussed in Section 2.5.4.

As previously mentioned, support vector regression (SVR) is a variation of the SVM
model. The difference lies in the minimization &= which, in the case of SVR, generates

predicted values for the target properties instead of simple class labels that separate the materials
into two categories (i.e., high and low performing). For the work in this thesis, | wrote the SVR

codes in Python irsg the SVR library in the scikiearn toolbox®

2.5.4Training of SVR Model

As mentioned inthe previous section, paramete#s(in Eqn 2.4) and (in Egn. 2.5)
cannot be defined from solving the optimization problem, and thus they need to be adjusted
manually until optimal values are found. This is done by performing a grid search where multiple

models with different values and combinationst@ind r parameters are built and evaluated on
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a set of unseen materials. The parameters for the model that give the most accurate predictions
measured by the accuracy metrit,, are chosen. This procedure, which is referred to as
training, is typically perfoned on a small portion (~10%) of the entire dataset. For the
evaluation step, data for unseen materials are needed. However, if the remainder of the database
were to be used, it increases the riskksoof ove
into the model. To prevent this problem, a method caitéald-out crossvalidation is utilized

where the training set is split intosmaller sets (typically = 3 or 4),1 -p sets are usetb train

the model while the remaining set, called the validation set, is used to evaluate the model. This

process is repeated until all combinations ofithe sets have been tested against each ofithe
sets. The accuracy metrig, , is computed for edcvalidation, and the average value 2f
describes how welbptimized the# andr parameters are. This is repeated for all combinations
of # andr parameters, which are typically in the range of 0.001 to 1000 in increments of one

order of magnitude.

2.5.5Validation of SVR Model

As previously mentioned, the SVR model is built using a small portion of the database
(i.e. 10%) called the training set. Once the model is built and trained, the validation of the model
is carried out using the remainder of the databakich is the test set. Validation of an SVR
model involves comparing predicted properties of materials in the test set with their GCMC
calculated properties. The predictive power of the model is measured by iR as shown

in equation 2.7.
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where T is the number of samples) and U are the observed and predicted properties,

respectively, for materidf and property andl is the average of the predicted property. The

closer the2 value is to 1, the more accurale predictions made by the SVR model.
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3 Robust Quantitative Structufroperty Relationship
(QSPR) Models for Recognizing Metal Organic
Frameworks (MOFs) with High,(Xbrking Capacity
and CQH; Selectivity for Preombustion Carbon
Capture

3.1 Abstract

This work dscusses the development of machine learning quantitative strpcoperty
relationship (QSPR) models to pred€O, working capacity andCO,/H> selectivity for pre
combustion carbon captutesingthe most topologically diverse database of hypothetical MOF
structures constructed to datdhis database contain858,400 MOFs generated from
combinations of 23 inorganic and 175 organic structural building units (SBUs), 50 functional
groups and. 166 netvork topologieslt is shown that théest models fo€O, working capacities
(R? = 0.944) andCO/H; selectivities (R = 0.876)arebuilt from a combination ofix geometric
descriptors and threeatomic propertyweighted radial distribution function AP-RDF)
descriptorsThe MOFsare therranked according to a normalizedsorbent performance score

' 03 , and 309 common MOFare identified between the GCM€alculated and SVR
predicted topl000 high-performing MOFs This work shows that QSPR modeling can account
for the topological diversity of MOFs and ¢an significantly accelerat the search for top
performingMOFsfor precombustion carbon captucempared tather screening methods such

asbrute force moleculaimulations
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3.2 Introduction

Global temperatures have been on the rise as a resthie afapidly increasing CO
concentrations in the atmospheamd climate change has becoare of he biggest problems
faced by our generatiorCoatfired power plants aréhe major source of anthropogenic £0
emissions, accounting for nearly 40% of all Qnissions in the USAlthough much research
has gone into renewable eggrsources such as wind and solar, coal will continue tarbe
important primary energy source for at leasext 100 years due to its availability and
abundance Therefore, carbon capture and storage plays a significant role in virtually all recent
scenarios proposed to reduce L&missions as we transition to using renewable energy sources.
The most studied method of carbon capture and storage is theopdstistion approach where
CQOz is separated from Nn the lowpressure regime using either a liquid or solid scrubber. The
capured CQ is then permanently stored deep undergroRatently, studies have proposed-pre
combustionCO, capture as a more efficient alternative to the qsostbustion scheme for two
reasons: 1) the ratio @O; in the gas from which it is being capturedhigher than in flue gas
(40% vs. 15% in flue gas) and 2) the total pressure of the gas mixture is also much higher than
flue gas (40 bar vs. 1 ba¥Both of these factors favor the more efficient adsorptio@©f in

the nanoporous material.

PrecombustionCO, capture is a technology applicable to the integrated gasification
combined cycle (IGCC). In an IGCC plant, fuel is gasified in pusedQyield synthesis gas
(syngas) primarily composed of CO and(H as well as smaller amounts ©0,, H,, H>S and
particdates. Once cooled and particulates are removed, syngas undergoes catalytic steam
reforming which shifts the ratio of the gases toragjmately £% CO, and 6084 H..* From this

mixture, CO; is captured and the pure ks combustedUsing current, commercially available

45



solvents such as SeleXoinethanol or methyldiethanolamirtae cost of pre&combustion carbon
capture comes out to about $60/tonneC8d, which is $20 over the target set by the US
Department of Energy (DOE)In order to make preombustion carbon capture economically
feasible, an alternative adsorbent material that is highly selectiv@@pover H> and has high
CO, working capacity is required. A material with a high, working capacity is able to adsorb

and desorb a larger quantity©0, per adsorptiordesorption cycle.

Metal organic frameworkgMOFs) are a class of nanoporous crystalline matetietare
promising candidates for gas separation applications. MOFarposed o& network of metal
cluster nodes and organic linkers, which are referred toadwalb ui | di ng ubDuet s
to their high pore volumes and surface areas, theyleaysed in place dhe liquid sorbentso
perform COx/H2 separatiomrmore efficiently. The standard conditions specifiedthre literature
for CO./H; separatiorare 313 K and 40 bdor a 4:6 binary mixture o€0, and H.* So far,
only a handful of MOFs have been investigated for this application including CUBTW-
MOF-748, Ni-4PyC, VEXTUO and NOTT101/OEt°. There are millions of hypothetical MOF

structures that have been constructed to datejdemiifying a highperforming MOF fromthis

vast chemiclaspacevia brute force synthesis and gas uptake experiments or even computational

gas adsorption simulations is simply unfeasifileerefore, other approaches that can identify

high performers within a reasonable amount of time are required.

Machine leaning is a method in the field of data analytics used to devise complex

models that produce reliable predictions through learning from relationships in the provided data

sets. Since its emergence, machine learning models have been primarily used ird tb€é fiel

medicinal chemistry! In the context of MOF science, machine learning models such as

Quantitative Structur@roperty Relationship (QSPR) models can play a keg ol the
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identification of highperforming MOFs. One promising strategy for identifying hpgirforming

MOFs from a large database is to use a QSPR model to rapidégneen the database for top
performerswhich make up a very small percentage of thialkse, and only perform further
detailed and time consuming calculations on these MOFs. By filtering otpgddarming MOFs

(i.e., the majority of the database), no time is wasted on performing compute expensive
calculations on lowperforming MOFs. As aesult, a significant acceleration of the screening

process is achieved and the identification of high performers is made possible.

To date, QSPRmodels built from simple geometric descriptors of MOFs have been used
to accurately predict performance of MOFs for methane stbragel methane purificatiof?.
The building of these models only requires a small portion (~10%) of the database to undergo
compute intensivealculations(i.e. charge catulations followed by GCMC simulations). The
model can then be used to screen the other 90% of the database for the desired performance
property. In one study, geometric features of MOFs such as pore size and void fraction have been
used to build anonlinear support vector regression (SVR) model to successfully predict
methane adsorption properties of ~130,000 hypothetical MOF structures at 1, 35 and 100 bar at
298 K with R? values of 0.82 and 0.93 at 35 and 100 bar, respectively. Geometric $eature
MOFs are sufficient descriptors when modeling gas adsorption based on physical properties of
the MOFs (i.e. when using ngrolar guests or higpressure adsorption regime). In order to
model CO, adsorption in the lowpressure regime, which igpplicable to postombustion
carbon capture, other naeometric descriptors which account for the electronic and chemical

features of the MOFs are needed.

Recently, tomic propertyweighted radial distribution functien(AP-RDFs) were

proposed as new dagptors that take into account geometric and chemical descriptions of
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MOFs. Thesewere used tduild nonlinear SVR modefd and QSPR class#frs”™ to identify
MOFs with idealCO, adsorption properties in the low pressure regime applicable te post

combustion carbon capture (0.15 bar and 1 bar at 298 K).

One criticism towards QSPR models used to screen MOF structures is that they have so
far beendeveloped and used on databases of MOFs with relatively low topological diversity (20
network topologies). This puts the robustness and generality of these models in question as the
topologies of more recently generated hypothetical MOF structures abemuue dierse (1166
network topologies). The goal of this work is to construct a robust QSPR machine learning
model for precombustion carbon capture using the most topologically diverse database of MOFs
to date containing 358,400 hypothetical MOF strrteguand 1166 network topologies. |If
successful, this work will demonstrate that QSPR modeling can accommodate diversity of
geometric and chemical features exhibited by MOFs and is indeed applicable to MOF science.
Performance of MOFs will be assessed basedCO, working capacity at adsorption and
desorption pressures of 40 and 1 bar, respectively, at®DgH> selectivity at 40 bar, all at 313
K. Therefore, two separate models will be developed for the two target proped@ies/drking
capacity andCOy/H selectivity). Synthesis gas from whid®O; will be captured will be

modeled by a @60 binary mixture ofCO, andHa.

3.3 MOF Database and Computational Methods
3.3.1Hypothetical MOF Database and GCMC Simulations

A diverse set of 358,400 hypothetical MOF structures were used in this study. These

structures contain 23 inorganic and 175 organic SBUs, 1166 topologies and 50 functional
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groups. The structures were generated using an algorithm similar to that from \&filai&ras

well as the TABASCO algorithm based on graph thébmll MOF structures used were
geometry optimized with the universal force field (UEFThe six geometric features of each
MOF including volumetric and gravimetric surface area, void fraction, density, dominant pore
size and largest accessible pore size, were calculated using the Zeo++esbftsiag helium as

a probe moleculeThe combinations of geometric features used as descriptors for the SVR

modds are summarized in TabBl below.

Table 3.1: Combinations of geometric features used as descriptors for the SVR models.

Descriptors Geometric features

3 Geometric

) Gravimetric Surface Ared/oid Fraction, Dominant Pore Size
Descriptors

6 Geometric Gravimetric Surface Area, Void Fraction, Dominant Pore Size,
Descriptors Volumetric Surface Area, Density, and Largest Accessible Pore !

GCMC simulations we performed on the dataset 058400 MOF structures to
calculate the adsorption €O, from a binary mixture o€0O,/H> with a composition of 4:6 at a
total pressure of 40 bar and 1 bar at 313 K. In these simulationsighaty of the gases was
calculated using the PeiRpbinsonequation of state along with binary interaction paramgfers
A 3 x 3 x 3 supercelbf each MOF was used for the GCMC simulations. Taeder Waals
interactions between the MOF framework atoms and guest moleculesnodetiedusingthe
LennardJones (LJ) potentialith parameters taken from the universal force field (UFF) and
LorentzBerthelot mixing rulesfor unlike atom interactionsThe electrostatic interactions

between the framework atoms and guests were modelledpwitth chargeswhere the partial
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atomic charges were calculated with MEREq method trained to reproduce DFT derived
electrostatic potential fitted charges using the REPEAT méftibde Ewald emmation method
was used to calculate theng rangeelectrostatic interactions of the framework atoms. The non
bonded parameters @fO;, and H were taken from Garciganchez et & and Belof et &.24,

respectively.

