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Abstract

An immediatereduction inglobal C@emissions could be accomplished by replacing-coal
or oil-based energy sources with purifiedtural gas The most important process involved in
natural gas purification is the separation of {€m CH, where Pressure Swing Adston
(PSA) technology on porous materials has emerged as a less energy demanding technology.

Among porous materials which are used or could potentially be used in PSA, Metal
Organic Frameworks (MOFs) have attracted particular interest owing to theird<eceaking
surface areas, higporosity, and high tunability. However, the discovery of optimal MOFs for
use inadsorptionbased C@ separation process is remarkably challenging, asllions of
MOFs can potentially be constructed frowmrtually limitlesscombinations of inorganic and
organic secondary building units. To overcome this combinatorial problem, this thesis aims to
(1) identify important design features of MOFs for @B, separation through the
investigation of currently existing MOFs as veslithe high throughput computational screening
of a large database of MOFs, and to (2) devadfifirient computational tools for aiding the
discovery of new MOF materials.

To validate the computational methods and models used in this thesis, the firgt evor
this thesis presents the computational modeling of ;,Cfdsorption on an experimental
CuBDPMe MOF using grand canonical Monte Carlo simulationdeansity functional theory.
The simulated CfQadsorption isotherms are in good agreement with experimentich
confirms the accuracy of the models used in our simulations throughout this thesis. The second
work of this thesisnvestigates the performance of an experimental ML MOF and its seven

functionalized derivatives in the context of natural gas fication, and compares their

Vi



performance with that of other welknown MOFs and commercially used adsorbents. The
computational results show that introducing polar rbalky functional groups on M7 leads
to an enhancement in its performance, and thengmarison suggests that M17-NG; could be
a possible candidate as a solid sorbent for natural gas purification. This study is followed by the
compactional study of water effects on natural gas purification using MOFs, as traces of water
is present in nattal gasunder pipeline specificationgrom the study, it is found that water has
a marginal effect on natural gas purification in hydrophobic MOFs under pipeline specifications.

Following the aforementioned studies, a database 3@4,500 hypothetical MOFs
screened for their performance in natural gas purificati@ming the general protocol defined in
this thesisFrom the study, wedentify 'hit' materials for targeted synthesiand investigate the
structure-property relationships with the intent of iding important MOF design features
relevant to natural gas purification. We show thateredsheetsconsisting ofpoly-aromatic
molecules separated by a perpendicular distance of roughly 7 A are an important structural
chemicalfeature that leads testrong adsorption of CO

Following the screening study, wdevelop efficient computational tools for the
recognition of higkpreforming MOFsfor methane purification using Machine Learning
technigues. A training set d32,500 MOF structures was uséd calibrate support vector
machines (SVMs) classifiers that incorporate simple geometrical features including pore size,
void fraction and surface area. The SVM machine learning classifiers can be used as a filtering
tool when screening large databases. The S\éAdsdiers were tested on ~290,000 MOFs that
were not part of the training set and could correctly identify up to 70% of -prytiorming

MOFs while only flagging a fraction of the MOFs for more rigorous screening. As a complement

Vil



to this study, we presentML classifier models for GQH, separation parameters that
incorporate separately the Voronoi hologram and-RBF descriptors, and we compare their
performance with the classifiers composed of simple geometrical descriptors. From the
comparison, it is fond that including AFRDF and Voronoi hologram descriptors into the
classifiers improves the performance of classifiers by 20% in capturingitgrming MOFs.
Finally, from the screening dataie develop a novel chemiformatics tool, MOFFinder, for
aidingin the discovery of new MOFs for £€2rubbing from natural gast has a usefriendly
graphical interface to promote easy exploration of over 300,000 hypothetical MOFs. It enables
synthetic chemists to find MOFs of interest by searching the database for Secondary Building
Units (SBUs), geometric features, functionabups and adsorption propertiesMIOFFinder
provides, for the first timehe substructure/similarity query of porous materials for users and is

publicly available otitan.chem.uottawa.ca/moffinger
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1 Introduction

Many scientific studies show that rising emissions of greenhouse gases, suc) asigO
coak or oil-based energy sourcebave caused climate change (i.e., global warming) and air
pollution,*? which can result in unavoidably devastating, dangerous outcomes in the future
such as the rising of global sea levelstopseven meter§ massive loss ofqmatic life!, and
global water shortages Therefore, an immediate reduction of the greenhouse gas emisons
essential to prevent these catastrophic effects on the earth. As a-teear strategy, using
natural gas as a primary clean energy source has been propasatural gas, one of the
cleanest fossil fuels, is mainly composed of methane and is available in large quantities. It

presents many environmenkadvantages over petroleum and coal, as shown in TabléHot.

example, for a given Tablel.1: Pounds of Air Pollutants Produced Per Billion Btu of Ene

amount of energy Pollutant Natural Gas Oil Coal
Carbon dioxide 117,000 164,000 208,000

production, it produces Carbon monoxide 40 33 208
Nitrogen oxides 92 448 457

about half the amount of Sulfur dioxide 0.6 1,112 2,774

CQ and a third of the amount of nitrous oxides compared to coal and other petroleum fuels.
C2NJ 0KAa NBlFraz2ysx GKS 51 @AR {dd dzl A F2dzyRIGA2Y
FdzSt Q dzy i At g @nseOdngfgy NeSdS iwith 2etenable, yzesmissions energy
sources® In addition, other factors such as novel transport technology, the abundance of
natural gas reservoirs, and the lower overall costs all result in the increase of natural gas
demand. The Internanal Energy Agency (IEA) estimates a 37.8 % increase in natural gas
consumption between 2008 and 2035, as part of the 33.2% increase in total energy

consumption under its own New Policies ScendrRecently, the U.S. Energy Information
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Administration (EIA), forecasted a gteaincrease in the demand for natural gas from 2013 to
2040 compared to coal (13% vs 5%), and predicted a low contribution for the renewables and
nuclear energy in the increase of energy consumption in 2040 ( < %18 of total energy

consumption)°

1.1 Natural Gas in Canada

Natural gas, a higprofile energy source in Canada, has bgeaoduced more than any
other form of energy source in the last two decades. Specifically, in 2008, 40% of primary
energy produced in Canada was natural gas, which provided $33 billion for Canadian producers
through export to the U.S. by pipeline, indicainnhe significant role of natural gas in the
Canadian market. By the year 2020, the natural gas demand is expected to increase by 18% in
/'yl RIFZ & LI NG 2F GKS wmo: AbAlhouBh-Cardakasan | Y I R
extremely large number of naNld £ 31 4 NBASNB2ANRI GKAOK O2 dz
future demands, much of these reservoirs are in shale gases or othalleol unconventional
gas reservoirs. In particular, the National Energy Board of Canada estimates that Canada is
sitting an about 1000 trillion cubic feet of shale g§swhich amounts to about one sixth of the
2 2Nf RQa OdzNNBy i LINRG@SY vy I ( daderfuncanveatiomiBhatBaNs S a ¢
gas sources are receiving significant attention from government agencies and energy
companies. Aside from the difficulties associated with extracting shale gas, another problem
with unconventional gas reservoirs is that theyntain variable amounts of contaminants such
as water, light parraffins, aromatics, nitrogen, sulphur compound and carbon dioxide. The CO

concentrations in these reservoirs can reach above 15 vol%, which is high compared to ~2% in

conventional reservoirsThe high concentrations of G@nd other contaminants not only
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reduce combustion efficiency and increase transportation costs, they also cause pipeline
corrosion. Therefore, before the gas is delivered in pipelines, each contaminant must be
removed to its standard level as defined by pipeline specifications. To meet these

specifications, natural gas extracted from shale gas usually undergoes some type of treatment

or purification.

1.2 Natural Gas Processing

Because the composition of natural gas varies frosereoir to reservoir, there are a
variety of processes for natural gas purification. Figure 1.1 shows a simplified representation of
natural gas processing, where some steps may be integrated into one unit, performed in a

different order, or omitted. Thewsnmary of each unit function is provided below.

Figurel.1l: Simplified schematic representation of natural gas processing.

In the condensate separator unit, the higher hydrocarbons (two to eight carbons) are
recovered from natural gas usually through condensation process, where the temperature of

gas is reduced through refrigeration units which frequently use vapanpressiorcycles with
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propane as the refrigerant. In the dehydration unit, the water vapor content of natural gas is
reduced to a concentration no greater than 112 mg of water per standard ofdf gas, which

is a typical water pipeline specification across CardadThis reduction is often provided
through an absorption process, where water is absorbed by a ghas#d liquid system, such

as triethylene glycol. In the desulfurization unit, the hydrogen sulfide is removed from natural
gasthrough a chemical sorption process, where the iron oxide sorbents are widely used. In this
process, the iron oxide sorbents remove hydrogen sulfide by forming iron sulfide, and the
saturated sorbents (i.e., no longer able to react with hydrogen sulféde) regenerated by
oxidizing the iron sulfides with air, forming iron oxide and elemental sulfur. In thedd®val

unit, the aminebased absorption process is primarily used to removef@n natural gas, and
recently the adsorption process, discussadhe next section, with the use of zeolites is also
employed. The aminbased absorption process involves forming carbamete salts through the
reaction of CQwith an amine solvent such as methyldiethanolamine, and regenerating the
whole solution at near diling point. In the optional nitrogen extraction unit, nitrogen is
removed from natural gas based on the difference in boiling points of nitrogen and methane.
This involves the cryogenic distillation of a gas that has been purified to very low levés, of C
water, and other components that could form a solid at low temperatures. In the optional
demethanizer unit, a gas that has been preconditioned to low levels gf W&er vapor and
nitrogen undergoes a cryogenic process to separate methane from theainemy higher
hydrocarbons. In this process, the temperature of gas is loweredi26°F to condense higher
hydrocarbons, while maintaining methane in its gaseous form. In the optional fractionation

unit, the higher hydrocarbons stream which has been reetbfrom the natural gas stream is
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separated into individual hydrocarbons based on the varying boiling points of individual
hydrocarbons. As such, heating units raise the temperature of the stream at different stages,
and in each stage, one hydrocarboridguefied and injected into a specific holding tank.

All abovementioned units have been engineered to reduce both energy and monetary
cost. However, while the amideased C@removal process have been widely used in othes CO
sequestration applicatiotd such as CO8 SLI NI GA 2y FNRY KeRNR3ISY
energetically costly and accounts for a significations portion of the monetary costs. For
example, it is estimated that the annual amine tregticost for C@removal from 100 MMscfd
(Million standard cubic feet of gas per day) of natural gas containing 10%s G20MM US
($66US/ton Cg), which is 40% of the cost for the total procé$Such hjh energetic costs are
attributed to the high level of heat required to regenerate a saturated amine solution and to
break the NC carbamate bond. In contrast, pressure swing adsorption (PSA) technology
designed based on the adsorptigmocess is an effient and lowercost technology (compared
to absorptiorbased technology) due to its lower energy demands and its operation conditions

which are wellsuited to the natural gas conditions.

1.3 PSAbased CQ removal process

PSA technology for removing £fdiom natural gas is designed based on the use of
porous solid materials which can selectively bind @@ physical adsorption. The strength of
CQ interaction with solid sorbants is typically smaller than that of aqueous amines 4R0
kJ/mol vs. 90 kJ/mol famqueous amines) allowing for easier regeneration of these materials.
Furthermore, while aqueous amines need to be boiled in the regeneration step which requires

high levels of heat due to its high heat capacity, the regeneration of solid sorbants irsthe P
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system occurs at ambient temperature and pressure. A general schematic of-BaB&A
process for C&xemoval from natural gas is provided in Figure 1.2. In this process, a gas mixture
is fed into a column containing the solid material at high pressaamd room temperature
(typically 320 bar and 29803 °K). C@is selectively adsorbed onto the solid material and
subsequently the methanech gas is emitted from the column. Once the column is not able to
adsorb more Cg the saturated column undergoesregeneration step through decreasing the
feed pressure to a neaambient pressure. In this step, €0 desorbed from the solid martial,

and the column will be ready for use in further adsorption/desorption cycles. Listed in Table 1.2
are examples of cometcially available PSi#ased systems for G@covery from natural gas.

Tablel.2: Commercialized PSA process for 6€paration from CH

Vendor/Licensor Adsorbent Refs
M3100 Xebec Rotasyalve Xebec Metal-based 15
CQ Sponge IACX Energy Activated Carbor *°
Molecular Gate Guild Associate Titanosilicate 1
UOP MOLSIV UOP Zeolite 18

Most materials commonly used in these systems as €&fubbers are zeolites and
activated carbons. These materials have a strong affinity fera®€ CH, but the amount &
CQ recovered per unit mass of these materials at each regeneration cycle, defined as working
capacity, is relatively low compared to other porous materials. For example, zeolite 13x, the
mostly commonly used zeolite for this purpose, has a @@king @pacity of 1.86 mmol/j,
which is only about half of the maximum working capacity recently reported for porous
materials® Since the workingapacity of a sorbent dictates the amount of sorbent required,
using a material with high G&orking capacity leads to an overall reduction in the cost of CO
capture. More specifically, Wiley and-asmrkers™ in their cost analysis of the PSA process for a

CQ separation application revealed that using a material which could recover twice as much



uOttawa Chapter 1 Mohammad Zein Aghaiji

CQ as Zeolite 13X at regeneration step and adsorb thieee$ as much CQelative to other
gases as Zeolite 13X would reduce the cost of €pture up to 30%. Motivated by these
findings, several types of porous materials have been proposed to replace traditional
adsorbents in PSA application for £&paration from natural ga$> Among the proposed
materials, Metal Organic Frameworks (MGEshow great potential due to theiexceptionally

high porosities and chemically tunable structures.
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Figurel.2: Graphical representation of PSA process for removingro@ natural gas. CQOs selectively
trapped in a solid material, which undergoes regeneration to releasg ab@ make the materials
useable for further adsorption/regeneration cycles.

1.4 Metal Organic Framework Materials
MOFs, which are porous crystalline materials composednefal clusters joined by
organic linker moleculeX S Ay @A I2NI GSR GKS LIR2NRdza YI G§SNR

when Yaghi et & discovered MO#5, now a widely studied MOF, and used reticular chemistry
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as a tool forrational design of new MOF3% To date, tens of thousands of these materials
have been synthesized, and many awmes of applications have been pursued, such as gas
storage and separatioff,® drug delivery?® and heterogeneous catalysi$? However, despite
showing great promise, these materials are still in transition period from research laboratories
G2 AYRAdZAONRLFE aSlidAy3aad 2KAES GKS GSNXY daahcaté
these maerials, due to the nature of its development, many other conventional names have
fa2 SYSNESR (2 RSaONAGS (GKA&a (LS 2F YIFIGSNRAI
Porous Coordination Networks (PCRfsjollowed by Porous Coordination Polymers (PCPs).
Other names include Zeolitic Imidazolate Frameworks (ZiRs)icroporous Coordination
Polymers (MCP$Y,and Metal Peptide Frameworks (MABSHowever, in the reminder of this
GKSarazr oS oAttt dzaS GKS GSNXY daahcaé¢d Ly GSN¥a
NBE&SINDK KIFa o088y LIddtén 2RIBMYA VT mataa® 074 { OA S
6 and Chemical Revie#s'***in a relatively short period of time.

MOFs are made of metal ions coordinated to organic molecules that can form-three
dimensional structtes. The most common metal ions are*€uCu? zri? Ni® V2 and Af®
while the most common organic molecules are bidentate and tridentate carboxyfitand
azoles"*® These materials form high symmetric crystalline lattices which can be characterized
by Xray crystallography experiments. Examples of several MOFs are given in Figures 1.3a and
1.3b. Analogies are often made between MOFs anditesobecause both are crystalline,
nanoporous materials. However, MOFs offer much greater opportunities for tunability, as these
materials have a larger variability in terms of metal ions and organic linkers compared to

traditional zeolites that are compmed solely of aluminum, oxygen, and silicdmlso, novel
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zeolite synthesis is much more difficult than novel MOF synthesis. Whereas less than 200
different zeolite structures have been synthesized to d&téhousands of MOFs have been
synthesized in a much shorter time peristMoreover, some MOFs have extremely large
internal surface areas (greater than 6008/g) and exceptional porosity with up to 90% free
volume® Owing to these unique properties, MOFs have emerged as an ideal candidate for a

variety of applications, inatling C@separation from natural gas.
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Figure1.3: a) MOF5 from its inorganic Z©® complex and terephthalic acid linker. Green: zinc, white:
hydrogen, red: oxygen, grey: carbon. b) MUOF from its ZgO complex and gerphenyt4,4-
dicarboxylate linker. c) pcu topology of M@& and MOFs where the ZgO complex is abstracted to the
octahedral geometry and the benzetased linkers abreacted to an edge bridging two octahedrons

The rational design of MORsIn be attributed to the terms of reticular synthe§fsThe
idea behind reticular synthesis is the sa#fsembly of rigid modular building blocks into nets
through strong bonds. Defined in thiashion, the periodic structure of MOFs can be
partitioned into organic and inorganic structural building units (SBUs), which can be seen in

Figure 1.3. Using a simplified representation of the clusters of atoms in each SBU as a simple
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geometric shape inedges and vertices format based on their extended connectivity, an
underlying network topology (net) can be formed. It is worthy to note that these are the nets
and SBUs that guide experimental chemists in synthesizing MOFs with a targeted pore size,
surface area, and pore chemistry with a specific topology. Perhaps the most striking example of
this is IRMOM (1 to 16) series in which the pore chemistry was modified through the
functionalization with organic groupgBr, ¢NH, ¢OGH;, ¢cOGH1, ¢GHs, and ¢cGH; in a
controlled fashion where topology and connectivity had all remained the same between the
series” One member of these series exhibits a relatively high methane uptake, SFR)/V,

which had been a world record up ung010. In a similar work, the pore size of IRM@Hh

series increased from 20 to $0through increasing the size of organic linkers without changing
the topology®® Surprisingly, some MQ@Fof these series have extremely large pores through
which large biemolecules such as vitamin B12, mebagjanic polyhedrofl8, myoglobin and

green fluorescent protein (GFP) can pass. Beside these examples, there are many other
examples in the literaturavhich indeed demonstrate the possibility of tuning the features of

MOFs for a specific applicati6f®®

1.4.1 MOFs for CQ separation from natural gas

As mentioned in section 1.4, MOFs have not yet been implemented in industrial settings,
which is in contrast to intense interest in developing MOFs for<e@aration from natural gas.
C2NJ GKAA FLIWIXAOFGAR2YXE Y ARSFE YIFOGSNRIFE Ydzad
shown that a material with high working capacity will have lower regeneration energy, leading
to an overall reduction in the co&t.Working capacity is the amount of €@covered from a

single adsorption/desorption cycle per unit weight (or volume) of material, typically expressed

10
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in mmol/g. The working capacity not only depends on the ratof the pore in the material,
but also on adsorption and desorption conditions. Beside the highwtking capacity, an
ideal material must be highly selective for £&@er CH, which is the largest component in
natural gas. This arises from the fact thiae higher the C@selectivity, the higher the purity of
recovered gas, leading to reduced operating c8st’ Selectivity is measured as the ratio of the
amount of CQadsorbed vs the amount of Glddsorbed at natural gas conditions, normalized
by their partial pressures (more details provided in Chapter 2).

A large number of MOFs have been synthesized and investigated for their performance in
CQ separation from natural gas in controlled experinef“’® However, these experiments
GSNBE LISNF2N)YSR a20Y256KY (F IAYKARY T yWS|FyAy3 GKIF G
conditions for a sorption process or/and different techniques for activating the MOFs have
been used, which could affect the MOFs performance fo/Ci separation. Indeed, a MOF
can present different sorption properties in two experiments that are notemtttal. For
example, the C@uptake for MOF5 at 1 bar and 298 K has been reported to be in the range of
1.12 to 1.98 mmol/g. The variation is primarily attributed to the activation of the MQir
other words different methods used to remove solvent fratle MOF during activatioff
Nonetheless, a scan of the literature for ateal MOF for this application has resulted in very
few structures, making it difficult to determine if one of these structures is an ideal candidate
for natural gas purification. Although the Cambridge Structural Datdbé88D) has thousands
of experimentally realised MOBSthese account for only small fraction of the millions of
MOFs that can potentially be mad&Out of these unrealised MOFs, there are likely ideal

configurations with appropriate organic and inorganic molecules that @ptimal for CQ@

11
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separation from natural gas. However, due to the cost and time required to synthesize a single
MOF, let alone millions of possible MOFs, experimentally determiningd@grming MOFs

for separation C®from natural gas is far from idéan addition, the microscopic features of

the MOF (e.g., guestost interaction) that provide the observable macroscopic properties are
incredibly difficult to elucidate through experimental methods alone. Indeed, important
physical and chemical features MOFs that are related to sorption properties are difficult to
address using the experimental methods, which results in the lack of rational design principles
for MOFs. As a result, the use of rational design in the development of new MOFs is very
chalkenging from experiment alone, and thus, a MOF with ideal properties for separatipn CO

from natural gas has not yet been discovered.