One of the novel aspects of this work was the use@fworking capacity an€CO,/H>
selectivity as target values instead of simply ust®@ uptake. Working capacity is a better
metricby whi ch to gauge a MOFO6s performance becal
can be adsorbed and desorbed during one PSA cycle. Selectivity is another crucial factor when
assessing the performandeaoMOF because the captured gas must be sufficiently pure in order
for the gas capture process to be economically feaSklectivity for the gas of interest over

another gas is calculated using Equa8dn

where3 is the selectivit for gasi over gag, Nis uptake andDis partial pressure.

The range of gravimetric surface area and largest accessible pore size for the hypothetical
MOFs in the database are shown in Fig.3.1a) and b). These histograms show that these MOFs are
not only diverse in terms of SBUs, topologies and functional grougsalso in terms of
geometric properties. The range@®, working capacity and€CO,/H> selectivityfor the MOFs
as determined by GCMC calculatiomse shown in Fig.3.1c) and d), and are compared to
corresponding experimental data obtained for {ugiformng MOFs synthesized and studied

for precombustion carbon capture, namely CuB¥1rMg-MOF-74 and Ni4PyC.
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Figure 3.1: Histograms of a) gravimetric surface area, b) largest accessible pore size, and
GCMC-calculated c)CO, working capacity andd) CO,/Hz selectivity for the database of
358,400 hypothetical MOF structures. The dotted lines represent performance of experimentally
synthesized MOFs which have been studied forcprabustion carbon capture, namely- Ni
4PyC, MgMOF74 and CuBTTri.

3.3.2Atomic Poperty-Weighted Radial Distribution Functions as
Descriptors for MOFs

Simple geometric descriptors of MOFs such as gravimetric surface area, void fraction
and dominant pore size do not capture the chemistry of the pores. Atomic prwepgyed
radial dstribution functions (AFRDFs) descriptors were developed to capture the pore geometry

and chemistry of periodic solidé.The ARRDF describse a MOF framework by the weighted
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probability distribution of finding an atom pair in a spherical volume of radius R inside the unit

cell. The ARRDF is defined by Equation 3.2,

2%&2 /B; 00A - 3.2

wherethe summation is over all atom pairs in the unit cell using the minimum image convention,
O is the distance of these paitsis a smoothing parameter, af& a normalization factor. The

value of " was set to 10 for all AIRDF profiles used in this wk as recommended by
Fernandez et af In order for the RDFs to capture chemical features of the MOFs, they are
weighted by three tabulatetementbased atomic propertieB, which include electronegativity,
hardness and van der Waals volume. A distance range of 2.0 to 30.0 A in steps of 0.25 A was
used for all calculations of the ARDFs. As such, we generated 113 descriptors per atomic
propety, for a total of 339 AFRDF descriptors for each MOF. Theange of both the AIRDF
descriptors and the geometric descriptors were normalized in the randg, [where-1 and 1

correspond to the minimum and maximum values of each variable

3.3.3Support ¥ctor Regression Models

Support vectoregression(SVR) is a powerful machine learning method with broad
applicability to many types of pattern recognition problemsthis work, two nonlinear SVR
models for two target properties of MOFs, nam@{y» working capacity and@CO./H: selectivity
at conditions relevant to prmbustion carbon captureyere built using thescikit-learn
modulé® for Python programming languagEirst, the database of hypothetical MOF structures
was randomly divided into a small training set (10% of the database), and a large test set (90% of

the database). The models were built and trained using only the MOFs iaitiegtiset, and
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were validated using the MOFs in the test set. Details of SVR model development and validation

processes are given below.

Using the MOFs in the training set, SVR models were built by relating sets of MOF
descriptors (predictor variable®) their target properties (response variable). Five different SVR
models were built for each of the two target propertié®,(working capacity andCO,/H2
selectivity) using different combinations of descriptors: 1) three geometric, 2) six geometric, 3)
three ARRDFs, 4) three geometric with three ADFs, and 5) six geometric with three -AP

RDFs (see Table 3.1 for lists of geometric descriptors).

The SVR models were then trained by performing a -fola-out crossvalidation
whereby two parameters, namyét and r, were manually adjustetb find a combination that
yielded the most accurate model (see Fig.3t23.a regularization parameter which controls the
tradeoff betweenmargin maximization and training error minimizationis a parameter that
controls the width of the Gaussian radial basis function (RBF), which is used in nonlinear
regression models to represent the input vectors (i.e. descriptors) in a higher dimension space
such that they become linearly separgbl@&he r anges of C and o9 para
between 0.001 and 1000 in increments of one evBiemagnitude (e, 0. 00 1, 0.01, e
1000).As outlined in Figure 3.2Zhe training sebf 35,840 MOFs ws divided intofour equal
sets and b r each C an dthreeof the oy setsaéra used to perform the
regression. fie remaining sethe validation setyvasusedto verify the accuracof themodelby
comparing the SVRredicted CO, working capacity andCO/H.> selectivity to GCMG
calculated values and calculating the accuracy metric vRfu@he training and validatiowas
repeated for all combinations tifreesets, and the averagé®Ral ue f or that part

combinationrwasc al cul at ed. The C a nelithehighestiRWas usadtin on wh
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the final SVR model. The final SVR models were then validated on the test set containing

332,560 MOFsy calculating R values.

Randomly split the training set of 35,840 MOFs into 4
subsets (i.e., a, b, c, d).

Choose a C and y combination from predetermined
ranges such as 0.001 to 1000 in one order-of-
magnitude increments.

Combine 3 of the 4 subsets (i.e., a, b and ¢) and
perform a regression using the chosen Cand y
combination.

Validate the model on the remaining subset (i.e., d)
and calculate the R? value.

* The Cand y combination

Perform the regression and validation for all subset with the _higheSt_ average
combinations (i.e., abd, acd, bed) and corresponding R? value is used in the
validation sets (i.e., ¢, b, a). Average the 4 R2 values. final SVR model.

Figure 3.2: A flowchart outlining theinternal fourfold-out crossvalidation procedure used to
train theSVR models ofCO, working capacity an€Oy/H> selectivity.

3.4 Results an@iscussion
3.4.1Performance of the SVR Models

Figure 3.3 shows heatmaps &VR-predicted CO, working capacityand COx/H>
selectivity plotted against GCME€alculatedCO, working capacity andCO,/H> selectivity for
the 32,560MOFs in the test sef’he SVR models used to generate these heatmaps were built
using six geometric descriptors and three RPF descriptorsThe original ARRDF descriptors

proposed by Fernandez and Wbyielded SVR models witha horizontal linein the heatmapas
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shown in Figure8.3a) and cjhat was not observed in previous studfser careful analysis, it

was realized that the problem was caused by the much larger variability in the geometry and size
of the unit cells of the MOFs used in the current structure database compared to those used in
earlier studies. This meant that tbeerall magnitude of the ARDF fingerprints for a MOF

grew with the size of the unit cell, simply because there were more atomipairder tocorrect

for this, the y-range of the AFRDF descriptors have beemrmalized by the number of
framework atomsn the unit cellof each MORwhich was not done in previous work$he novel

y-range normalized AIRDF is shown in Equation 3.3

2%$8&2 -B; 00A - 33

whereN is the number of framework atoms in the unit cell. The SVR modelsusiilg the y
range normalized ARDF descriptors did not have the broken correlatod the horizontal
lines in the heat mapshown in Figure 3.3) andc). The O6corrected6 heat

normalized APRDFs are shown in Figure 3.3 b) and d).
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Figure 3.3: Heatmaps of a) SVR-predictedCO, working capacity plotted against GCMC
calculatedCO, working capacity andt),d) SVR-predictedCO,/H, selectivity plotted against
GCMC-calculatedCO./H: selectivity forthe 32,560MOFs in the test set. The SVR maslel
shown in a) and cyvere built using theunnormalized APRDF descriptorsvith six geometric
descriptors and the SVR models shown in b) and d) were built usingrémgg normalized AP
RDF descriptors with is geometric descriptors. The ARDFs were weighted by
electronegativity, hardness and van der Waals vallRA&aluesshown indicatehow well the
SVR predictions match GCMC calculatiofi$ie colours of the heatmag®rrespond to number
of MOFs, where red is high and blue is low.

The peformance of the SVR models f@O; working capacity andCO./H2 selectivity
built from various combinations of geometric and-RPF descriptors are summarized in Table
3.2. For each geof descriptors, the combination 6f ando parameters which gave the highest
average Rvalue in crossalidation is shown. Both sets of models showed the same trerfd in R

values where the models built using three geometescriptors gavehe lowest R value
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followed by the models built using six geometric descriptors. Using threR2¥s gave higher

R? values compared to the six geometric descriptors. The models built using a combination of
geometric and ARRDF descriptors yielded the highest ®alues When used in combination

with the ARRDFs, both the three and six geometric descriptors gave sinfilaalRes. The
highest R values forCO, working capacity (R= 0.944) andCO/H. selectivity (R = 0.876)

were obtained for the models built using sieometric descriptorawith three ARRDF

descriptors.
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Table 3.2: Performace of SVR models o€O; working capacity andCO./H> selectivity. For
each model, the combination 6fando parameters which gave the highest averageaRie in
crossvalidation is shown. The avageR? values for the crosgalidation set and Rvalues for
the test set are shown. The thaeel sixgeometric descriptorare given in Table 3.1.

2
. Best Combination Avg. R .fror.n R2, Test Set
Target Descriptors of C ands CrossValidation (332,560 MOFs)
Set ($,840 MOFs) '
3 Geom. 10,1 0.849 0.856
6 Geom. 10,1 0.871 0.878
CO2 3 AP-RDFs 100, 001 0.873 0.890
Working 3G 2
. eom.
Capacit
pacity 3 AP-RDFs 100,0.01 0.925 0.935
6 Geom. &
3 AP-RDFs 100, 0.01 0.9 0.944
3 Geom. 100, 1 0.761 0.763
6 Geom. 100, 1 0.803 0.8%
AP-RDF 1 1 .81 .
COWHa 3 S 000, 00 0.815 0.839
Selectivity 3 Geom. &
3 AP-RDFs 1000, 0.01 0.850 0.867
6 Geom. &
3 AP-RDFs 1000, 001 0.862 0.876

Heatmaps of GCM&alculatedCO, working capacity plotted against GCMsalculated
COy/H2 selectivity and SVRpredicted CO, working capacity plotted against SMWRedicted
COy/H: selectivity for the 32,560 MOFs in the test set are shown in Fig. 3.4a) and b),
respectively. These figures help to determine the region in function space where MOFs with high
performance will be located. The general shape and colour scheme of the heatmap generated
from GCMGC-calculdaed data are well reproduced in the heatmap generated fronp&dRted
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data. This is another reflection of the excelleAtvRlues obtained for the SVR models. The
depleted region near the origin indicates that there are no MOFs in this dataset tHadthave

low CO, working capacity and lowCO/H> selectivity. In other words, most MOFs with low
working capacity (~ <5 mmol/g) haveO,/H: selectivities greater than 40. One possible reason

for this could be that these MOFs strongly pr&€: over H even at the desorption pressure (1

bar), hence not all of the adsorb&@®, are released from the MOF during desorptife can

see that the model provides an excellent representation of the gas uptake properties as

determined by GCMC.
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Figure 3.4: Heatmaps of a) GCMCalculated and b) S\HgredictedCO, working capacity
plotted againsCOx/H: selectivity for the test set containing 332,560 MOHse colours of the
heatmapsgorrespond to number of MOFs, where red is high and blue is low.