1.4.2 Computational approach in MOFs discovery

As mentioned above, owing to our current lack of rational design principlesutd be
very difficult and time consuming to experimentally determine Rigiiforming MOFs for GO
separation from natural gas. To accelerate this process, computational methods are emerging
as a powerful tool in the MOF communft{®* Several studies demonstrate the potency of
computational tools in the discovery of important features of MOFs fop-it@lated gas
adsorption. Yang et &F. investigated the effect of functicad groups in Ui®6 for CQ
upgrading from natural gas by building hypothetical functionalized-&fiOmaterials and
calculating their adsorption properties using molecular simulations. They found that the
functionalization with-COOH group leads to highselectivity compared to UKB6 and other
functionalized MOFs of this family, which was later confirmed by Biswas %I vaio

synthesised a series of functionalized t® materals and found thatCOOH functionalized

12
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UiO66 exhibits the highest selectivity among others with different functional groups. In
another study, using DFT calculations, Torrisi & @émonstrated that functionalization with
COOH group leads to an enhancement in b€t of adsorption at zero loading compared to
other functional groups such a&CH, -NH, andcOH. This was then seen by Xiang &£ aind
Cooper et af? who experimentally demonstrated that their MOFs functionalized wif©OH
group have the highest GMeat of adsorption at zero loading over other functional groups,
namely Chl -NH,, andcOH.

While these computational studies indidably demonstrate the important role of
computational methods in material discovery processes, they have focused on a limited
number of specific MOFs where the results may not be generalized for the rational design of
MOFs. For example, the aforementionstlidies demonstrate that theCOOH group increases
CQ selectivity or C@heat of adsorption, but it was also found from these studies and other
studies the-COOH group not only does not increase @arking capacity, but reduces working
capacity due to its steric effects reducing adsorption sites foy. C@erefore, to find how to
improve both C@selectivity and working capacity, one needs to sample a larger physical and
chemical space of MOFs. $luan be successfully achieved by computationally screening larger

sets of MOFs in a highroughput fashion.

Until now, several computational screening studies have been performed on large sets of
MOFs with aims of identifying high performing materials identifying structure-property
relationshipsfor gasrelated applications. One example of this is the work done by Watanabe
et al® who screened >1000 MOFs taken from CSD fard@frure and identified four high

performing materials. Another example is the screening of BIDFs taken from the CSD by

13
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Haldoupiset al®* for CQ capture, where they were able to recognize several figtforming
materials. Additional examples include the screening of >20,000 MOFs taken from the CSD by
Goldsmith et af? for hydrogen storage, the screening of a large set of ZIF materials by Smit et.
al 3 for CQ capture, and the screening of a large set of hypothetical MOFs by Wilmef“e¥ al.

for four CQ-related gas separation applications and im@te storage. However, despite
valuable achievements in these studies, no experimental validations, except for the case of
methane storage, have been made so far. Also, most of these studies have focused on CO
capture from flue gas or high pressure metleastorage, and far less attention has been paid to
separate C®from natural gas under natural gas conditionings. Moreover, in the case of
screening of hypothetical MOFs by Wilmer et‘ahe results (e.g., the optimal range of surface
area (1500- 2000 nf/g) for CQ capture) may not represent the required features for CO
capture, as they mention in their work that their hypothetical MOFs database may not be
sufficiently diverse. As a result, the data in their work may be skewed towards a particular
distribution. More importantly, it has been shown by Woo and coworketise methods used

in their study had resulted in overestimating the performance of MOFs containing fluorine and

chlorine functional groups.

Generating massive libraries of hypothetical materials using modular buibdirody
approach hae resulted in hundreds of thousands of hypothetical MOFs structures $&%at°
which are readily available for highroughput (HT) computational screeninBecent high
throughput computational screening on these structures for gas adsorption properties have not
only shown the capability of this approach in material discovery but also have pointed to a

direction of new screening studies for researchers. Furtigre, it has paved the way for

14



uOttawa Chapter 1 Mohammad Zein Aghaiji

developing new computational tools that enable screening the millions of MOF structures that

can be easily constructed computationdify.

1.5 Thesis Goals and Outlines

In this work, we develop efficient computational tools to aid in the discovery of new MOF
materials for methane purification, and computationally screen hundreds of thousands of
hypothetical MOFs for their performance in natural gas purification. The gb#fss thesis will
be to identify important aspects relevant for methane purification within MOFs in order to
guide experimental synthesis, and identify 'hit' materials for targeted synthesis. To perform
screening of large database of MOFs, we define phetocol including which simulation
methods and parameters will most effectively predict the adsorption and selectivity properties
important for methane purificationfFollowing the screening, we will analyse the screening data
to find the structural andletemical features that provide the best performance.

¢2 SPIFfdza 4GS ahCaQ LISNF2NXI YOS F2N yI (dzNI €
of a CQ/CH, mixture in MOFs under PSA conditions for NG purification using established
statistical mechanical metlts. These simulations use classical molecular mechanics force
fields, which do not consider electrons but rather treat atoms as basic units for description of
the system, to compute interaction energies between the gases and the MOF framework
atoms. As a amplement to our work, we also evaluate the effect of water on MOFs
performance for natural gas purification. Thus, one chapter of this thesis will be allocated to
study water adsorption on MOFs and its effect onp/C8L, separations within MOFs.

The thess is organized as follows. In Chapten®, present a detailed description of the

criteria used to evaluate MOFs for natural gas purification and the computational methods used
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in this thesis. The computational methods discussed include Grand Canonictd Qario
simulation for determining gas uptake in MOFs, the charge equilibrium method for charge
calculation, and finally Quantitative Structafroperty Relationship approaches used to
develop models.

In Chapter 3, we study G@dsorption on the first rported Phosphonate Monoesters
base MOF, CuBDPMe. This MOF that was made up of ®ef{izénediphosphonate
bis(monomethyl ester) exhibits modest £€xpacity with a high isosteric heat of adsorption of
45 kJ-mot. The characteristics of G@ptake, including the adsorption isotherms, heats of
adsorption, and binding sites, are modelled using s@ethblished simulation method3.hen,
we willshow that the C@uptake is extremely sensitive both to the flexing of the structure and
to the oriertation of the alkyl tether. This work was published in the Journal of the American
Chemical Societ}/In Chapter 4, we study MW7, a promising candidate for use in natural gas
purification, and its functionalised derivatives (i.e., MIZ-- ~ - ' b gt S/BEINES b/ |
b h /3)Ifor their performance on natural gas purificatieimder PSA conditions. G@orking
capacity and CfCH, selectivity relevant for methane purification are computed using
molecular simulations. Using simulation data, we will investigate the effect of functional
groups on this application in M7-X. Firlly, we compare the performance of these materials
with that of other materials that are already reported in literature.

In Chapter 5, we preserd comprehensive simulation study of water adsorption in a
variety of MOFs and examine the effect of water threir performance for natural gas
purification. The MOFs chosen are MIL, ZIFB, Al(OH)(1,4aphthalenedicarboxylate), UtO

66, ZADMOFA, ZaDMOFTM, and Ct«BTC. First, we evaluate the accuracy of seven
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dGadl yRFNRE Y2RSt ax A VEOTEAPATYPAP/Ewt TIPSR, and TIRSP/Bw, By ¢ L
calculating pure water isotherms and comparing to experimental data for each of these MOFs.
Afterwards, we investigate the adsorption of the binary mixture o-C@& on these MOFs in
the presence of water undenatural gas conditions. We show that a trace of water has a
marginal effect on performance of hydrophobic MOFs for natural gas purification.
In Chapter 6, we present a computational screening study of 324,500 hypothetical MOFs
for their performance in nral gas purification at the typical condition of natural gas
purification with PSA systems. We will define the protocol we use in our screening. From
screening data, we will identify important physical and chemical features that promote both
high CQworking capacity and high G/IGH, selectivity in MOFs. Finally, we will identity several
GKAGE YIFEOGSNRAREFfA F2NJ GFNBSGSR adeyikSaira FyR 02
In Chapter 7, we develop machine learning quantitative strugpreperty relationships
(QSPR) models of theQ working capacity and GZH, selectivity at conditions typical of
natural gas purification with PSA systems using the purely geometric properties of pore size,
void fraction and surface area. The models are trained orctimaputed adsorption propertie
of 32,450MOFs using webstablished cheminformatics tools, and subsequently the accuracy
of these models are tested on a set of ~290,000 diverse MOF structures. We will demonstrate
that the models allow for the accurate identification of higarforming MOFs, thereby
allowing for rapid prescreening of materials in order to significantly reduce the number of
computationally expensive molecular simulations. This work was published in the European

Journal of Inorganic Chemistry (invited article for theapl issue on MOFS).
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In Chapter 8, we present machine learning QSPR maddelsCQ/CH, separation
parameters (i.e., CQworking capacity and G(ZH, selectivity) that incorporate separately the
Voronoi hologram and atomic property weighted radial distribution function -RANF)
descriptors We will show how a genetic algorithm is implemented to efficiently select the best
subset of hologram descriptofer use in QSPR model for recognizing tpghforming MOFs
for methane purification. Subsequently, the performance of the best subset of hologram
descriptors and AIRDF in QSPR models will be compared to simple geometrical features,
namely pore size, voilaction and surface area.

In Chapter 9, we develop a novel, chemiformatics tool, MOFFinder, for aiding in the
discovery of new MOFs for g€rrubbing from natural gas. MOFFinder is a wabed interface
G2 GKS 3ANBdAzLIQ&a R (1 ol &AcBidg capabilitiashb@sad ofi ke SecohdAlP G A R S
Building Units, Geometric Features, Functional Groups and Adsorption Properties. Currently the
MOFFinder provides fast access (in seconds) to a set ~300,000 hypothetical metal organic
frameworks, butcan be expane 12 (G KS 3INRdzLIQd Y2NB OdzNNBy i R
MOF structures. MOFFinder provides, for the first tithe substructure/similarity query of

porous materials for users and is publicly availabl¢itan.chem.uottawa.ca/moffinger

Finally, inChapter 10 conclusions will be provided for each part of the thesis work
conducted, and future directions will be discussed. The reminder of this Chapter presents a
detailed description of the criteria used to evaluate MOFs for natural gas purificatiothand

computational tools used in this thesis.
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2 Background Information
2.1 Criteria for MOF performance

Considering the PSA process for the separation off©@ natural gas, the performance
of the MOF is evaluated on the basis of three primary factors that affect the energstiotto
the process: (1) the amount of @Qptake at adsorption and desorption conditions, (2) the
selectivity of C@over CH, and (3)CQ isosteric heat of adsorptianThese three factors are
discussed below along with some other factors, including MObiléyaand kinetics, which are

essential for MOFs when being implemented in a PSA unit.