3.4.2Further Validation and Application of the SVR Models

As another method of evaluating the model prediction performance, we examined how
many of the togl000 highperforming MOFs ranked aording to GCMC calculations also

appeared in the tep000 MOFs ranked according to the SVR models. To determine tHi€gp
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high-performing MOFs accounting for bot8@0O, working capacity andCOx/H> selectivity
simultateously, we defined a normalizedsarbent performance score 0 3  which is the
product of the normalize@O, working capacity and€O»/H> selectivity according to Equations

3.371 3.5 below. This metric is a normalized version of the adsorbent performance score (APS)
used by Chung et aln their recent work® In these equationsyc and selecrepresent the
absoluteCO, working capacity an@€O,/H> selectivity,subscriptmaxindicates maximum values

and subscripnorm indicates normalized values relative reaximum CO, working capacity

(43.0 and 39.2 mmol/g for GCM€alculated and SVRredicted, respectivelygnd maximum

COu/H: selectivity(419 and 340 for GCM<alculated an&VR-predicted, respectively)

7# _ 3.3
OAIl AA 34
1 03 xA ¢ OAl A 35

Then the MOFs were ranked according to thed 3 value calculated using GCM@erived

and SVR predictedO, working capacity andCOx/H> selectivity. Out of the tofi000 MOFs

ranked according to GCMC calculations, 309 MOFs also appeared in th6Q@6pMOFs ranked
according to the SVR predictionhis recovery ratio is similar to that afmachine learning
classifier forCO, working capacity >2 mmol/g (fa€O,/CHs separatiopdeveloped by Aghaji et

al. which recovered 396 of the top 1000 MOFs from the 292,050 member test set using the very

selective 30% sensitivity catff.*3
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3.5 Summary and Conclusions

Robust machine learning QSPR models were developed and validate@.ferorking
capacity andCOx/H: selectivity under conditions relevant to pcembustion carbon capture for
hypothetical MOFs in the most topologically diverse database to date (85346tures, 1166
topologies). The gas separation conditions included adsorption and desorption of a 4:6 binary
mixture of COx:H> at total pressures of 40 bar (adsorption) and 1 bar (desorption) at 313 K.
COy/H> selectivity was calculated at 40 bar. 35,840 MOFs which make up 10% of the database
were randomly chosen to form the training set. Given the primarily physatate ofCO;
adsorption under high pressure, two models were initially built udinge and sixpurely
geometric descriptors of MOKsee Table 3.1)o investigate the effect of using descriptors that
capture chemical features of the MOFs, three ngwelnge normalized AIRDF descriptors
weighted by electronegativity, hardness and van der Waals volume were implemented. Each
model was trained using the feiold-out internal croswalidation procedure to determine the
combination of C and parameters hich gave the highest?Ralue. The models with the best
combination of C and parameters were tested on a test set contairB2¢p80 MOFsand in
order to verify the correctness of the SYRedicted CO, working capacity andCO/H>
selectivity, the predictions were compared to GChMélculated values. The best model for both
CO, working capacity ancCO,/H> selectivity was determined to be the models built using six
geometric descriptorand three AFRDF descriptors, and the best C angarametes were 100
and 0.001 for the model @O, working capacity, and 1000 and 0.001 for the mod€&©f/H>
selectivity. Excellent R values were obtained foEO, working capacity (R = 0.944) and

CO/H: selectivity (R = 0.876). Furthermore, usingr@rmalized dsorbent performance score

' 03 which accounts for a MOF 0 soutofvtreertopll0d0 per f ¢
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MOFs ranked according to GCMC calculations also appeared in thE0@fp MOFs ranked

according to the SVR predictions.

In this wok, we have successfully developed robust QSPR models and demonstrated
their capability of prescreening a large number of topologically diverse MOF structures to
identify top performing MOFs for preombustion carbon capture that can serve as synthetic
targets. The high accuracy of our models compared to previous work is attributed to the use of
AP-RDF descriptors which were successfully implemented following a novel normalization
where the APRDF descriptors weraormalized by the number of framework atoimghe unit
cell. This step was necessary in order to accommodate the geometrically diverse nature of
hypothetical MOFs contained in the database, since MOFs with large unit cells have significantly
larger ARRDFs compared with MOFs with smaller unit sellFurthermore, the models
devel oped in this work perf or nCOaworkirggapacskys i o n,
and COy/H2 selectivity are predicted quantitatively as compared to QSPR classification models
where the MOFs are simply classified as eitiigh or low performing based on a certain-offt
in performance. As such, the level of accuracy we were able to achieve with the SVR models
suggests that QSPR modeling is indeed a powerful tool that can play a key role in the field of

MOF discovery.

Lastly, the models developed in this work are for predidi@y/H> separation properties
in the context of preombustion carbon capture which is carried out under specific conditions
different from other carbon capture techniques. This is the first @®RR models are used to
screen MOFs for this particular application. Given that only a handful of MOFs have been

synthesized and studied for prembustion carbon capture, these models will be of great use in
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suggesting higiperforming target materials tee synthesized by experimentalists, and aid in the

discovery of a sorbent that can make-poenbustion carbon capture a reality.
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4 Modeling C@and HO Adsorption in CAI2B, the
aal3IAO0 ahcCeg

This chapter discusses calculations performed on C2AECALF = Calgary Framework)the

A Ma gi c , wi€hFhasa remarkable ability to remain stable and resist water uptake under

flue gas conditions. This key feature, along with other desirable gas separation properties, makes

CALF-20 a highly promising candidate material for pecsimbustion carbon capture thanisw

being commercializedlhis study was performed in collaboration with the Shimizu group at the

University of Calgary. My role in this study was to perform all of the computations and the

analysis of those results, including DFT calculations, GCMC simuka and detailed binding
site analysis to explain tCoréenhiimifligegas aobditibns.t y t o

4.1 Abstract

Carbon capture and storage (CCS) technologies such asgmalstistion carbon capture
are expected to play a key roletime mitigation of anthropogenic G@missions in the near
future. MOFs are ideal candidate solid sorbents to be used ktgmsiustion carbon capture
because their regeneration requires significantly less energy compared to the currefvastate
CO, saubbing technology which utilize liquid amines. However, many MOF structures readily
adsorb water and become quickly saturated under humid conditions which undermine their
usability in industrial applications. A recently synthesized MOF (Er)(ox) (Tz, 1,2,4
triazole; ox, oxalate)QALF-20, CALF = Calgary Framework)s remarkably wateresistant
under flue gas conditions and also possesses a multitude of desirable characteristics for use in
postcombustion carbon capture includinghigh CO. working capaity and selectivity,
hydrothermal stabilityresistance to acids, and easy regeneratiornthis work, computational
simulations are used to examine chemical and physical properties of-BAWRIich are linked
to its exceptional wateresisting ability. V& begin by predicting thetomic positions in the
crystal structure of the bulk phase of CARB, for which only a powder Xray diffraction

patternis available. Using the successfully predicted CAl(Fstructure, we use grand canonical
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Monte Carlo (GCMC}yimulations to calculate adsorption isotherm€@b and N for CALF-20

under dry and humid conditions. The predicted isotherms are in excellent agreement with
experiment. Water sorption isotherms are also simulated, and snapshots of the MOF undergoing
the simulation reveal that water molecules in a given pore adsorb and desorb together due to
hydrogen bonding. Further, binding sites and binding energies efa@@® water in CALF20

show that the preferential GQptake at low relative humidities is driven the stronger binding
energy of CQin the MOF, and the sharp increase in water uptake at higher relative humidities is
driven by the strong intermolecular interactions between water. Understanding these properties
will aid in the rational design of other candidate MOF materials for uggmsacombustion

carbon capture.

4.2 Introduction

The rapid rise in atmospheric @@oncentrations has induced climate change, and
immediate action must be taken to reduce €Qissions in order to prevent catastrophic damage
to our ecosystem’$® The lowcost and availability of coal coupled with the currentestaf
renewable energy technologies indicate that we will continue to use coal as our primary energy
source for the next several decades until the switch to renewable sources fsTiedore,
carbon capture and storage (CCS) is a technology that will play a key role in the mitigation of
anthropogenic C®emissions in the near future. CCS refers to the technology of capturing CO
emissions fromdrge point sources such as ebad power plants and permanently storing it
deep underground. Pestmbustion carbon captdrds one of the most developed CCS
technologies because existing power plants can befité@ with CQ scrubbers downstream
from the reactor whereas other carbon capture methods such-esmiestio and oxyfuel
combustiofl require new plants to be builCurrently, postcombustion C@ capture involve
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using alkanolamindased solvents which captu@O, via chemisorptio® In this process,
selective capture o£O, occurs through the formation of an®l chemical bond between the
amine andCO; (which have bond energies of around 100 kJ/mol), giving a carbamate species.
However, there are problems associated with this method of carbon c&tstieregeneration

of the solventand release of COis highly energy intensive. Second, alkanolarbased
solvents are corrosive, volatilend prone to decomposition making them not ideal candidates for
large scale use in power plants. Using MOFs atelof liquid amines is considered desirable for

two reasons. First, GGsorption in MOFs occurs via physisorption meaning@@ molecules

are held loosely to the MOF framework allowing easy regeneration of the MOF by applying a
vacuum. Secondly, since ®Fs are solids, the energy required to heat the MOF is significantly
less compared to that of liquid amines. Since amines are known to favourably interg€Owith
molecules, MOFs containing amine groups are considered to be especially good candidates for
CO; captuel® An example of such MOF is ZfAtz)2(0x) (Atz, 3amino1,2 4triazole; ox,
oxalate) published by Vaidhyanathan et'aDn the other hand, amine groups also interact
strongly with water and may make the MOF sens
performance in the humid conditions required for post conhu&O, capture. Zeolite 13X is a
material that is currently used on an industrial scale to scrulfr6@ natural ga$; however, its

poor ®lectivity for CQ over N and its hydrophilic nature make it not a viable option forpost

combustion carbon capture.

A new MOF, CALF20, is an analog of Z(Atz).(ox) with a hydrogen atom replacing
the amine functional group on the triazole linkers. TM{SF was discovered to be resistant to
water uptake at low relative humidities and displays highly favourable adsorption properties for

CO; over No. To examine the adsorption kinetics of this MOF,.®@akthrough experiments
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were performed at 0%, 20% ad®% relative humidity. Figure 4.1 shows the ratio of2CO
concentrations at output (C) and inpub)(@r each run plotted against time. These plots show
that adsorption kinetics are unaffected by water even at 40% relative humidity which illustrates

the tra-ordinary nature of this material. This degree of water resistance in thadSOrption

of CALF-20 has currently not been observed in any other MOF-.
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Figure 4.1: CO; breakthrough experiments on CAIZP at 0%, 20% and 40% relative humidity.
The ratio of CQ concentrations at output and input (¢)/@r each run is plotted against time.
Adsorption kinetics are not affected by water.

The goal of this study is to usemputational simulations to examine the chemical and
physical properties of CAL20 which are linked to its exceptional watesistant properties at
low relative humidities. The experimental crystal structure for the bulk phase of-€@id-not

available;therefore, it is predicted using the crystal structure of the metastable phase of CALF
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20 and verified by comparing its PXRD to that of the bulk CA(Fphase. Using the predicted
crystal structure of the bulk CALEO phase, we model various gas adsonpigsotherms in both

dry and humid conditions. We also model sorption isotherms of pure water. Simulation results
are compared to experimental data whenever possible. Binding sites.oarfdOwater are

visualized and their binding energies as well as hdfadsorption are calculated.

The remainder of this thesis chapter is as follows. In Section 4.3, the computational
details of the project are provided. In Section 4.4, the results of computational simulations
performed are provided starting with the gicgion of the crystal structure of the bulk CA2P
phase, followed by gas adsorption simulations€C6b, N2> and water in CALFR20, and ending
with discussions on binding sites and binding energieS@f and water in CALFR20. Section

4.5 summarizes the work and provides concluding remarks.