2.1.1 CQ working capacity

The gas adsorption properties are typically examined by measuring a gas adsorption
isotherm, as given in Figure 2.1. In this experiment, a poroaterial is exposed to a given
partial pressure of gas at a fixed temperature and the equilibrium amount of the gas that is
adsorbed is measured. Figure 2.1 represents an adsorption isotherm where the amount of CO
adsorbed in the material is plotted ohé yaxis as a function of the partial pressure of,@@t
is plotted on the »axis. The closed circle corresponds to the partial pressure paGa&hich the
CQ is adsorbed in the material, which is typically 1 bar. In contrast, the open circle represents
the desorption pressure at which @@ desorbed from the Caturated material. The
difference in the amount of Cadsorbed on the material at the adsorptigmessure and the
amount of CQremaining at the desorption pressure is defined as working capacity, which is

often quantified in the unit of COnmol per gram of the material.
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Figure2.1: Adsorption isotlerm of CQin a MOF. The close circle represents the uptake gfaC@he
CQ partial pressure relevant to natural gas processing, while the open one represents the uptake under
desorption condition¥r] represent the C@working capacity.

Working capaty dictates the amount of MOF required in the adsorbent bed in a PSA
process. The higher the working capacity the less amount of material required for the PSA
process, thus resulting in a decrease of capital and operation cost pis€faration from
natura gas.

2.1.2 CQ/CHy4 selectivity

The CQCH, selectivity is typically obtained using the singtamponent adsorption
isotherms of C@and CH, as it is challenging experimentally to measure the uptakes of
individual gases from a mixture. Here, the selectiistydefined as a molar ratio of adsorbed

amount of CQ ® over adsorbed amount of GH® which is normalized by the ratio of

their partial pressuresd  j 0

However, the calculation that originates from two single pure isotherms instead of a
binary mixture does not take into account the competition of ,Gdd CH for specific

adsorption sites that typically occurs in a binary mixture. Therefoagulation in this manner
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leads to a conservative estimation of selectivity, particularly in MOFs with polar functional
groups or metal cation sites where there is a higher affinity foy @@r CH because of the
strong quadrupole moment of GQL3.4 x10“°/ 1 2YIn order to compensate, Ideal Adsorption
Solution Theory (IASThas been used to predict the expected selectivity in a binary mixture
using single gas isotherms. In this method, using a mathematical fitting of -smmigonent
isotherms, the mole fraction of gases in adsorbed phase are calculated by solving thenfpllow

expression.

81 "Of "N WOV HE 6N é'@ﬁg,gh 81 "Of "N OB HE 6N 2clery
- - f
V) U

where X and Y represent the mole fraction of component i in adsorbed and bulk gas phases,
regpectively, and P is the total pressure. The assumptions behind the model are that the gases
behave as ideal gases in the mixture and the surface is homogeneous. Despite these
assumptions, it has been show that IAST predicts the binary selectivity vein aellide range
of MOF&>®

As shown byequation 1.1, the amount of G@dsorbed in MOFs increases by increasing
the selectivity, which improves the purity of £id recovered gas when separating these two
gases. Considering the sorbents in the current industrial PSA process that satisfiyrthe No
Americandefined pipeline specification (G@%2§, an eligible \OF must have a selectivity of

at least 15

2.1.3 Heat of adsorption
The regeneration cost of a @Capture material ultimately depends on the binding
strength of CQ with the framework, which is commonly expressed as the isosteric heat of
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adsorption, Q. The @ value gives an estimation of the quantity of energy required to remove
CQ during generation. More specifically, a material with too high ofsgf@ CQ adsorption,
despite having strong affinity for GOsuffers from the large quantity of energy required to
break a strong bond between g@nd the framework, which increases regeneration costs.
Meanwhile, despite being more readily regeneratable, a matavith too low of a Q is likely

to have a lower selectivity, which decreases the purity of @Hipeline gas. Thus, an ideal
material must have a Qst that provides a balance between the affinity fea@®the required
energy for removing CQat the regeneration stage. The calculation of; @ often performed
using two or more isotherms at different temperatures, usually within 10 K of each other. These
isotherms are first fitted to a virial equation (i.e. as an expansion in terms plo@dng (N)}o
obtain an expression for pressure (p) in terms ob @Ading. Then, the Qvalue at each level

of CQ loading is computed using the ClausiDispeyron equatiofiwhich is expressed as

[l O jY pi’Y 6 2.2
where T is the temperature, R is gases constant, and C is a constants; @héh@ limit of zero
loading, secalled the zerecoverage isosteric heat of adsorptiongd? is an interesting
parameter that evaluates the strength of €inding at the lowest C{pressures. The value of
zerocoverage isosteric heat of adsorption indiog the highest interaction energy sites within

a material can be attributed to the certain chemical features of the material, such as functional

groups and open metal sites.

2.1.4 MOF stability
As discussed in the previous chapter, MOFs are still limited in research laboratories

where most studies focus on the synthesis of new MOFs and the optimization of the general
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adsorption properties including selectivity, working capacity, and heat of atiear However,

prior to implementing these materials in industrial applications, other factors such as stability,
process design, and environmental impacts associated with these materials should also be
addressed. Here, we focus on the stability of MOIRschv directly indicates the feasibility of

their practical applications in industrial settings. Specifically, it can address how long a MOF can

be used in adsorption/desorption cycles of PSA processes before it would need to be replaced.
Interms of adeff AGA2Y > | ahCQa&a a i IstustdraAstaility @ridyherdil RS T A )
stability.

Structural stability refers to the capability of a MOF to maintain its structure after the
evacuation of its pores. This stability is critical when consideringagerial for frequent
adsorption/desorption cycles in which gas is being adsorbed and evacuated from its pores.
Generally speaking, a MOF with large pores exhibiting void fraction of 0.8 or higher usually
suffers from low stability®® This is due to fact that most of these MOFs contain solvent
molecules in their pores, which support their crystallinity, and they lose their porosity after the
solvent has been evacuated. This makes thesuited sorbents for the PSA process.

One furtker subclass of MOFs that also suffers from low framework stability is MOFs that
aK26 aGoNBFIGKAYI LKSYy2YSyl ¢ spebdificalyd this kdlves RE 2 NI
enlarging and shrinking of the pore diameter of the MOF (i.e., change in the volume of the
MOF) upon insertion or removal of guest molecules while bonds betweédithg components
are retained. Although it has been shown that this effect makes these MOFs selectively adsorb
CQ over other gaseS'they are not ideal to be used in PSA systems, as these MOFs are packed

into a bed column with a fixed volumehile their flexibility will cause these materials to
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fracture.

The chemical stability is another important factor that must be addressed when
considering MOFs for the PSA process of removingfflé@ natural gas. Specifically, it shows
the degree of vulerability of the MOF when exposed to reactive chemicals which are often as
simple as water. Although some MOFs show good stability toward acid gases susf%hed
majority of them suffer from being degradable under humidityyhich limits their application
in industrial settings. The degradation of a MOF when exposed to humid conditions can be
attributed to the fragile organic ligangimetal coordination bond that is easilydken by water.
Providing strong bonds between organic ligands and metal nodes can increase the stability of
MOFs when exposed to water. One strategy widely used by chemists to provide strong metal
ligand bonds is the use of an organic ligand on whichctherdinating atom has highkR This
was first noted by Long et al. who systemized a series of highly stable MOFs containifig, Co

Ni, and Cu as metal nodes and the pyrazolaigX®.8) as an organic ligariti®®

2.1.5 Kinetics of gas adsorption in MOF

Until now, mary of the factors that have been addressed, such as working capacity and
selectivity, are primarily based on equilibrium between adsorbed gas and bulk gas. However, in
practice the gas flows through a fixed bed absorber where adsorption kinetics can cdltien
LISNF2NXYEFyYyOS 2F (GKS YFGiSNRAIfd Ly (GKAa O2yGSEGZ
adsorbed faster than other gases based on differences in diffusion coefficients. The diffusion
coefficient of the gas in a certain MOF, is typically gifizet in cnf/s, and it indicates how
easily the gas can travel through the MOF. On the other hand, it shows how quickly the MOF is

able to adsorb and desorb the gas. Indeed, if the MOF exhibit a relatively high gas diffusion
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coefficient, it can be rapidjoaded with gas and, subsequently, unloaded. There are several
factors that can control the diffusion properties of MOFs, among which the pore size of the
MOFs plays a significate role. It has been shown that the diffusion properties of a MOF are
directly proportional to the ratio of the kinetic diameter of the gas to the pore size of the
MOF!*® MOFs with pore sizes comparable to the kinetic diameter of gakesv goor
diffusion. In the case of PSA technologies, one should use MOFs with relatively high gas
diffusion coefficients to meet desired adsorptiolesorption cycle times in the PSA platform. In
comparing with zeolites and activated carbons, some MOFs Isttosvn larger diffusion
coefficients for C® For example, MOE has a diffusion coefficient of 4.5 10% cn/s for
CQ,* which is two orders of magnitude higher than the value observed in commercialized
Zeolite 5A (10 cm?/s).®® This can be attributed to the larger pore volume in M&Rwhich
facilitates diffusion of gases into MOFs by reducing congestion effect on gas molecules during
the adsorption process. However, one should take care when choosingeplare MOF for
PSAbased separation application as it has been reported when the pore size of MOF becomes
too large, the MOF exhibits poor separation properties despite having promising diffusion
properties®
2.2 Computational tools in MOF study

With the tremendous growth of computational resources, the use of computational tools
that predict adsorption properties of MOFs have been widespread in the MOF community.
These tools can be categorised into two groups. One group includes methods thatt pihed
adsorption properties based on energy interactions between guest particles (gas) and the host

(MOF). Of these methods, the most extensively used are grand canonical Monte Carlo (GCMC)
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simulations, which is a molecular simulation based method. Agrogtoup includes methods

that predict the adsorption properties using only structural information of MOFs, which refers
to quantitative structureproperty relationship (QSPR) modeling. What follows are the review of
the underlying theory of GCMC simulai® and structurgproperty relationship (QSPR)
modeling, and the details of the major components that are involved in the GCMC simulations
and QSPR modeling in this thesis. The discussion starts with the concept of ensemble in
statistical mechanics, follovdeby details of the GCMC simulations and force field parameters
used in the GCMC simulations, and the discussion ends with stryataperty relationship

(QSPR) modeling.

2.2.1 Grand Canonical Ensemble

The basis of Grand Canonical Monte Carlo simulationsreli®e sampling a statistical
mechanical ensemble. Therefore, befageing into details of the GCMC simulatiome briefly
discus on the ensemble concept from the point of view of statistical mechanics.

In the context of statistical mechanics, macroscopioperties of a system, such as
pressure, temperature, and volume, are representations of averages over all possible
microstates. To calculate such properties, it is convenient to define an ensemble. An ensemble
is an imaginary collection of a large numloéreplicas of a system, which are all in contact with
each other. These replicas are in different microstates but they have the same macroscopic
attributes (i.e., thermodynamic variables) as the real system. For example, if a real system is
defined witha fixed volume (V), a constant temperature (T), and fixed number of particles (N),
all replicas will have the same N, V, and T. The ensemble average of any macroscopic property

(M) can be determined by,
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0O 0o 2.3
where M is the value of property M in a microstate jr&resents the probability of finding the
system in a microstate in the ensemble, and the angled brackets denote an ensemble average.

The form of Pis determined by the type of the ensemble being sampled. For example; the P

Canonical ensemble (N, V, T) is given by:

. Q

B Q
where Eis the energy of a system in a microstate i, T is the temperature, and K is the
Boltzmann constant. As an example of Canonical ensemble, consider the diffusion gf a CO
molecule through the pores of a MOF at constant temperature and volume, where the ofiove
the CQ molecule through the pores is governed upon its velocity and its interaction with the
MOF atoms. In this case, each snapshot of the @@ement inside the pores represents one
classical mechanical microstate (configuration) of the Canonicséreble, and subsequently
the movement of the COmolecule inside the pore can be considered as sampling a number of
microstates. If one observes the €@olecule for sufficiently long times (i.e., samples a very
large number of possible microsite), the aage of all velocities that are collected at each
shapshot would yield the ensemble average kinetic energy of thar@@cule within the MOF.

Ensembles can be categorized into the two groups. There are different types of
ensembles, including the microcamoal, canonical, isotherm#dobaric, and grand canonical
ensembles. The first three ensembles describe closed systems where the numbers of particles
are kept constant, while the grand canonical ensemble describes an open system where the

number of partites in the system can change. The grand canonical ensemble, in which system
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is defined with a fixed volume (V), a constant temperature (T), and a fixed chemical potential
(), is often chosen for the study of gas adsorption in MOF materials, which ¢altygreated

with Grand Canonical Monte Carlo Simulations (GCMC).

2.2.2 Grand Canonical Monte Carlo Simulation

Grand Canonical Monte Carlo (GCMC) Simulations have been widely used for study of gas
adsorptions in porous materials. Studied in this manner, GCMlaions enable us to
determine the quantity of gas that will adsorb within MOFs at a given external pressure and
temperature of the system. As the name of GCMC implies, this quantity is determined by
Monte Carlo sampling of a Grand Canonical ensembiherevthe gas chemical potential, the
temperature, and the volume of a system are kept fixed, while the number of particles can
change. Here, the chemical potential shows how the potential energy of the system changes as
a function of number of particles ia given system. The choice of GC ensemble arises from the
fact that in experimental setup adsorbed gas is in equilibrium with gas in the reservoir at a
given pressure, and at equilibrium the chemical potential of adsorbed gas is equal to that of the
gas n the reservoir, which further determines the equilibrium concentration of the adsorbed
gas inside the porous material. For gas in the reservoir, the chemical potential is expressed as

the following equatioR™

- Q
o 3 ‘ v o, \ 2.5
YO Y & o)
where, P is the pressure of the gas in reservoir, is the chemical potential in a given
standard state, T is temperature of a system, R is the gas con¥aist the fugacity of the gas
in the standard sate, anis the fugacity of the gas in the reservoir. The fugacity is obtained

from the pressure sing an equation of state such as Pdhgpinson equation, however, for low
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pressures in the vicinity of 1 bar, one can assume the gas as an ideal gas and replace fugacity

with pressure.

Monte Carlo (MC), in general, refers to any algorithm that uses nandombers. This
method has been widely employed in many fields to solve diverse kinds of problems, such as

telecommunication network optimization, finance, and computer chip design. In molecular

AAYdzE FGA2yar Waz2ydS /NI 2Q poisBMosteNBarlol Wwhergd & G S E C

preferentially samples low energy configurations of a system to prevent the sampling of
configurations which likely have no significant contribution to the average properties. Indeed,
Metropolis method generates configurationsaged on the Boltzmann distribution and then

assigns them an equal weight in an ensemble average:

ﬂv=|=[1_-. 2.6

=0 T =
. VD el gy
Such a sampling is remarkably more efficient than the purerdd@om sampling where
the configurations are generated equally and then are weighted by Boltzmann factor. The
outline of Metropolis MC Algorithm for a system of interacting, @®lecules contained in a

MOF is provided below.

=

One C@molecule already placed in the framework is randomly picked.

2. The C@molecule coordinates are randomly perturbed via a MC trial move. The
typical MC trial moves are translation and rotation.

3. The potential energy of the new configuration,lJ is evaluagtd.

4. If the energy, kkw, is lower than the energy of the old configuration, the new

configuration is accepted. If it is higher than the energy of the old configuration,
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then the new configuration is accepted based on an acceptance probability (ACC)

whichis given by the Boltzmann factor:
=Ly T F.ffﬂ'ﬁ%l 2.7

5 KSNB Kk lew cdUM)dsStde>chahge in energy between the new and old
configuration and KT is the thermal energy of the systemadoept/reject this
configuration, the value of this factor is compared to a random number generated
between 0 and 1. If the random number is greater than this factor then new
configuration is accepted.

5. If the new configuration is accepted, then it is adde the ensemble average.

6. If a new configuration is rejected, then the old configuration isadeed to the
ensemble average.

7. This process is repeated by randomly perturbing the added configuration.

When Metropolis Monte Carlo sampling is coupled with the grand canonical ensemble,
two additional trial moves insertion and deletion are added to the sampling to mimic the
entrance or removal of a gas molecule from the MOF framework. Figure 2.2 represemsof
the possible trial moves. The insertion and deletions moves are accepted or rejected according

to the following acceptance probabilities

Deletion trial move;

oL d . = 2.8
ML T g e B T T
T
Insertion trial move;
2.9

T g o B O T— T T

Il
e
L
e
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where is the thermal de Broglie wave length, V is the volume of the system, P is the partial
pressure of the gas in the reservoir, T is the temperature of the system, K is the Boltzmann
constant, N is the number of molecules in preceding configuratigm, ilthe potential energy

of a configuration after the insertion trial moveyWis the potential energy of a configuration
after the deletion trail move, and s the potential energy of the preceding configuration.

By substituting chemical potential ( with equation 2.5, following probabilities based on the

pressure of the gas are obtained:

Deletion trial move;

r 2.10
SERARE -~ TY
T I
Insertion trial move;
ih T T 211
Al g Th o T T
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Figure2.2: The basic moves in a GCMC simulation: a) Ag@&3t molecule is displaced by a random
translation and rotation. b) A molecule of gi®deleted (to the right) and inserted (to the left).

As these two probabilities show, the acceptance of a new configuration for the
deletion/insertion move is based on both chemical potential and potential energy in the GCMC
scheme which is different from translation/rotation probability, where acceptand@ased only
on potential energy (equation 2.7). Indeed, these two acceptance probabilities allow the
number of molecules to fluctuate in a system based on the Boltzmann distribution, where the
more probable states (i.e., configurations) have more sigmficantributions to the average
properties.

To determine the number of adsorbed gas molecules in a MOF at a given T and P, a
GCMC simulation is performed at two stages: (1) equilibration and (2) production. In the
equilibration stage, the MOF undergoasually 10 GCMC trial moves (GCMC steps) to reach

equilibrium. Specifically, at this stage the gas moleculedareurablyinserted into the pores
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of the MOF rather than deleted from the pores. This is attributed to the fact that the chemical
potential of the molecules of the adsorbed phase must be equal to that of the gas phase at
equilbrium. Once equilibrium is achieved, the system undergoes the production stage, where
10" additional GCMC steps are taken to calculate the average number of molecules that will
adsorb in the MOF. Such simulation requires an efficient method to calculatertérgy, as the
energy of a system must be calculated at each GCMC step. For example, if it takes only a half
second to calculate the energy at one step, thefi dflergy calculations would require almost 4
months. For this reason, the energy is calculatisthg molecular mechanics force field rather

than expensive electronic structure based methods such as density functional theory (DTF).

For the sake of computational efficiency and simplicity, the majority of GCMC simulations
of gas adsorption in MOFs aighree approximations: (1) the atom positions of the MOF
framework are kept fixed in their crystallographic positions, (2) gas molecules behave as rigid
molecules, and (3) the energy of a system, which refers to adscdmgerbate interaction and
adsorbde-adsorbent interaction, is described by shoainge steric and dispersion interactions,
and longrange Coulomb interactions. These interactions are assumed to be pairwise and are
calculated using a set of potentials, also known as force fields, whictistessed in section

2.2.2.2.

2.2.2.1 Periodic boundary conditions

Because MOF is crystalline solid, the cluster model approach commonly used in
computer simulations of discrete molecular systems cannot be used in the GCMC simulation of
MOFs. For this reasorhé GCMC simulation of a MOF is performed on a unit cek (set of

Ydzf GALX S | R2l OSy (i dzy AvhichGsSSd traasktion@lly finvaBaRrt sét of Wa dzLJS

38



uOttawa Chapter 2 Mohammad Zein Aghaiji

representativeatoms of its infinite crystal. However, such representation increases surfac
effects, which would strongly affect the overall properties of the system. Having large surface
effects in the unit celbased representation is attributed to the fact that the surfaoebulk

ratio of molecules in a finite system is larger than thataaf infinite system. To remove the
surface effects and simultaneously mimic the infinite nature of a MOF, periodic boundary
conditions are imposed on the system such that an infinite number of image cells are placed
around the main simulation cell. Here,@ach image cell, molecules have relative positions and
velocities identical to those in the main simulation cell. Treated in this manner, it seems that
the numbers of interactions to be considered becomes infinite. However, the nundfers
interactions tha need to be calculated for the sherange interactions will be reduced by
imposing acut-off radius on a van der Waals potential (see details in section 2.2.2.3). Indeed,
short-range interactions are calculated only for pairs of atoms whose internuclear distance falls
within the cut-off radius In addition to acut-off radiug the minimum image coventionis also
implemented to treat the shortange interactions. According to theninimum image
convention, molecules only interact with the closest image of other molecules, and
consequently only these interactions need to be calculated. To followntiemum image
convention, the cubff radius must be< Lyine, Where Lyin is the smallest dimension of the
simulation cell. Therefore, a simulation cell must be constructed such that the length of its

smallest dimension is larger than 2 A typical value fotyin2is between 12 and 14.A

2.2.2.2 Force Field
The core of GCMC simulation is force field that is used to calculate the potential energy

of a system at each GCMC step. The term Force Field arises from molecular mechanic methods
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in which thepotential energy of the system is expressed as a collection of simple mathematical
functions and predefined parameters. A general force field can be broken down into bonded

and nonrtbonded terms. The nebonded terms, also known as intermolecular termsrtpin to

steric and dispersion interactions as well as electrostatic interactions. The bonded terms, also
known as intramolecular terms, describe how the energy changes due to bond stretching, angle
bending, and torsional twisting. In modeling of gasagson in MOFs, only nehonded terms

FNE O2ya4ARSNBR F2NJ SySNHe OFtOdzZ FGA2yax | a GK
molecules behave as rigid molecules. Therefore, here we focus charated terms, including

van der Waals and electrostatinteractions.