4.3 Computational Details

DFT calculations were performed using &SP codeusing the PBE* functional and
plane wave cubff energy of 600 eV. The DFderived eledrostatic potential ESP of the
framework wasused to calculate the REPERTpartial atomic chargesf the framework atoms
for GCMC calculations of gas uptake the MOF The Lennardlones (LJ) potentials were used
to model the van der Waals nbonding steric and dispersion interactions and the
Ewad SUMmMations were used for the leramge electrostatic interactiorisl parameters from two
force fields, DREIDING® and UFE’, were testedor the frameworkatoms and the parameters
from the DREIDING force fieldwere chosen as they gave gas adsorption isotherms in better
agreement with experimenthe intermolecular potentigbarameters folCO, guest molecules

were developed by GareBanchez et al. to reproduce adsorption in zedfftd@he parameters
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for N2 guest molecules were taken from theNIMF parametersleveloped iFhouse (se@able
Alin Appendiceyto reproduce experimentlk uptake isotherms in MOF&CMC simulations
were run for12,000,000equilibrationstes and32,000000 productiornsteps. CO/N> GCMC
separations were carried out isothermally at 29%i# a COx:N2 ratio of 20:80. Adsorption
isotherms were calculated for total pressures ranging from 0.01 to 1.2 bar. The parameters for

water guest molecules were taken from the THEGP® parameters.

An in-house GCMC code was used to generate the pure water adsorption isotherms. A
separate GCMC simulation was performed for each relative humidity percentage ranging from
10 to 100 % where 100% correspond€102338 bar which isv a t e r drismental sgburation
pressure at 293 K. For the adsorption simulations, an empty MOF framework was used as a
starting point. The simulations were perfor me
of pressures. The initial configuration and waterauoles from a next lower/higher pressure
were used as a starting point. Desorption simulations were also performed in order to ensure that
equilibrium had been reached for each pressure point. The number of equilibration steps was
determined by examininthe plot of uptake as a function of GCMC steps. Production steps
began once the number of adsorbed water molecules showed reasonable stabilization. For each
pressure point, 500 million production steps were performed and the average uptake for the

producton steps was used as a single data point in the isotherm.

Similarly, the isotherms fo€EO,/N2/H20O gas mixture were also generated by calculating
uptake for each gas component at every relative humidity ranging from 10 to 100% where 100%
corresponds t0.02338 bar (the saturation pressure of water at 293 K). The total pressure of CO

and N was kept at 1 bar with a G@I2 ratio of 20:80.
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The binding energies foH>O and CQ were calculated by first performing a single
molecule MC simulation for both species separately, and optimizing the resulting position of the
species in the MOF framework witdASP® using dispersion corrected DFD3 with BJ
damping,the PBE* functiond and plane wave cuiff energy of 600 eVThen, single point
energy calculations were performed with VASP for the MOF with and without the guest, as well

as for theH>O and CQ molecules by themselves in order to calculate the guest binding energies.

4.4 Results

This section discusses the results of the computational study of -2A\LR three
subsectionsThe first subsectiompertains tothe determination of the detailed structure of the
bulk phase of CALR20, which could not beleterminedby SCXRD. The scond subsection
discussesgrand canonical Monte Carlo (GCMC) gas adsorption simulations performed on
CALF-20 to reproduce experimental results, includd@ andNz in dry and humid conditions,
and water sorption isotherms The last subsection discussestling sites o€O, and water in
CALF-20 and analyzes their binding energies as well as heats of adsorption which gives insight

into the preferentiaCO, adsorption at low relative humidities.

4.4.1Determination of the Crystal Structure of GAQF
The detded structure of the bulk form &ALF-20 could not be determined by SCXRD;

however, thd®XRD of thismaterial did yield theunit cell parametersvhich aregiven in Table

4.1 Previous to the development of a reproducible synthesis rouke blilk CALF-20 phasea
metastablephase of CALF20 was synthesizedor which a SCXRD structure could be
determinedThe metastable phase has the same chemical structure and stoichiometry as the bulk

phase of CALF20 and we used the structure of the metastable plsasestarting point for
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determining theletailedstructureand atomic positions ithe bulk phasenit cell of CALF-20.

The unit cell parameters tiie metastable phaaeealsogiven in Tablet.1

Table 4.1: Cell parameters for the experimental metastable crystal phase and experimental bulk
phase of CALF20.The space group i¥2/c.

Experimental Metastable Phase Experimental Bulk Phase
a (A 9.0190 9.0202
b (A) 9.5870 9.7069
c (A 9.5010 9.3847
a (9 90.00 90.00
b () 115.68 116.38
2 (°) 90.00 90.00

To determine the atomic positions of the bulk GA20 phase, we first started with the
crystal structure of the metastable phase and optimized both the cell parameters and the atomic
positions at theDFT level. We compared the simulated PXRD pattern at each step of the
geometry optimization procedure to that of the experimental PXRD pattern of the bulk phase of
CALF-20. It was observed, that a structure from the approximate halfway point of the geometr
optimization possessed a simulated PXRD pattern that was closest to the experimental PXRD
pattern. Interestingly, this structure had cell parameters relatively edsec(within 1.25% and
a, fwithin §.61%) to the experimental cell parameters determined for €8_FNVe then
used this structure as a starting point for a DFT structural optimizatitre nuclear positions

where theunit cell was constrained to that of the experimental unitpaathmeters. This DFT
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optimized structure yielded a simulate¥RD pattern in excellent agreement to theerimental

PXRD of the bulk phase of CALEQO, as shown in Figure 4.2a). The excellent agreement
suggests that the DFT optimized structure of bulk CRORs very close to the actual structure.

The PXRD of the metastable phase is also shown in Figure 4.2a) and it is generally similar to
that of the bulk phase; however, the doublet r2edr 18 are closer together, and the multiplet
near2 c& 21°, whichhas a different shape, is shifted to the right. Figure 4.2b) and c) show the
optimized structure in thb-c and a-c planes, respectively, with some notable bond lengths of
both the metastable and bulk phases given. A more detailed comparison of therygebnet

DFT optimized bulk phase and the metastable phase are given in Table 2. In the metastable
phase the two Z© bonds involving the oxalate group and the metal center are nearly equal, at
approximately 2.18 A, while in the bulk phase, one of thedZmonds contracts to 2.03 A. This

can explain the contraction of the length of thexts in the unit cell of the bulk phase compared

to the metastable phase.
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Figure 4.2: (a) PXRD of theexperimental (Expt.) metastable phase and prezlictedand
experimental bulk phasef CALF-20. (b) Structure for the y@dictedbulk phasen the bc plane

and (c) ac plane with atom labels corresponding to geometric parameters summarized in Table
2. Sekcted lond lengthsareshown for theDFT optimized bulk phase and metastable pHase
parenthesisirom SCXRD.
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Table 4.2: Measured bond lengths and angles for the predicted bulk phase and the experimental
metastable phase of CALFO.

Bond Bond Length in  Bond Length in Angle Angles in Angles in
Predicted Bulk Metastable Predicted Bulk Metastable

PhaseA) PhaseA) Phasg®) Phasg®)

Zni O1 2.032 2.019 0O1-Zn-N1 87.041 87.634
Zni 02 2.197 2.170 01-Zn-N> 130.090 134.285
Zni N1 2.097 2.097 01-Zn-N3 114.962 113.229
Zni Na 2.009 2.013 02-Zn-N1 166.642 165.729
Zni N3 2.029 2.036 02-Zn-N2 87.506 88.539
O1C1 1.272 1.244 02-Zn-N3 89.043 89.377
02-C2 1.260 1.244 01-Zn-02 79.635 78.106
C1-C2 1.555 1.528 C1-01-Zn 115.546 116.813
C2-02-Zn 110.485 111.972

4.4.2CQ and HO Adsorption Properties of CAI(F

As a first step in studying the adsorption properties of GROF single component gas
adsorption simulations were performed forGmMd N on the predicted bulk CALREO structure.
Figure4.3a)givesthe experimental and predictsohgle component gaslsorption isothermr
COz and N at 293K, showing that the isotherms are in excellent agreement. Also included in
Figure 4.3a), is the sinated CQ adsorption isotherm using the metastable phase of €&lL.F
which shows an approximately 25% higher uptake capacity than the bulk phase at 1 bar. Since,

CALF-20 is a small pore MOF, the small structural changes between the two phases not
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surprisirgly have large effect on the GQ@dsorption. The excellent agreement between the
simulated isotherm of the bulk phase using the predicted structure and the experimental isotherm
of the bulk phase are further evidence that the predicted structure isvikglglose to the actual
structure. The simulated binaggs isotherms of COand N (20:80) at 293 K are given in
Figure 4.3b). Also shown are I|ASJalculated binangas isotherms derived from the

experimental single component isotherms
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Figure 4.3: a) Experimental and simulated single component sorption isotherms of the bulk
phase of CALF20 for CO, and N2 at 293 K. The simulate@€O; isotherm of the metastable
phase of CALF20 is also shown. b) Simulated binary gas sorption isothermS@®prand N>
(20:80) at 293 K for the predicted bulk phase of CARE are compared with experimental
binary gas sorption isotherms derived using IAST.

The gas adsorption isotherms shown in Figure 4.3 were calculated under dry conditions.
What makesCALF-20s o &6é magi cal 6 are its adsorptAon pr.
comparison of experimental water sorption isotherms for GAQLRndzeolite 13X are shown in
Figure 4.4a). This figure shows that zeolite 13X strongly adsorbs water even at extremely low

partial pressures of water. On the other haDdlF-20 adsorbs almost no water, until the
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relative humidity reaches 10%. Furth#re total amounof water adsorbed bgeolite 13X is
more than doublthe amount adsorbed by CALZ0.

In order to gain insights into what gives CAPRB this water resistant property,
computational simulations of water sorptimothermswere performedWater is a notoriolg
difficult gas to simulate its adsorption isotherms using GCMC simulations, since it is highly
polar and has strong interactions with both the MOF framework and other water molecules. This
often results in water condensing in the pores of the MOF andggrnse to extremely steep
adsorption isothermd=rom a simulation point of view, this is challenging because very long
simulations need to be performed at each pressure point in order to ensure equilibrium has been
reached. Figure 4.4b) compares the $atmd water sorption isotherms with the experimental
i sot her m. I n this figure, the simulated O6adso

the simulation which started with an empty MOF with no water molecules in its pores, and the

Si muldaetseodr pt i ond i sotherm refers to the isoth
which started with awater at ur at ed MOF. The close match bet
and 6desorptionbd i sot her ms i ndi cat elbrigmh at t h

Importantly, the simulated uptake shows little to no water uptake until 10% relative humidity.
After 10% relative humidity, the uptake is very rapid, reaching saturation at ~40% relative
humidity. These aspects of the simulated isotherm are irllert agreement with the
experimental water isotherm. The amount of water adsorbed at the saturation limit is about 3
mmol/g higher than what is seen experimentally. Given the difficulty in simulating water
adsorption isotherms, we consider the agreenbemiveen the computed and experimental

isotherms to be very reasonable.
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Mixed-gas adsorption simulations for CALI with a 20:80 C@N2 gas mixture and a
total pressure of 1 bar with partial pressure of water varying between 0.002338 to 0.02338 bar
corresponding to 2200 % relative humidity at 293 K are given in Figure 4.4c). The presence of
CQO; shifts the onset of water uptake from 10% relative humidity in the pure water isotherm to
about 30% relative humidity in the mixed gas simulations. Thiscatels that theMOF
preferentiallyadsorbsCO, at low relative humidities. When eglve humidity reaches 30%, the
water begins to condense and pushes some of theul@©Of the pores, slightly reducing the €0
uptake. However, the MOF does not becomeyfuthtersaturated until the relative humidity
reaches around 50%. There are no experiments to directly compare these simulateghsixed
isotherms against, since experimental miged isotherms are not available and only one or two
groups worldwide havethe capability to measure them. Ideal absorbed solution theory (IAST)
which is typically used to derive mixeghs isotherms from singleomponent experimental
isotherms cannot be used in this case because it does not apply té°viderver, the
breakthrough experiments performed at 0%, 20% and 40% relative humidity showed that
adsorption of CALF20 are unaffected by water even at 40% relative humidity (see Hig. 4.
This experimental result is in fairly good agreement with the simulations. Although simulations
show that there is some water uptake at 40% relative humidity, the MOF is not saturated in water
until the relative humidity is around 50%. Figure 4.4cpathows that the Nadsorption is

minimal throughout which is in agreement the lowugtake of the MOF shown experimentally.
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Figure 4.4: a) Experimental (Expt.) watesorptionisotherms for Zeolite 13>and CALF20 at
293 K ad b) Experimental (Expt.) and simulated (Sim.) water sorption isotherms of €AL&t
293 K.In both experimental and simulated results, adsorption and desorption data are shown. c)
Simulated gas sorption isotherms of CARE for CO,, N2 and BO at 293 K. The ratio of
COz:N2 and was kept at 20:80 with a total pressure of 1 bar. The amounofadgd from
0.002338 to 0.02338 bar which corresponds td.Q0 % relative humidity at 293 KRure water
adsorption isotherm at 293 K is alshown for comparison.