2.2.2.3 Short-range van der Waals Interaction Potential

Most MM force fields combine the dispersion interactions with steric interactions in a
aAy3atS W@y RSN 2FFfaQ LRGSYOGALE FdzyOlA2yd ¢K
the LennardJones or 15 potential, which is expressed by:

212
0O T1- — —

where- and, are specific parameters for interactions between atonandd,i is the
distance between atom A and B, adds the number of atoms in the simulation cell (restricting

A and B to be on different molecules). Tpiei branch of the potential represents steric
repulsions at short distance arj i branch arisesrom the dispersion attraction between
atoms. A van der Waals Interaction, as shown in the equation 2.12, decays rapidly with distance
and can be neglected after a certain distance. Such a behavior enables one to treatasigert

van der Waals interactianwith minimum image convention in systems that utilize periodic
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boundary conditions, and to introduce a eoff radius in van der Waals potential. As
mentioned in section 2.2.2.1, only interactions within a-offtradius need to be calculated. To
calculde these interactions, one needs to deal with Lenndathes parameters. The-JL
parameters that define the well depth, , and the distance of the potential well, , are

usually based on the atom type of the two atoms involved. The atom typeeisrasentation of

an atom which contains information such as hybridization state and local environment in
FRRAGAZ2Y G2 FG2YAO ydzYoSNX» C2NJ SEF YLX S5 &/ ! ¢
filed relates to sparomatic carbon in a-nembered ring vith 1 substituent.

The force field parameters are developed for specific classes of materials (such as AMBER
for proteins and nucleic acid) or for genepalrpose use. Because MOFs are a new generation
of porous materials, the number of force field paraes that are specifically designed for
them is not great. Therefore,-L parameters for the framework atoms of MOFs have been
taken from several generic force fields that are developed to cover a large portion of the
periodic table. Among the generic faercfields used, the DREIDING force feldnd the
Universal Force Field (UERre the most widely used and have reproduced eipental data
with reasonable accuracy?*?® In contrast to MOFs, the-L parameters (and atomic charges)
for gas molecules areften taken from welestablished force fields such as the TraPPE force
field®” which are specifically designed for atoms in gas phase. These force fields are typically fit
to experimental data such as vapeligiuid equilibrium properties to reproduce some observed
properties of gases.

While aforementioned force fields provideJLparameters for an interaction between

two same types of atoms, the M&lgsorbate interactions invariably involve vdW interactions
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between different types of atoms. To calculate these interactions, the Loiggrthelot mixing
rules have been applied to determine the parameters for cross interaction:

P 213
C

- - - 214

2.2.2.4Long-ran ge Electrostatic Interaction Potential

In contrast to the van der Waals Interactions, Coulombic interactions between atomic
point charges decay proportional to 1/r. Such a slow decay prevents a direct implementation of
cut-offs or minimum image convention as are used in strarige van der Walls interactions.
Electrostatic forces are loagnged, and consequently the electrostatic forces from many
image cells contribute to the force on a molecule. Coulombic potential energl wioéecules

in a system with periodic boundary conditions is given by:

——_—
" Il a 2.15
Ai i —— T T E

T A oA AR

where the interaction between partial chargés andfi summed over all n replicas of a cell
with side length L. Owing to the fact that the lerenge convergence of the electrostatic
potential is very slow, many values in the summation are required, which dramatically
increases the computation time. Moreovesquation 2.15 is infinite at © 1, which makes a
Fourier transform technique, where a periodic function is expressed as a series of simple sine
and cosine functions, inappropriate for this case. For these reasonsydogg electrostatic
interactions n periodic systems are treated with the Ewald summation technique, where a
longrange electrostatic interaction is divided into two parésshortrange contribution, and a

long-range contribution which is not infinite at® 1. Here, the error functionQ "Q i, and
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the complementary error functiorQi "Qa, are chosen for this decomposition.

. 2.16
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where the first term, which is proportional to erf(r)/r, represents the lenagge interactions
which unlike the 1/r term is finite at the origin (blue curve in Figure 2.3), and the second term,
which is proportional to erfc(r)/r, represents the shaenge electrostatic interactions which
converge faster than 1/r (black curve in Figure 2.3). The shode erfc(r)/r contributions are
treated with the shortrange cutoff distance approach as used in the van der Waals potential.
The longrange contribution(first term) is calculated with Fourier analysis methods as there is
no infinity ati © 1. The range of the two terms in the expansion can be optimized with the
choice of values for the parameter which represents the rate of decay of the error function.
Finally, to calculate the electrostatic interactions using equation 2.18, one needs to determine

n andn according to methods discussed below.
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Figure2.3: A behaviour of functions (red curve)/—— (blue curve), and—— (black curve) against a

distance between two atoms,.

In principle, the electrostatic interaction for adsorba®OF and adsorbatadsorbate
interactions would ideally be calculated from the Coulomb intamatd between the charge
densities (Figure 2.4a). However, this would require a lengthy QM electronic structure
calculation of the potential energy surface. Thus, the electrostatic interactions are commonly
calculated by replacing the complicated charge signon the interacting species with a fixed
partial atomic charge model (Figure 2.4Bhhe most common charges used are electrostatic
potential (ESP) fitted chargewhich is extracted form a quantum mechanics calculatitere a
guantum chemical calculmtn of a molecule is performed and the electrostatic potential
around the molecule evaluated as shown schematically in Figure 2.4a. Then, partial atomic
charges on the molecule are adjusted such that the electrostatic potential due to these point
charges bst matches the electrostatic potential resulting from the QC calculat@nthe
methods that use this approach, the REPEAT method, which was developed by Woo and
coworkers?® has been widely used in a wide variety of MOFs. In the REPEAT method, the partial

atomic charges on the MOFs are adjusted such that the electrostatic potential (ESP) due to
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these point charges matches the ESP from the periodic QM calculation. More caibgita

leastsquares fit is performed to minimize the relative difference between the QM ESP and the

ESP from point charges.

+0.3

+0.9 06

Figure2.4: a) A representation of the electron density, and” , of two nteracting molecules. The
surface around each molecule shown is an isosurface of the total electron density. The colors reflect the
electrostatic potential due to the nuclear charges and electron density of the molecule at that isosurface
point. Red regios represent regions of negative electrostatic potential, while blue regions represent
regions of positive electrostatic potential. b) Partial atomic charges (in units of electron charge)
commonly used to approximate the electrostatic interaction betweerauoles.

To use the REPEAT method, periodic DFT calculations need to be performed to obtain the
ESP necessary for the fitting procedure. Here, the unit cell of a MOF is used in the periodic DFT
calculations, where the wave function (or the traditional ateentered Gaussian functions) of
the unit cell is optimized in the presence of its periodic images. This approach provides a more
realistic model of crystalline systems compared to the molecular DFT methods that use cluster
models where a subsection of aOF is modeled as an isolated system. In the REPEAT method,
periodic effects and long range electrostatic interactions are more properly accounted for. In
this thesis, the periodic DFT calculations were performed using the Vienna Ab Initio Software

PackaggVASPY*? for two purposes: (1) to calculate the ESP needed for the REPEAT atomic
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charge calculation, and (2) to optimize the positions of H atoms of MORegehl as to relax
other framework atoms if full optimization is required.

Although the REPEAT method is a robust method to derive ESP charges and obviates the
need to construct a cluster model of a MOF as required for cldsased charge derivation
methods, the required DFT calculation usually takes an hour for one material. Such-a time
demanding calculation makes this method infeasible in the screening of hundreds of thousands
of MOF materials for ga®lated applications. Alternatively, charge equidibon (QEQ)
methods, which compute atomic charges in seconds, have been used in several studies of
MOFs. An example of this is the work was done by Snurr &tvaio used a QEq method to
calculate the atomic partial charges in the screening of 134@@fbthetical MOFs for GO
capture. Although they were able to recognize hmgrforming MOFs, it was later shown by
Woo and coworkers that the QEqQ charges produced were particularly high for tlaadCF
functionalized MOFs, which significantly oestimated the C@uptakes in hose cased! A

brief discussion of the QEqg method is provided in followewjien.

2.2.2.5 Charge Equilibrium methods
The QEq methods are based on an expansion of the total energy of a system in terms of

partial atomic charges on the atoms as shown in equation 2.19.

O M 8 M 2.19
o . gr']u
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Specifically, it states that the atomic charges for a system with N atoms can be obtained by
minimizing equation 2.19 where the first term accounts for a sum of the charging energy of
each atom, the second term represents a sum of interatomic Coulombaictiens 0

between pairs of atoms in the unit cell, while the sum in the third term accounts fai all
periodic images, and the last term which includes the Lagrange multipliexc€ounts for the
constraint where the sum of individual atomibarges is equal to the total system charge

O , ..., and0 are the ground state energy, atomic electronegativity, and atomic hardness of
atom A, respectively. The minimization of equation 2.19 is performed by taking the first partial
derivaive of the total energy with respect to all of the charges. Taking this procedure and
considering the derivatives to be zero (stationary point), N linear equations are obtained, which

can be written as:

. E - g 2.20
€ he
4
where'E N FE is the charge column vector, ? R B s the electronegativity

column vector, andl is the Coulomb interaction matrix. Owing to the fact that the J matrix
elements between two atoms decay very slpv@ pj i), the Ewald summation approach is
used to calculate these elements. The above matrix is solved iteratively until the charges have
converged.

In this thesis GahC St SOGNRAGI GA O (MBRARBg aethbdt 2 LJG A
recently proposed by Kadantsev et alas used to calculate the atomic charges for 340,000
hypothetical MOFs. In the MERQEq method, the parameters of the QEg methods (i.e.,
electronegativity and hardness) have been trairtedreproduce the DF@lerived dectrostatic

potential in a large and diverse set of MOfs.
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2.2.3 Quantitative Structure zProperty Relationship (QSPR)

Quantitative structureProperty relationship (QSPR) modetsre been widely
considered as a coseduced and accelerated tool in the development of new materials in the
fields of chemical/biological science and engneg. Nowadays, most material discovery
processes are accompanied by QSPR approaches. Their unparalleled success in the recognition
of highperforming chemical/biological materidfs*® makes them an efficient tool in the
rational design of mirials for a variety of applications. Basically, QSPR attempts to explore
reliable relationships between the chemical structure and target property of studied materials,
GKAOK OFly fSIR (2 RSTAYS GNUzZ Saé¢d ¢ KNAI  GXQHz
performance or to define priority features necessary for the design of -pagforming
materials.

Like other data mining techniques, QSPR requires a training set, upon which the QSPR
models are developed, and a test set, upon which the predictivétyalof QSPR models is
validated. The training set should be structurally diverse enough to cover the range of physical
and chemical space relevant to the target property of studied materials. Also, the training set
must be excluded from any materialstbe test set.

QSPR modeling is carried out in three major steps: (1) selecting appropriate descriptors,
(2) applying QSPR modeling methods to create the model between descriptors values and
target values, and (3) validating the QSAR model. The detailsesé steps are discussed

below.

2.2.3.1 Descriptors

x
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correlation of chemical structure with various physical properties, chemical reactivity or
oA2f 23A OF This indudes @ widedvabiéty of physical and chemical features which can
be broadly classified as constitutional, topological, geometric, and quaichemical. Among
them, the constitutional descriptors are the simplest, most common dptis that do not
contain information on the electronic structure or the geometry of a material. Examples of
constitutional descriptors can be molecular weight, atom count, and the number of aromatic
rings®* Topological descriptors describe the bonding information and connectivity between
atoms in a materiat? Geometric descriptors describe the threémensional geometry of a
material. Examples of structural descriptors include material surface area, material maximum
pore diameter, void fraction, and material void volufffeQuantumchemical descriptors are
calculated using semiempirical, DFT, or ab initio methods. Examples of these descriptors are
orbital energy, partial atomic charges, ESP, polarizability, and multipole mofffents.

The predictive ability and reliability of QSPR models strongly depend on the correct
choice of descriptors as well as the number of calculated descriptors used in QSAR model
development procedw. The number of calculated descriptors should be large enough to
distinguish information between structures. However, if the number of descriptors is too large,
particularly much larger than the size of data set (i.e., the number of materials)}ittveg can
occur in QSAR model. Ovfeting can result in a number of different equivalent QSAR models
which are built from different combinations of descriptors, none of which can reliably make
predictions for a new data point. Also, when a very large nunabelescriptors are used, QSAR
models are often complicated and are not easy to interpreted. Furthermore, owing to the fact

that usually only a subset of calculated descriptors contains information relevant to a target
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property, removing redundant and in@vant descriptors can improve the performance of QSAR

models. Therefore, QSAR modeling is often accompanied by descriptor selection.

Typically, descriptor selection is carried out through two approaches: wrapper methods
and filter methods™ In wrapper methods, the space of all possible descriptor subsets is
searched using a method which is wrapped around a regression or classification model. More
specifically, a subset of various combinations of descriptors is generated by the seahddmet
then is evaluated through training the regression or classification model (see below for
RSTAYAGAZ2Yya0 2y | adzoaSi 2F GKS GONIAyYyAy3d asSias
the model performs. This is performed on multiple different subsdtdescriptors and the set
gAOK 0Sald aaoO2NBe¢ Aa aStSOGUSR® Ly &a2YS 4NILJ
Ga02NB&a¢ IINB LI 4aSR 2y 20GKSNJ adzoaSiaod 9EI YLI !
and backward method® the genetic algorithm method’ and the artificial neural network
method?® Unlike the wrapper method, filter methods do not interact with the regressing or
classification modelinstead, it only deals with the statistical properties of descriptors. An

example of a filtetype descriptor selection is removing correlated and Jeaviance

descriptors from all calculated descriptdis:°In this thesis both approaches were used.

2.2.3.2 QSAR modeling Methods

Generally, QSPR modeling is carreed in two fashions: (1) regression, where a set of
descriptors (predictor variables) is related to a set of targets (response variables), and (2)
Of FAaaAFAOIGA2Y S GKSNBE LINBERAOG 2N ABSNWF20NVS &Y 1€ NE
Gf 20 NIMSNIEHZ 0 NI GKSNJ 0KIFy O2yiUAydz2dza NBalLRyaS ¢
QSAR modelling, classifier is trained on training data to return a score often between 0 and 1
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for each material which is then transformed to a class label assignadraterial by choosing a
classifier cubff value. The common methods used in these two approaches are discussed in

the following two sections.

2.2.3.3 Regression QSAR modelling methods
The simplest and most common method used in regresbased QSAR modellingthe
multilinear regression (MLR), where a target property of a material is correlated to its

descriptors with the use of a linear function:

LA le. e e g 1o
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where ¢ is the number of descriptorsy and w are descriptors and target property for the ith
material, respectively, andare coefficients that are found using the leasjuares criterion.

This method can also be extended to any order of polynomial regression. While this method is
favoured due to its simplicity and ease of interpretation, it suffers from overfitting in cases
where the number of descriptors is larger than that of samples. It is said that the number of
descriptors used in this model should be at least one fifth the number of samidlesddition,

this method is not appropriate for cases where the descriptors are correlated to each other as it
does not take into account dependency of descriptors. As alterestiprinciple component
regression (PCR) and partial leaguiares (PLS), where linear regression models are built on
dimensionally reduced data, are used. Basically, PCR is performed in two stages: (1) descriptor
values are first transformed onto a newardinate system such that the first coordinate
(principle component) has the largest possible covariance of descriptors and each succeeding
component in turn has the highest variance, and (2) a subset of components, including the

highest variances of desptors, is selected to be used in the regression procedure. Similarly,
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PLS tries to find énear regressiomodel by projecting both the descriptors and tterget
propertiesto a new spaceMore specifically, it searches for -salled latent variables (LVs),
which explain as much as possible of the covariance between descriptors and target properties
(i.e., response variables) while modelling the responses of the ttgpgeperty well LVs
themselves are not observable, but they are the underlying factors which accounts for most of
the variation in the target property. Indeed, PLS avoids the problem of collinear descriptors by
extracting these LVs while simultaneously dets the response of the target property. This
method is particularly suited when the number of descriptors exceed the number of samples,

and when multiple target properties need to be predicted.

2.2.3.4 Classification QSAR modelling methods

As mentioned before, in classification problems, where materials are categorized into
predefined classes, the predictor variables are related to the classes. The simplest method used
to find this relationship is the decision tree (DT). A DT model is aatgitypically from simple
binary rules) in a recursive fashion by partitioning a training set into successively purer subsets
of materials from any of the predefined classes through choosing appropriate descriptors with
certain thresholds. Figure 2.5 shows example of the DT graph for a set of samples with a
OAY Il NB OfINEBZNMKABRIS NFFV2ZRNNY Gl AE & 91 OK 0N} yOK 27F
threshold level given for the value of the descriptor, where the samples with values higher than
the level threshold are branched to the right, while samples with lower values are branched to
the left. Each no#terminal node of the tree represents the descriptor used to separate
samples. Each terminal node represents an averaged DT score over all the sampdes in i

corresponding branch, which can be related to a class label by choosing a classiiéfr cut
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value. For example, with the c@t T ¥ 2F nodp> GKS 3INBe G(GSNX¥AYI
LINSF2NX¥AYy3Ie Oflaa 27F al YLI Sa sifer HeSdiptof Rdretterg (0 K S
than X and the values for descriptor B greater than Y. In this thesis, the decision tree (DT)

models were built using the Scikéarn module for Pythor?

Descriptor A

Descriptor C Descriptor B

<2 >Z <Y >Y
score score score score
0.39 0.45 0.22 0.85

Figure 2.5: An example of a Decision Tree (DT) model with three descriptors A, B, and C. Each branch of
the tree represents a threshold level given for the value of a descriptor (X for descriptor A, Z for
descriptor C, and Y for descriptor B), where the samples waithes higher than the level threshold are
branched to the right, while samples with lower values are branched to the left. Thepaifirming

node is highlighted in grey. The scores in the lowest branches are averaged QSPR scores over all samples
in that branch.

While DT is favored for its ability to provide simple general rules which can be easily
followed in rational design of materials, the greatest predictive power in classification problems
lies in nonlinear machine learning techniques such as sup@ator machines (SVMs) capable
of handling complex correlation patterid.SVMs have been designed to minimizeistural
risk thatprevents oveffitting by incorporating aegularization penaltynto the model

development procedure. The regularization penalty can be viewed as implementing a form
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of Occam's razathat prefers simpler functions over more complex ones, controlling the
bias/variance tradeoff. Other machine learning methods, such as Artificial Neural Networks,
are based on empirical risk minimization, which minimizes thdéerdihce between the
predicted target property and the actual target property. Therefore, SVMs are less vulnerable
to the overfitting problem, and so they can typically deal with a larger number of features.
Here, we briefly discuss the details of SVMg. the sake of continuity and clarity, we first

introduce linearly separable classification problem, and then discuss-linearly separable

classification problems.

® (I o

o ©® o

® o ‘ ® . Class 1
Class 2 ‘r

Figure2.6: An example of a linearly sepdle two-class data with possible separating lines. Lines in
light0 £ dzS O2t 2NJ I NB aaA3dySR a aolRé¢ fAySa FT2NJ OKIF N
while the line in darkblue color is an optimal line which SVM attempts to find.

As an example of linearly separable classification problem, consider-alés® data set
in Figure 2.6, where red color represents one class and green color represents the other class.
The goal of SVM is to find a line which optimally separates the smatiat all existing points
are classified into different regions of the two dimensional space, but more importantly,
additional points that are added later to the two sets will have the greatest likelihood of being

correctly classified as well. Clearyeth are many lines (see Figure 2.6) that can linearly
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separate these two classes from each other, but all of them are not equally good from the
{+aQad GKS2NER LRAYyG 2F GOASgd ! aSLINIYGAY3I fAYS
because it wil be noise sensitive and will not generalize correctly. In other words, a small
change in the position of a point will move it from one class to the other. In fact, the line should
be as far as possible from the data points in both classes. This is exhatlyhe operation of
SMV relies on: finding the line that gives the largest minimum distance to the training
examples. This distance receives the important nammafging A G KAy { +aQa (KS2N
Wi Ay SQ A aK aNBIBIarCHRYRSIK® af geléralization to spaces of more than two
dimensions(in geometry a hyperplane is a subspace of one dimension less than its ambient
space. If a space isddmensional then its hyperplanes are thelithensional planes, while if the
space i2-dimensional, its hyperplanes are thelimensional lines* With this notation, SVM
attempts to find the optimal separating hyperplatfeat maximizeghe margin of the training
data.