The very low water uptake at low pressures followed by a sudden rapid uptake and
saturation (see Fig. 4.4b) is indicative of water condensing in the pores of the MOF. In order to
understand the mechanism of water uptake in GAQRhe pores must be examined at various

points in the simulation. This is accomplished by taking snapshots of the MOF at various points

in the simulation. We first examine the MOF at saturation to address how the pores look when
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they are filled with waterFigure 4.5 shows various views of CAIZD at 100% relative
humidity. Depending on the orientation of the MOF, more water may seem to be able to fit in the
MOF. However, as shown in the view from tihe plane, the pores are indeed saturated, and this

wateruptake has been verified to correspond to that of a vgaterated MOF.

Figure 4.5: A snap shot from a 100% relative humidity simulation of CA(-showing all
pores are filled with water. The views d&rem the bc, ab and ac planes of CALF20.
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Next, we examine the equilibrated simulation of pure water adsorption 20% relative
humidity, which is when the steep rise in water uptake takes place (see Fig. 4.4b). Figure 4.6a)
shows a plot of the numbef water molecules adsorbed in the equilibrated CRDFat 20%
relative humidity as a function of the GCMC step. This plot reveals that the equilibrated system
is dynamic, meaning different pores fill and empty during the simulation. The average number of
water molecules adsorbed on the MOF over the course of the GCMC simulation corresponds to
uptake at the given relative humidity. Snapshots of the simulation at 50 million and 94 million
steps (indicated by dotted lines in Fig. 4.6a) are presented in Biglne These snapshots show
that the desorption occurring from 50 million to 94 million steps corresponds to the emptying of
two adjacent pores (indicated by circles in Figure 4.6b) while the rest of the pores remain either
filled or empty. This indicatethat adsorption and desorption of water occur one pore at a time,
and the emptying of one pore causes its neighboring pores to empty instead of pores which are
farther away. This phenomenon is driven by the strong wedézr interactions (hydrogen
bonds) which make it more favourable for water molecules to adsorb and desorb with
neighbouring water molecules (either in the same pore or adjacent pores) instead of those farther

away.
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Figure 4.6: a) Plotof the number of water molecules adsorbed onto G2QFkn equilibrium at

20% relative humidity as a function of GCMC steps. This GCMC simulation began on a
previously equilibrated system. Dotted lines represent 50 million and 94 million steps for which
smapshots are presented in b). The circles in b) show pores with notable changes in the number of
adsorbed water molecules.

82



4.4.3CQ and HO Binding Site Analysis for GRDF

The GCMC simulations not only allow us to predict gas adsorption isotherms, they also
provide probability distributions of the guest molecules within the MOF, thereby giving us
insight into the guest binding sites. Figure 4.7a) and b) give isosurface gblake CQ
mol ecul esd® carbon and oxygen atom probability
4.7a) and 1.2 bar (Fig. 4.7b). A high isosurface value is used to show that the binding sites are
well defined. At the lower pressure of 0.15 bhgre is a single C{binding site near the center
of the pore in CALF20, while at the higher pressure of 1.2 bar, there are two binding sites per
pore. Figure 4.7c) shows the probability distributions for wated.@2338 bar, the saturation
pressureAt this pressure, the water has condensed inside all of the pores andnaigteules
are seen to occupy both the center of the pores as well as sites near the zinc atoms. This indicates
that at higher vapour pressures, water molecules occupy the sitesweinechccupied by Ceat

low vapour pressures, as well as any other available space in the MOF.
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Figure 4.7: Isosurface plots of the probability distributioaECO, in CALF-20 at a)0.15 bar

and b) 1.2 bar. A high isosurface value was chosen to show the localization of the guest
molecules in the materialc) Isosurface plot oH20 in CALF20 at the saturatiopressure of
water, 0.02338 bar arZb3 K. Red, light grey and dark grey correspdndoxygen, carbon and
hydrogen, respectively.
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In order toexplain the preferential binding of G@t low relative humidities and provide
evidence for the observed adsorption properties of GALFwe examinethe nature of th€0O,
and H20 binding inthe MOF in more detailThe multicomponent isotherms given in Figure
4.4c) show that up until at least 20% relative humidity there is no water adsorption, while at 0.15
bar CQ, the uptake of C®is above 2 mmol/g. This indicates that £© outcompeting the
water molecules for binding sites in the MOF and therefore a singler©(@cule should have a
stronger binding energy to the MOF than a single water molecule. In order to find the binding
site of a single water molecule in the MOF (which is challengingxtoact from the GCMC
simulations due to the sudden rapid condensation of water in the pores), we performed a
Canonical Monte Carlo (MC) simulation with a single water molecule in the simulation cell.
Once the binding site was identified, the geometrthefwater molecule in the binding site was
optimized. We then used this water molecule to calculate the binding energy of a single water
molecule in the MOF using the same interaction potentials used for the GCMC simulations, and
compared it to that of arggle CQ molecule in the MOF. As shown in Table 4.3, the binding
energies of C@and water were determined to be 37.0 kJ/mol and 32.5 kJ/mol, respectively,
which is consistent with the preferential adsorption ob G@er water at low relative humidities.
As for the breakdown of the binding energies into its dispersion (also referred to as van der
Waals) and electrostatic components, the, ®dding energy has a much larger dispersion
component {29.36 kJ/mol) compared td.0 (-6.52 kJ/mol) primarily becaesCQ has three
heavy atoms and many more electrons tHa@®. In contrast, 80% of the binding in water is
electrostatic, which is not surprising given the large dipole moment of water.

Lastly, heats of adsorption (HOA) for G@nd H.O were extracted from the GCMC

simulations in order to gain insight into whether gugstst interactions play an important role
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in gasadsorption in CALF20. The values for the heats of adsorption for. @@d H>O at
different pressures (0.1 and 1.0 bar €£Oy) and relative humidities (1% and 100% relative
humidity) are given in Table 4.3n the case of Cg) its HOA increased by 2.5 kJ/mol as the
pressure changed from 0.1 to 1 bar. On the other hand, the HOA of water increased by 28 kJ/mol
in going from1% to 100% relative humidity. This is presumably because at the low relative
humidity only one or two water molecules are binding, whereas at the high relative humidity
water has condensed and the interactions with the other water molecules are veryTsgong
significant difference observed between the change in HOA of &@ H.O show that the

strong intermolecular forces among water molecules are properly captured in the simulations,

and it is responsible for the condensation of water in the pores.

Table 4.3: The classically calculated binding energies for.@0d H>O, their breakdown into
van der Waals (vdW) and electrostatic components, and the heats of adsorption (HOA) at low
and high pressures for Ga@ndH-0.

Binding vdW Electrostatic HOA HOA
0,
Energy Component  Component EIectrfgstatic (COz 0.1 bar, (COz 1.0 bar,
H20: 1% RH, H20: 100%
CO -37.01 -29.36 -7.66 21% 39.82 42.35
H20 -32.46 -6.52 -25.94 80% 35.83 64.02

4.5 Conclusions
The goal of this study was to use computational simulations to examine the chemical and

physical properties of CAL20 which are linked to its exceptional watesistant properties at

86



low relative humidities. Waccomplished this goal by first determining the crystal structure of
the bulk CALF20 phase using a twstep DFT optimization of the crystal structure of a
metastable CALR20 phase and verifying the resulting crystal structure by comparing its PXRD

to thatof the bulk CALF20 phase. Using the accurately predicted crystal structure of the bulk
CALF-20 phase, we modeled various gas adsorption isotherms in both dry and humid conditions.
We also modeled adsorption isotherms of pure water. Whenever possildentitegion results

were compared to experimental data. Binding sites of &@ water were visualized and their
binding energies as well as heats of adsorption were calculated. Brief summaries and concluding
remarks for each section of the study will doi.

The single component and binary £é&hd N isotherms for the bulk CALR0 phase in
dry conditions were in excellent agreement with experiment (see Fig. 4.3). Single component
isotherms were also calculated for the metastable phase of -2@L#which showd
approximately 25% greater GQptake capacity at 1 bar. The two phases only differ slightly in
geometry; however, given that CALZO is a small pore MOF, the resulting difference in uptake
is reasonable. The excellent agreement in the simulated andnesipial isotherm of the bulk
phase are further evidence that the calculated structure is accurate.

Pure water adsorption and desorption isotherms were calculated for the bulk2DALF
phase in the range of 0 to 100% relative humidity (RH) (see Fig. 4Hi®. simulated
adsorption/desorption isotherms matched which indicated that the simulation at each pressure
point had reached equilibrium, a typical problem when simulating water adsorption. The key
aspects of the experimental pure water sorption isothesuek, as the pressure at which water
uptake begins (10% RH) and saturation is reached (40% RH), were reproduced remarkably well

by the simulated isotherms.
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Next, adsorption of a gas mixture containingCR, and HO at 293 Kwas modeled
where he ratio & CO2:N2 and was kept at 20:80 with a total pressure of 1dvad he amount of
H2>0 was rangedrom 0.002338 to 0.02338 bar which corresponds tad® % relative humidity
at 293 K(see Fig. 4.4¢)This simulation showed a key feature of CARB, which isthe
preferential adsorption of CCat low relative humidities (up to around 40% RH) and the
displacement of C&by water which results in the MOF being wasaturated at 50% RH. This
simulation was in agreement with g0reakthrough experiments performed CALF20 at O,

20 and 40% RH (see Fig. 4.1).

Snapshots of CALR 0 6s pores in equilibrium at 20%
important mechanism of water adsorption in MOFs (see Fig. 4.6a,b). It is energetically
favourable for water molecules to adsari desorb together with neighboring water molecules
in the same or adjacent pores. This is due to wedger interactions (i.e. hydrogen bonding)
being stronger than watdtOF interactions.

Lastly, binding energy analysis showed that an isolategli€te MOF is more strongly
bound to the MOF framework compared to an isoldde@ in the MOF (see Table 4.3). This
explains the preferential adsorption©@®, at low relative humiditiesvhich is primarily due to
the stronger van der Waals interactions betw€O, and the MOF frameworkin the high
relative humidity range, a sharp increase in water uptake is obsasvadesult othe strong
cooperativehydrogenbonding effects between the adsorbed water molecules. At high relative
humidities, the binding emgy perH>O (comprised of wateOF and watefvater interactions)
is higher tharthat of CQ. The CQ guestbinding energy alsbas contributions from CEMOF

and COx-CQO; interactions but the latter is weaker in the caseC@. Although CO,-MOF
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interactions are stronger than wal@OF interactions, the strength of wateater interactions at

high relative humiditiesenders it more energetically favourable for water to displace CO
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5 Modeling Ckland N adsorption in the NBPM MOF
Containing Residual Solvent

This chapter discusses simulations performed on a new MOBPNMI, synthesized using
Ni(OAc2) and 1,Npethylenebis(3slimethyl1H-pyrazolyt4-carboxylic acid) (H.BPM) by
Charlie Kivi in the Song group at the University of Torordter activationNi-BPM retainsl0
residual solvent (DMSO) molecules per unit cell in unknown locatiGng. computational
screening identifiedNi-BPM is a candidate material for coaline methane purificatioand ny
role in this collaborative study was perform all of the computational simulati¢m investigate
the effects of residual solvent on gas adsompand analyze the result¥he tasksncluded
performing a molecular dynamicsMD) simulation to assess the mobility of the DMSO
moleculesunder experimental conditiongrand canonical Monte Carl&CMC) simulations of
CHs and N2 uptake in the presen@nd absence of DMSO, detailed binding site analysis for the
guests in the framework, and binding energy calculation€iarand DMSO.

5.1 Abstract

The drainage gas released from coal and surrounding rock strata prior to and after coal
mining contains over 3® methane, which is a potent greenhouse gas and a possible energy
sourcet The most valuable use for this methane is to purify it to 95% by removiagdisell it
as pigline quality gas or liquefied natural gasMOFs are ideal candidate materials for
performing CH4/N2> separation via the pressure swing adsorption (PSA) method because its
regeneration requires less energy compared to other solid sorbents such as®2¢icRies/
synthesized using Ni(OA@) and 1,Npnethylenebis(3slimethylt1H-pyrazolyt4-carboxylic
acid) (H.BPM) is a candidateVlOF material forthis application, and upon activation, it re&in
10 residualdimethylsulfoxide (DMSO)solventmolecules per unit cell in unknownocations.

The goal of this study is to use computational simulations to investigate the effects of residual
solvent on NiB P M&C#s and N adsorption properties. Single crystatray diffraction
(SCXRD) data shows that there are two sets of positionsl(8etl 2) that can be occupied by
DMS OG0 s i-BPMtfrdamewoNkiGrand canonical Monte Carlo (GCMC) simulation<Cais

andN2 uptakein Ni-BPM reveal thaiCH4 uptake is in closest agreement with experiment when
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the 10 DMSOO6s ar e p lofpaskahs imequalraio (Miked Set) Whds s et s
binding sites within the NBPM framework were found to overlap with the Set 1 DMSO
positions which explained the severe unpexdiction of CHs uptake for NiBPM containing
DMSOG6s in Set b energyscalculations sndicat® thaHgdmolecules are most
stabilized when the DMSO6s are in the Mixed
molecular simulation techniques are used to show that the positions of the DMSO molecules in

Ni-BPM haveaisgni fi cant e fCHeupttke.on t he MOFO®6s

5.2 Introduction

Coal mine methane, which refers to the methane released from coal and surrounding rock
strata prior to, during and after mining oper
anthropogenicmethane emissions that constitute a 17% contribution to total anthropogenic
greenhouse gas emissidha.typical mine emits methane in three streams: (1) mine ventilation
air (0.1:1% CHa), (2) gas drained from the seam before mining95% CHs), and (3) gas
drained from worked areas of the mine -@ 6 CH,).2 To mitigate methane emissions, most
mines flare drainage gas into the atmosphere to release it asaG@nificantly less potent
greenhouse gas compared to methane. While flaring mitigates methane emissonasting
methane which is a potentially valuable fuel source. To reduce this waste, drainage gas can be
utilized in a number of industrial production processes such as gas turbines to generate power as
long as the methane concentration is over 30% the supply is continuous. Many internal
combustion engines commonly use mediguality gas. As such, the Appin coal mine in
Australia uses drainage gas to power 54 megawatt Caterpillar spaficed engine€.Recently,
it has been shown thathigher value application for the drainage gas is to purify the methane to
a concentration suitable for sale as pipeline quality gas or liquefied natural gas (95% purity)
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assuming an industrial consumer is located near the mine. Since air is the megorircamt of

drainage gas, coal mine methane purification involves perform@igudN. separation.

Several technologies have been considered bl/N2> separation including liquid
sorbents, cryogenic separation, membrane separation and pressure swirtgpad&8p) using
solid sorbents. Liquid sorbents such asettylamine (DEA) and potassium carbonate are
commonly used in the natural gas processing industry to remove surplus carbon dioxide from the
raw natural ga8.The technology of selective absorption using liquid sorbents is therefore
mature; however, when considered @i4/N, separation, it was shown to be not suitable tdue
the low solubility of N in the solvents. CryogeniCH4/N2 separation involves a sequence of
compression, flash vaporisation and heat exchange stages to cool the gas stream until it liquefies,
then uses a distillation separator to separate a nitnegergas stream from a methameh
liquid streanY. Cryogenic separation is an effective technology for perfori@iHg/N, separation
but it is highly energy intensive due to the requirement of extremely low temperatures.
Membrane separation operates by maintaining a high feed pressure on one side of the membrane
and a low production pressure on the other side. The memhraaleles for performingCHa/N>
separation would have a certain pore size which allows methane to pass through while allowing
only minimal amounts of nitrogen to pass through. The major limitation of membrane
technology is in the scaling of the membrane ntegluSince any damage to the membrane
would require the entire module to be replaced, the size of the modules is limited to minimize the
risk of damage due to the pressure differential. PSA using porous solid sorbents is a promising
technology for drainaggas purification due to its low energy requirements and cost advantages.
Adsorption in solid sorbents is driven primarily by physical giest interactions and the

regeneration of the material requires less energy. \Mide carbon molecular sieves ae
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example of solid sorbents being considered@éts/N. separation. Metal organic frameworks
(MOFs), which are nanoporous crystalline solids composed of a network of metals and organic
linkers, are also ideal candidate materials for this purpose dueitdifh internal surface area

and the tunability of their pores.

This thesischapter discuses a joint experimental and computational study of a candidate
MOF material for coal mine methane purification-BRPM, synthesized using Ni(OAcand
1,INjnethykenebis(3,&imethyt1H-pyrazolyt4-carboxylic acid)(H.BPM). A unique aspect of
this MOF is that, upon activation, it retairlO residuadimethylsulfoxide (DMSQ® solvent
molecules per unit cell in unknown locations. Performing gdsorptionsimulations on an
experimentally synthesized MOF containing residual solvent molecules canipdicateddue
to the uncertainties introduced by the placement of the solvent molecules in the framework and
their unknown effeston gas uptakdJnderstandinghe effects of residual solvent on gas uptake
is crucial to studying th€H4/N. separation properties of MiPM. Furthermore, demonstrating
the use of several simulatiamethods for this special case can be valuable for future gas

adsorption studies deafi with incompletely activated/solvated MOF structures.

SCXRD data for NBPM saturated in DMSO is used to obtain the atomic positions of
the NiBPM framework as well as to identify the possible locations which the DMSO molecules
may occupy in the MOF. AMD si mul ati on of t h-8PMifdiBe@drlsis i n t h
performed to assess the mobility of the DMS
experiments (2 bar, 298 K). GCMC simulations ©Hs and N adsorption isotherms are
performed on the MOF witb MSO6s i n various sets of posi ti
DMSO positions on gas uptake. ABSL will be used to locate the binding si@dsaind N in

Ni-BPM in the presence and absence of DMSO molecules. The binding enerGids iafNi-
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BPMconta ni ng DMSOO6s in various positions wil/|
of DMSO positions onCHs uptake. Binding energies of DMSO will also be calculated to

investigate their preference for certain positions in the MOF framework.

5.3 Computation&Details

This section provides details regarding the computational methods utilized in this project.
For information on the background theory of these methods, the reader is referred to Chapter 2 of
the thesisFor the molecular dynamics (MD) simulatioos DMSO molecules in the NBPM
framework, we first generated a geomebptimized DMSO molecule usinthe Gaussian
quantum chemistrgackagée® For this optimization, the B3LYP level of theory was used with the
augcc-pVDZ basis set. The structural details of the optimized DMSO molecule are shown in
Table 5.1 and the atomic labels are shown in Fig. 5.1. The MD simulations were pensimnged
DL_POLY?® with a time step ofl fs with a total of 100,000 equilibration steps and 1,000,000
production steps. & gave a simulation of nsin length The cutoffs for the shorrange

potentials was chosen to be 10 A.

The positions of atoms in the 48PM structure were taken from SCXRD data. The
LennardJones (LJ) potentials were used to model the van der Waalbamaimg steric and
dispersion interactions and tpartial atomic chargapproximation withEwad SUummations were
used for the longange electrostatic interactions. The LJ parameters foMDE framework
were taken from the DREIDING force fiegfland the partial atomic charges were calculated
using the REPEAT methdd. The REPEAT methodsed density functional theory (BT)
gaugemodified electrostatic potential calculated using VAS#th the PBE? functional with a

planewave cubff a 520 eV. The LJ parameters foHsand N guest molecules were taken from
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the CHs-TraPPE* and N-TraPPE® force fields. The LJ parameterfor the DMSO molecules
were taken from the UFF force fielfl.The gas adsorption simulations for a 1:1 binary gas
mixture of CHs and N2> were carried out isothermally at 298 K. Adsorption and desorption
pressures were 2 bar and 0.2 bar, respectivelygdbedsorptiosimulation conditionsised in

this workwere taken from Li et & The GCMC simulations were run fay000,0002quilibration

steps and 5,000,000 production steps.
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Table 5.1: Charges and structural details of the optimized DMSO molecule.

Atom Charge (e) Bond Bond Length
0(@3) -0.4633 C(1)-S(2), C(4}s(2) 1.841
S(2) 0.2378 S(2)=0(3) 1.540

C(1)-H(9),
C(1), C(4) -0.2257 1.098
C(4)-H(5)
H(5), H(9) 0.0883 C(1)-H(8), C(4)H(6) 1.096
H(6), H(8) 0.1270 (1)-H(10), C(4}H(7) 1.097
H(7), H(10) 0.1231
Angle Angle Degree Dihedral Dihedral Degree
C(1)-S(2)0(3) 106.03 C(1)-S(2)0(3)-C(4) 108.90
C(4)-S(2)C(2) 96.85 C(1)-S(2)}C(4)-H(5) 64.22
H(5)-C(4)-S(2), C(1)-S(2)C(4)-H(6) -176.61
109.56
H(9)-C(1)-S(2)
H(6)-C(4)-2(2), C(1)-S(2)}C(4)-H(7) -57.96
106.31
H(8)-C(1)-S(2)
H(7)-C(4)-2(2), O(3)-S(2)}C(1)-H(8) 67.71
108.57
H(10)-C(1)-S(2)
O(3)-S(2)C(1)-H(9) -173.12
0O(3)-S(2)C(1)-H(10) -50.94
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Figure 5.1: The structure of the DMSO molecule with the atomic labels.

5.4 Results

This section beginsvith the SCXRD data for the NBPM MOF showing the possible
positions for the DMSO molecule to occupy inBFPM. Next, the results fathe computational
study of NiBPM are presented ithree subsections. The first subsection discusses molecular
dynamics simulatios of DMSO molecules in the NBPM frameworkto investigate their
mobility during gas adsorption experimeni$e second section provides results for grend
canonical Monte Carlo (GCMC) simulations @Hs and N2 uptake in NiBPM along with
probability distributions of the guest binding sites in tM®F with and withoutDMSO
molecules. The last two subsections pertain to binding energy calculatidremalysigor CHa

and DMSO in NiBPM.

5.4.1Single Crystal-Ray Diffraction (SCXRD) Data

Figure 5.2 shows the positions of solvent DMSO molecules in one unit cell of the Ni
BPM framework obtained from SCXRD experiments performed at 77 K. In one unithes#, t
are two sets of 16 symmetrically equivalent positions for the DMSO molecules: Set 1 (Fig. 5.2a)

and Set 2 (Fig. 5.2b). Each of these positibas an occupancy of Oifdicating that the
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probability of a DMSO molecule occupgneach of these positions 50%6. The DMSO
molecules in the two sets interact with different regions of the framework walls. The SCXRD
experiment was performed on a DMS@urated NBPM, thus the number of DMSO molecules
seen in SCXRD data is not the amount of DMSO remaininghéndctivated NBPM. The
amount of residuaDMSO was determined experimentally using thermal gravimetric and
elemental analysis to be 0.6 DMS®@olecules per nickel centre which is equivalent to 9.6
DMSO molecules per unit cell. This number will be appratiea as 10 for the purposes of this

study
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Figure 5.2: The DMSO-saturated\Ni-BPM unit cell containing 18olventDMSO moleculesin

two sets osymmetrically equivalent positions a) Set 1 and b) S8uHfur atomsof the DMSOs
are represented by yellow spheres.

5.4.2Computational Results

5.4.2.1 Molecular Dynamics Simulation of DMSO Molecules-BPNi

Molecular dynamics simulations of 10 DMSO molecules irBRM were performed at 2
barand 298 K for 1.2 ns in order to determine whether they are mobile during the gas adsorption
experiments. The geometry of the DMSO molecules were optimized prior to being placed in the

MOF, and the atomic coordinates of the framework atoms were kept tfixedghout the
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simulation.Traces of the trajectory of the DMSO moleculessdr@wn in Figure 5.3The DMSO
molecules shoed some movement about their original positions, but withindilnationof the
simulation, they @l not migrate to different sitesnithe MOF. This shows that the DMSO
moleculesare generallyfixed at their sitesn the MOF framework under the experimental
conditions Given this insight, the positions of DMSO molecules were kept fixed for all gas

adsorption simulations performed inghvork.

Figure 5.3: Superimposed snhapshots of the trajectory of 10 DMSO molerutbe MOF at2
bar and298 K. The DMSGsolventmolecules remain close to their original positions and do not
migrate todifferent regions of the unit cell.
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5.4.2.2 Gas Adsorptio®imulatios of CH andN; in NiBPM

After activation of NiBPM, 10 DMSO solvent molecules remain in each unit cell of the
MOF. Since the exact positions of these DMSO molecules are unknown, vareasasitions
were considered based on the SCXRD data to prepare the Egi8aning NiBPM structures
to performCHs and N2 adsorption isotherms using GCMCaseghat were considered werg:
10 DMSO molecules randomly chosen from among the 16 $eisitions(Fig 5.2 a), ii) 10
DMSO molecules randomly chosen from among the 16 Set 2 posiftogs5.2 b), iii)) 5
DMSOG& randomly picked from each set of positighlxed Set 1)iv) same as case iii but with
di f f er e njpickeD Wogh@ach set of pasihs (Mixed Set 2) and’) noD MS O in she
framework For each case described above, single and binary gas adsorption isotherms were
calculated forCHs and N at 298 Kin the pressure range of 0.001 to 2 bsing GCMC. A 1:1
binary gas mixture ofCHs and N2 was used for the binary gas adsorption isotherms. The
simulated and experimental single componsothermsfor CHs and N are presented in Figure
5.4a) and the simulated binary gas isotherms are presented in Figure 5.4b) along with

experimentalAST-derived binaryCHs and N isotherms.

The isotherms show h a t t he positi oNi-BPMddve a digeificabtMS O6 s
effect on CH4 uptake and a small effectNyuptake. For the single component isotherms shown
in Figure 5.4a), NBPM containingDMMO6s i n Set 1 and &isotherlds posi t
which severely underpredicted and overpredicted the experimentais@Herm, respectively.
Both of the mixed sets yielded GHsotherms in excellent agreement with experiment, and
unexpectedly, soid the case with n® M S O (e section 5.4.2.3 fexplanatios). The same
trends were observed for.Nut the deviations from experiment were less pronounced. For the

binary gas isotherms shown in Figure 5.4b), the simulated iSherms followed the sze
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trends as for the single component isotherms. For the simulaiedolherms, a general
overprediction resulted in the case with DMSC

agreement with experiment.
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Figure 5.4: a) Single component and b) binary gass@GAd N> adsorption isotherms obtained
experimentally (Expt.) and through simulation (Sim.) forBM at 298 K. The binary gas
experimental isotherms were derived from single compomxperimental isotherms using

IAST.
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I n order to investigate why the DMSOO S
uptake while the DMSOG6s in Set 2 positions
CHs in the empty MOF were determithaising GCMC calculationdzigure 5.5 a)i d) show
probability density plots for thedsorbedCHs and N molecules in DMS@ess NiBPM
calculated at 2 bar and 298 Each CHs binding site indicated by a circle has anotis
binding site behind it in the unit cellhere are a total of 16H4 binding sites per unit celAs
shown in Fig. 5.5 d), Nprefers to occupy similar sites in the MOF @sls; however, the

preference for these sites is not as strong.
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Figure 5.5: The probabilitydensity plots forCHs viewed along the ap-c, b) a-c, and c)a-b
planesand d)the probabilitydensity plotfor N2 viewed along thed-c planein Ni-BPM in
absence of DMSO molecules. There are a total o€ binding sites per unit cell. Circles
indicate that there are two binding sites overlapping in that particular view.

The CHas binding sites in the absence and preseof DMSO moleculeare compared in
Figures 5.6a)- d). Figure 5.8) showsCHs binding sites inthe absence of DMSO and Figures
5.6b)- ¢) showCHjs binding sites irthe presence of IDMSO molecules in their Set(tase i),
Set 2(case ii) and Mixed Set 1 (case ipsitions,respectively Figures5.6a) and byeveal an
interesting insightThe Set 1DMSO positions arein fact superimposed othe preferredCHa
binding sitesSince there are 10 DMS@s the unit cell in this configuration10 of the 16CH4
binding sites ardaken up by a DMSO moleculas shown in Fig. 5b)This explains the

significantly lowerCHs uptakepredictedfor the MOF containing DMSO in their Set 1 positions.
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On the other handhe DMSO molecules irset 2 positionslo notoccupyany of theCHas binding
sites, thus allowing CHs to occupy all 16 of their binding sites. This explains why methane
uptake is enhanced when the DM&Q@re in their Set 2 positios opposed to Set 1 positions
The DMSO6s in Set 2 posi t isbindiagsites) but atsm énlyancd o
CHs adsorption by providing favourable dispersion interactiéigure5.6d) showsCHa binding
sites in the presence of DMSO moleculesheir Mixed Set 1positions (case liljp this case, 5

of the16 CHs binding sites are occupied by DMSO molecllestheremaining 11 siteare still
available forCHa. Therefore,it is reasonabldor the gas adsorption simulations for -BPM
containingDMS OO0 s i Mixedt $ee 1 and 2positions to give CHs uptake that s
approximately araverage ofthose calculated for N\BPM with DMSG3 in Set 1 and Set 2
positions (see Fig. 5.3As for Ny, since its uptake is significantly less comparetds, the

effects of the DMSO molecules and their positions are much less pronounced.
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Figure 5.6: Probabilitydensity plots of th€Hsu pt ake i n the framewor k wi
10 DMSO6s ins,Sed) 11 PpoBMS OO in Set 2eaphoosi ti on
Set 1 and Set 2 positions at 2 bar and 298 K. Sulfur atoms are represented by yellow spheres.

5.4.2.3 CH Binding Energiein NiBPM

In order to compare the strength ©Hs binding in the NiBPM framework containing
DMSO molecules in various sets of positions (casew), CHs binding energywas calculated
using VASP, and the results are givenTable 5.2.Equation 5.1 shows the binding energy of

eachCH4 molecule defineas,

0 . 5.1
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where' O is the potential energy of the framework contain@®gs and DMSO

molecules (if present)O is the potential energy of the framework with DMSO
molecules,0 is the potential energy of or@@Hs molecule and¢  is the number o€Ha

molecules in the unit cell at the respective pressure. As shown in Tab{gHa.Binding energy

is weakst in the MOF that contains 10 DMSO molecules in their Set 1 positid9s24

kJ/mol). This is reasonable given that in this configuration, the regions of the MOF which
interact most favourably witl€Hs molecules are occupied by DMSO molecules in their1Se
positions. As a result, ttéHs isotherm for this MOF was severely underpredicted (see Fig. 5.3).

With 10 DMSO molecules in their Set 2 positions, tbEs binding energy is significantly
stronger2 7. 66 kJ/ mol ) . Si nce t heotdodty d&kls bindmng Set 2
sites,CH4 molecules can interact favorably with the framework in their preferred binding sites
Furthermorethe CHs binding energy in the MOF witBMSO molecules in their Set 2 positions

are stronger than in the MOF with no DES$nolecules-@7.66 kJ/mol vs:24.99 kJ/mol) which

indicates that the DMSOs in their Set 2 positistabilize theCH4 molecules through favourable
dispersion interactionds f or t he MOF containing aChd xed s
binding energywas similar to that of Set 2 but slightly more negath#9{43 kJ/mol) which

indicates thathe combination of having five DMSOs from each set gives the best stabilizing
effect for CHa. Despite having the most negakedsee bi nd
occupy 5 of theCH4 binding sites and as mof@Hs molecules are adsorbed, steric repulsions
increase. As aresult, tlieHsu pt ake for the MOF with only the
for the mixed case (see Fig. 5.3). In comparison to the experim@Htaisotherm, the MOF
containing the mixed set of DMSO6s gave the

DMS O6 s i perimentakeMOE xare indeed a mixed set containing both Set 1 and Set 2
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DMSOO6s. Lastl vy, t he MOF C#obmding energynog4.99 &J/mbIMS O 6 s
which is neither the most stable nor the least stable. This is reasonable given the absence of both
unfavourable (steric) and favourable (dispersion) interactions betwee@Hheand DMSO
molecules. The canceling out of these effects coincidentally resulted GRlzaadsorption

isotherm which was close to experiment.

Table 5.2: Comparison of relativeCHs binding energies in the MOF containing no DMSO

molecules, 10 DMSO molecules in Set 1 and Set 2 positions, and 10 DMSO molecules in a
mixed set of positions (Mixed Set &) 298 K and 2 bar.

10 DMSOin Set 10 DMSO in Set 10 DMSO in
1 2 Mixed Set 1

No DMSO

Fl - mzp (kJ/mol) -24.99 -10.24 -27.66 -29.43

5.4.2.4 DMSO Binding Energies inRBRM
Binding energiesor DMSO were calculated fdyoth sets of DMSO positior($et 1 and

2) as well as for themixed set(Mixed Set 1). These binding energies were determined using
single point energy VASP calculations and the calculated DMSO binding energies are
summarized in Table 5.Fquation 5.2 showshé binding energy of each DMSO molecule

defined as,

whereErwk+bmso is the potential eneggof the framework containing DMSO moleculésw,
is the potential energy dhe empty frameworkEpwmso is the potential energy dhe isolated

DMSO moleculesand & isthenu mber of DMSO6s in the unit
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per DMSO summarized in Table 5sBiggest thait is more energetically favourable foine
DMSOs to occupy theilSet 2 pogions. For the Mixed Set, the binding energy per DMSO
molecule is in between the values calculated for both sets, but sligbtlynegative than the
mathematical average of the two. This shdhat there may be somiavourable cooperative
interactions beveen the neighboring DMSO molecul@s the mixed setConsidering the
binding energies alone, they indicate that the DMSO molecules should be in Set 2 positions;
however, the simulate@Hs and N adsorption isotherms indicate that the DMSO molecules are
likely in the mixed set of positions. Therefore, there may be other effects at play. More studies
are needed to give a more definite answer to this question.

Table 5.3: Comparison of relative DMSO binding energies in the MOF containing 10 DMSO

molecules in Set 1 and Set 2 positions, and 10 DMSO molecules in a mixed set of positions
(Mixed Set 1)at 298 K and 2 bar.

10 DMSO in Set 1 10 DMSO in Set 2 10 DMSO in Mixed Set 1

Fl o= mrp 4y I/mol) -43.48 -88.70 -64.24

5.5 Conclusions

Ni-BPM synthesized by the Song group contained 10 residual DMSO molecules per unit
cell upon activation. SCXRD data showed there are two sets of 16 equivalent positions for the
solvent DMSO molecules in the MGFRamework(Set 1 and Set 2), where each pgosithas an
occupancy of 0.5First, a molecular dynamicsmulation of the DMSO molecules showed that
they are relatively immobile in their positions and do not migrate to other parts of the MOF
under expemental conditions of 2 bar and 298 K. Neggs asorption isotherms for a 1:1

binary gas mixture o€Hs and N> were calculatedor the MOF containing various sets of 10
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DMSO moleculegcases i iv) and for the MOF with no DMSO molecules (caseM)e various

placements of DMS®in the unit cell gave significantly differe@Hs adsorption isotherms and

slightly different N adsorption isotherms. The closest agreement to experiment was obtained for
theMOF containing DMSOs in twmixed setof positions(Mixed Set 1 and 2yhich combined

5 DMSO06s from Set 1 an dwo hixeD 88 QavesessentialyrtheSamne 2 .
CHs adsorption isothernwhich indicated thatCHs adsorption is dependent on the relative
proportion of the DMSOs in each set of symmetry distinct sites and not on the particular
positions of DMSO6s in each set of sites. Bir
positions occupy th€H, bindingsites in the MOF which explained the ungeediction ofCHa
uptakeby the MOF containin MS Ob s Set 1 positions. On the c
positions do not occupy th€Hs binding sites and enhand@Hs; uptake through favourable
dispersion interetions. CHs binding energy calculations revealed tRads is most stable in the

presence oDMSOs inthe mixed sebf positions

This study showd that the positions of residual DMSO solvent molecules HBRIM
have a significant effect on gas adsorptiwaperties of the MOF includinGHs uptake andCH4
binding energies. The results of this study indicate that care must be taken in determining a
proper set of solvent positions in the M@For to performing gas adsorption simulations.
Furthermore, this tady demonstrated the use of various molecular simulation techniques,
namely MD, GCMC and ABSL, to study gas adsorption properties of an incompletely activated
MOF structure. The methodologies used in this work can be applied for future gas adsorption

studes dealing with similar cases.
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6 Conclusion

6.1 Summary

This thesis included thredistinct projects in the field of computational MOF research
focusing specifically on their gas separation applications for carbon capture and storage. The
goal of the first project discussed in Chapter 3 was to develop robust machine learning QSPR
modelsto predict MOF performance for po®mbustion carbon capture application using
hypothetical MOF structures in the most topologically diverse database constructed to date
(358,4@ MOFs, 1166 network topologies). Previous QSPR models had been developed using
hypothetical MOF databases with significantly lower topological diversity (20 network
topologies) and despite the high predictive power displayed by these models, the apyplafabili
QSPR modeling MOF discovery had not been established. Therefore, the motivation behind this
work was to demonstrate the ability of QSPR models to account for the high topological
diversity displayed by MOFs in the most current database, and sho@3R&® modeling can be
instrumental to current MOF research. To our knowledge, this work was the first of its kind to
develop QSPR models for MOF performance for the particular application -@bprieustion
carbon capture. Furthermore, instead of usingssdication method where MOFs are labeled as
either 6goodd or 6ébadbé for the application, w
that the outputs are generated in terms of actual valu€Opfwvorking capacity andCO,/H>
selectivity. Using 35840 MOFs which make up 10% of the database, we developed five SVR
models for each target property using various combinations of geometric arRDRAP
descriptors. We found that it was necessary to normalize the range of-fRRBRBescriptors by
the numberof atoms in the MOF framework to account for the geometric and size diversity
displayed by the MOFs in the database. The models were trained using theldaut cross
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validation method, and the final models were validated on MOFs in the remainingfa& o
database. The models built using all six geometric descriptors as well as the thR2FAP
descriptors were determined to be best performing with excelfentilRes obtained fo€O;

working capacity (R= 0.944) andCO./H; selectivity (R = 0.876).As such, the high predictive
power we were able to achieve with the SVR models built using the most diverse set of
hypothetical MOF database to date, suggests that QSPR modeling is indeed a powerful and
reliable tool that can significantly accelerate thecadvery of high performing MOFs for pre

combustion carbon capture.

The goal of the second project of this thesis discussed in Chapter 4 was to use molecular
simulations to explain the exceptional watesistant properties of CALE O, t he A Magi c
developed by the Shimizu group at the University of Calgary and to determine its atomic
structure. In addition to its remarkable watesistance under flue gas conditions, CA20Fwas
experimentally found to possess a multitude of desirable charactenmstiocding high CO,
working capacity and selectivityhydrothermal stability, resistance to acids, and easy
regenerationThus, investigating the physical and chemical features of this MOF was deemed
useful for both furthering the understanding of this MOF as well as aiding in the rational design
of other highperforming MOFs for postombustion carbon capture. We begamptsdicting the
atomic positions in therystal structure of the bulk phase of CARB, for which only a powder
X-ray diffraction pattern waavailable,usinga single crystal Xay diffraction pattern (SCXRD)
of a metastble phase of CALR0, which wasavalable. Using DFT calculations we obtained a
structure whose simulated PXRD pattern was an excellent match to the experimental pattern.
Using the predicted CALRO structure, we calculateadsorption isotherms @O, and N for

CALF-20 under dry and humidonditions which were in excellent agreement with experiment.
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Water sorption isotherms were also simulated, and snapshots of the MOF undergoing the
simulation revealed that water molecules in a given pore adsorb and desorb together due to
hydrogen bondingLastly, binding sites and binding energies ofGDd water in CALF20

show that the preferential GQptake at low relative humidities is driven by the stronger binding
energy of CQin the MOF, and the sharp increase in water uptake at higher rélatividities is

driven by the strong intermolecular interactions between water. This work is currently included
in a combined theoretical and experimental manuscript that is currently waiting for additional

experimental results.

The third project discussed Chapter 5 of this thesis involved investigating the effects of
residual DMSO solvent molecules on £&hd N uptake in NiBPM, a candidate MOF for coal
mine purification synthesized by the Song group at the University of Toronto. Since the positions
of the 10 residual DMSO molecules in the MOF were unknown, we performed gas adsorption
simulations on the MOF containing DMSO6s in

The simulatedCHs and N2 isothermswere in closest agreement with experiment when the 10

Vv

DMSO6s were placed among the two sets of posi

The CHs binding sites within the NBPM framework were found to overlap with the Set 1

DMSO positions whichexplained the severe undarediction of CHs uptake for NiBPM

containing DMSOb6s in Set 1 positi©OHamalecuBs ndi ng

are most stabilized when t he DNSsudyshoadthat i n
the positions of residual DMSO solvent molecules irB¥HM have a significant effect on gas
adsorption properties of the MOF, and theee must be taken in determining a proper set of
solvent positionsprior to performing gas adsorption simulations. Furth#s study

demonstrated the use of various molecular simulation techniques to study gas adsorption
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properties of an incompletely activated MOF structure which can be applied to studies of similar

cases in the future.

6.2 Publications

6.2.1ThesisRelated Publicatits

(1) Dureckova, H Krykunov, M; Zein Aghaji, M; Wo o ,
Recognizing MOFs with High CO2 Working Capacity and CQZ&electivitiy for Pre
combustion Carbon Capturedo Manuscript in p

(2) Dureckova, H Vaidhyanathan, R; Shimizg. K. H; Woo, 207, Kt heCAMR g
MOF O f ecronbPbousstt i on Car bon Captureo Manuscriop

(3) Kivi, C.E; Gelfand, B;Dureckova, H Ma, C; Song, D; Shimizu G.K.H; Woo, T.K;
APotenti al for Coal Mi ne Methane puri fica
preparation

6.2.20ther Publications on Topics Not Related to Thesis Projects

(1) Dureckova, H Wo o, T. K; Udachi n, K. A; Ri pmeest er
Halogen Bonding Interactions Between Chlorine and Bromine with Water in Clathrate
Hy dr at edapDiscussa20&/, 203, 61.

(2) Dureckova, H Wo o , T. K; Al avi , S; AMol ecul ar Si
Theory Calculations of Bromine in Clathrat
144, 04450.

(3) Daff, T.D; Collins, S.PDureckova, H Perim, E; Skaf M.S; Galvao. D.S; Woo, T.K;
AEval uati on of Car bon N-aombustior 6@ C a pMautr eeroi. a |
Carbon. 2016, 101, 21825.

6.3 Future Work

6.3.1Robust QSPR Models for Recognizing MOFs with High CO
Working Capacity and @@ Selectivitiy for Preombusion
Carbon Capture

This project was the fitattempt at using QSPR modétspredict performance of MOFs
in the most topologically diverse database of hypothetical MOF structures known to date

(358,400 MOFs, 1166 topologiesVe were successful in builty two robust and accurate
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models for predictin O, working capacity (R=0.944) and C@H: selectivity (R=0.876).This
was accomplished by the use of novalapge normalized AIRDF descriptorsvhich allowed
the models taapture the diverse range of geometric properties exhibited by the MOFs in the

database.

There are several different avenues that can be explored as future work in relation to this
project. First, the higiperforming MOFs identified can be surveyed famunon structural
features such as presence of certain SBUs, topologies and certain geometric features such as pore
sizeswithin a specific range. fis information will be useful for aiding synthetic chemistshe
rational design ohigh-performing MOFs for precombustioncarbon capture. Furthermore, a
small number of top performing/OFs identified by these modelsan be further studied
computationally to examine whether theyeah other performance criteria suchhgdrothermal
stability. Once thebest hidp-performers have been selected, they can be proposedthetayn
labs as potential target materig&econd, the novelgange normalized AIRDF descriptors can
be implemented in previously developed-RPF based QSPR mod&fto examine whether
they improvetheir predictive power. Lastly, QSPR models édner gas separation applications
such as oxjfuel combustion carbon captucan be developed using tkame descriptors used in
this work. This will involve performing gas adsorption simulations under the particular
conditions of the application and calculating target values such as O2 working capacity and
O2/N2 selectivity. Since the codes for the SVR misdhave already been written, only the input
variables need to be determindthe use of MOFs in the context of ekyel combustion carbon
capture is an area that has not been extensively studied due to the difficulty of separatidg O
N2, which are vey similar species in size and shape. Certain MOFs which are oxophillic (i.e.

have an affinity for @ may have potential in this area.
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6.3.2Modeling C@and HO AdsorptioninCAllFn = G KS dal 3IA O

The first part of thiscomputational sty involvedpredicting the crystal structure of the
bulk phase of CALR20 from a single crystal Xay diffraction pattern of a metastable single
crystal phase of CALR20. This exercise revealed that given detailed structural information on a
structurally related phasit is possible to use ab initio calculations to determine the structure of
the phase of interest given that its powderaX diffraction pattern is available. Furthermore, this
project outlined a methodology for simulating water uptake in MOFs usingdodl GCMC
simulations for each relative humidity value and using the equilibrated system as a starting point
for the next relative humidity value. This procedure can be utilized to simulate water adsorption

in other porous materials.

6.3.3Modeling Ckland N Adsorption in the NBPM MOF

The motivation behind this caséudy was to understand the effects of residual solvent in
the NikBPM MOF on its gas adsorption properties. We gained great insight into the effects of
solvent positions on gas uptake, anddatdme clear that the solvent positions must be chosen
accurately in order for simulations to reproduce experimental gas adsorption isotherms. In terms
of the MOF itself, the presence of residual solvent is not ideal for industrial applications. It is
diffi cult to predict whether the same amount of solvent will remain in the MOF for every batch
of the MOF synthesized, and therefore its performance may not be consistent. Hakisver,
project demonstratethe use of a series afiolecular simulation techniqués study the effects
of sdvent positions on gas uptake. The methodology developed in this work can be applied to

studies obthersystems containing residual solvent.
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7 Appendices

Table A1: The NIMF force field parameters forN

Species Atom bl (A) q(e) ( /kb) (K) G (A)
N2 N 0.5500 -0.4820 39.966 2.4549
COM 0.0 0.9640 0 0
H - Variable (~0.05 0.2) 22.142 2.5711
B - Variable (~0.2 0.4) 90.581 3.6375
N - Variable (~- 0.4) 34.722 3.2607

Note: bl is distance of the atom to the molecular mass center.

LorentzBerthelot mixing rules were used to determining parameters between atoms of different
types.

Table A2: Comparison of Lennardones parameters and partial atomic chafge3IP4REw
and CQ.

Guest Species Atoms a (A) U(kcal/mol) Charge (e)
CO2 C 2.745 0.05948 0.65120
@) 3.017 0.17023 -0.32560
TIP4P-Ew @) 3.16435 0.16275 0.00000
H (x2) 0.52422
Hx (dummy) -1.04844
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