In most cases, training data are too noisy, and finding completggrating hypeslane
(i.e. zero training error) will lead to poor generalisation. This is because the model iftivgrthe
idiosyncrasies of the noise in the training data. To avoid this, SVM allows some points to be misclassified
or even within the margin (see grayea (margin) in Figure 2.7), while stitbximizingthe margin of
the training data. This refers to the balanbetween margin maximization and training error

minimization.
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Figure2.7: An example of noisdata, where SVM finds an optimal hyperplane (blue line) by maximizing
margin (m) and allowing some points to be misclassified or in the margin (eagd X). The gray area
represents the margin.

In terms of formalism, an optimallseparating hyperplanéor two-class materials with n
number of descriptors can be written as:

o O -H- 2.22

where the parameters) and ware found by maximizing the margia, pj &b & through

solvingthe following constrained optimization problem:

minimize== 6B - 223
subjecttoc) V& @ p -, for ®f ph p andQ pfB FE
where the minimization of— 6B - represents the maximization of the margin ,
0B - accounts for the possible training error (poirtsand w in Figure 2.7)w is the class

labelande A & G KS RSEONARLIE2NI 9SOG2NI 0 A dSdx EfwI EHZ
material® A& daftl O] GFNARIofSéE Ay Fy 2LINAYATLFGAZY ¢
the separating hyperplane if an instance is misclassified and 0 if otherwigethe vector
perpendicular to the hyperplane, and is the regulaization parameter which controls the

trade-off between margin maximization and training error minimization. The reasons for

56



uOttawa Chapter 2 Mohammad Zein Aghaiji

introducing the regularization parameted, is to control possible overfitting occurring in noisy
data and to generalize the SM\brel>®

With the use of the Lagrange multiplier, the optimization problem becomes:

" K ) ) ' 224

where| andi are Langrange multipliers and:

~Ezvz
The minimization ob with respect towy 0, and- gives:

b andp e 2.26

Substituting equation 2.26 into equation 2.24 gives the dual version of the constrained
optimization problem:

max 4 B ) s 2.27

Subject o i

wherew&bp is the dot product of descriptor vectors for materi&nd’Qand| is obtained by

maximising the functiomw. Once are found,0 is obtained by0 B | ww. Considering
any o that satisfiesd 08» @ pand substitutingd B | wointow 08w ®
p gives:
2.28
oy o8

Once b is obtained, substitutingd B | oo into Qo | QO& @, gives the
hyperplane with the maximum margin:

2.29
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where wis the descriptor vector for an unknown material.
For nonlinearly separable data in input space (the space where poirgre located),
descriptor vectors are mapped onto one feature space (possibly with a higher dimension)

where the separating hyperplane is found as illustrated in Figure 2.8.

e o °
®
e o 4 ) Oy
[ ) ® ®
Input Space Feature Space
o /o0 o
%, % The solution

in the input space

Figure2.8: A representation of mapping descriptor vectors from an input space onto a feature space
where data is linearly separable

By replacing the descriptor vectors with transformed descriptor vectos , the dual

version of the constrained optimization problem becomes:

max=| B:: » go-

=8 e 2.30
Subject to - b

o P

which requires very expensive computationtofw (due to its extremely high dimensionality)
for the calculation of" @ 8 w . To avoid such an expensive calculation, since only inner
product of? @ involves in the constrained optimization problem, SVM uses a kernel trick

which replaces the inner product with a kernel functi@where

L o fo-

N e:8 e 231

Considering equation 2.31, it is not necessary to know explicitly, as kernel function is a
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function of descriptor vectors in an input space, and returns the inner products between
transformed descriptor vectors. Examples of kernel functions use®&MV methods are

provided in Table 2.1.

Table2.1: Examples of kernel functions used in support vector machine

Function Name
Qoo N wab Polynomial kernel
. 0w . . . :
Qo Qwn — Gaussian radial basis function(rk
Qwhw  Qown B Exponential kernel
o 0w .
Qwhw n w8 Qwn — Hybrid kernel
Qo  OAT@ay | Sigmoidal

By replacing® & 8 @ with O @whb , the dual version of the constrained optimization

problem becomes:

maxd B ». - 2.32

Subject to D

where| is obtained by maximising the functi@nand the hyperplane is described as

2.33

He v I

As given in Table 2.1, the kernel functions include parameters suQamar) in the case
of a polynomial kernel. These parameters and even the regularization parametannot be
defined from the optimization problem, and must be manually tuned until the optimum values
are achieved. This can be done by generating a set of mod#h different parameters,
evaluating each of them on a set of unseen materials that were not used in the model

development procedure, then selecting the model with parameters that show the highest
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evolution metric value (e.g.,’Rnetric for regression)Using a test set for validation increases
GKS NAxal 2F 20SNFAGGAY3T Ay GKS Y2RSt | a GKS
(parameters), and as a result evolution metrics no longer report the generalization
performance. To prevent this prédm, a crossalidation method is used. This involves dividing
the training set into subsets, removing one subset (called validation set), building QSPR model
using the remaining subsets, then validating the resulting model on the removed subset. The
lastthree steps of this process are continued until all subsets have been validated against each
other. The quality of the model against each omitted subset is measured using evolution
metrics, which are discussed in the next section, and the average vahleis as an estimate
for the model performance.

In this thesis, the RBFased SVMs were built using the Python programming language
and the scikifearn toolbox>> The kernel parameter and regularization parameter were

optimized in a grid search fashion through cresfidation.

2.2.3.5 Validation of QSAR models

As mentioned before, in QSAR modeling, data is split into a training set and a test set.
The training set is @l to develop the model, and the test set is used to validate the model.
Validation involves comparing predicted properties with observed properties in the test set,
indicating the predictive power of the QSPR model. This predictive power is measured by th
'Y metric according to equation 2.34 in the case of regression and by accuracy metric according
to equation 2.35 in the case of classificatiorg I the number ofsamplesw and w are the
observed property and the predicted property, respeet for materialQw is the average of

the predicted property, andOw  w is the indicator function wherd®Ow «© pifo
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and 0w o nifo o.

y B o ® 2.34
P B % @

o ) 2.35
WWWO i £oo(;)Ou) w

Good QSAR models hae values and accuracy values close to 1 for regression and classification

problems respectively.
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3 Computational modelling of CO 2 adsorption on Phosphonate

Monoesters -base MOF
This chapter discusses calculation performed @umBDPMe, which is the first Phosphonate

Monoestersbase MOF is reported. This study was performed in collaboration with the Shimizu
group at the University of Calgary, and was published in paftteimonger,S. S.; Liang, J.;
Vaidhyanathan, R.; Martens, I.; Shimizu, G. K. H.; Daff Thomas, D.; Aghaji, M. Z.; Yeganegqi, S.;
Woo, T. K. J. Am. Chem. &1 133, 2004820051.My role in this study was to perform the

GCMC simulation and DFT calculation to elueidla¢ behavior of C£adsorption in the MOF.

Abstract

Bidentate phosphonate monoesters are analogues of popular dicarboxylate linkers in MOFs,
but with an alkoxy tether close to the coordinating site. Herein, we report a computational
study onCu(1,4benzenediphosphonate bis(monomethyl ester), CuBDPMe, which has a modest
CQ uptake capacity, with a high GBeat of adsorption of 45 kJ miblComputational modeling

reveals that the CQuptake is extremely sensitive both to the flexing of the sttwe and to the

orientation of the alkyl tether

3.1 Introduction

Metal Organic Frameworks (MOFs)/Porous Coordination Polymers (PCPs) offer systematic
and tuneable routes to the generation of new porous solid&e role of the organic linkers is
foremost to delineate the primary pore structure but these groups also define the chemical
potential of the pore surfacésand can possibly kinetically gate sorption phenom@ithe fact
that these solids can also demdrege flexible architectures further extends their scientific
interest and offers potential for new applications tied to their dynamic behaviour.

Many MOF/PCP materials reported incorporate carboxylate anions as, in appropriate rigid
and polyvalent forms, these linkers provide sufficient thermodynamic stability to enable

permanent porosity but also sufficient kinetic lability that crystalline products are typically
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obtained. Phosphonate monoesters (RP(=OM)(OR) are a largely unexplored ligating
functionality in coordination polymer sciené€. It was reported the compound Zn 1,4
benzenediphosphonate bis(monoethyl ester), Zn(BDREtyan der Waals compound with
permanent porosity despite having only tvdimensional connectivity. In this compound, the
monoanionic and bidentate coordination mode of the phosphonate monoesters was
reminiscent of the ligation displayed by dicarboxylate linkers in MOFs. A fundamental
difference between a phosphonate monoester and a carboxylate is obviously the presence of
the alkoxy tether on the P atom.

The following describes the computational modeling ot @@sorption in a phosphonate
based MOF, CuBDPMe. The characteristics glu@t@akes, including adsorption isotherm, heat
of adsorption, and binding sites, in CuBDPMe are modelled via a combination of grand
canonical Monte Carlo (GCMC) simulation and density functional theory (DFT). Our modeling
reveals that the COuptake is sentive both to the flexing of the structure and to the

orientation of the methyl tether.

3.2 Computational details

DFT calculations were carried out in the Vienna ab intio simulation package &/ASP).
The PBE exchangerrelation functionai***and PAW potetials**°were used with an energy
cutoff of 520 eV. All DFT calculations used a single unit cell with a gamma centred -pxx2 k
grid on the Brillouin zone. The seenpirical dispersion potential correction of Grimfsvas
included in the energy andorce calculations with the default parameters for the PBE
functional. Spin polarisation was enabled for all calculations to account for’teidl) centers.

Depicted in Figure 3.1 is an isosurface plot of the net spin density for the empty framework of
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Cu This reveals that the ground state is antiferromagnetic with localization of the spin on the
copper centers. The localization of the spin on the different metal centers could be controlled
by using the MAGMOM key in VASP which spin polarizes thel idérssity guess in the

calculation. Negligible difference in energy was found for the permutations of spin up and spin

down metal centers.

Figure3.1: Ground state spitlensity localization from DFdalculations of CuBDPMe at an isosurface
value of 0.5e. Up (purple) and down (green) unpaired spins are localized on the copper atoms.

Grand canonical Monte Carlo (GCMC) simulations were based on classicdieldrce
using Lennardlones parameters given iTable 3.1 and partial atomic charges given in Table
3.2. For the framework, the Lennadbnes (LJ) potential were taken from the Universal Force
Field (UFEJ and combined with LorentBerthelot mixing rules for cross terms. The non
bonded parameters oEQ were taken from GarciSanchez et df who optimized them from a
self-consistent fitting of the experimental adsorption isotherm data in a large class of zeolite
frameworks with the predictions of Gibbs ensemble Monte Carlo calculations on thesensyste
The C@molecule had a fixed bond length of 1.16 A and partial charges of +9a6450.332%
for carbon and oxygen. Partial atomic charges for Coulombic interactions involving the

framework were calculated using the REPEAT metRothere atomic chages are fitted to

66



uOttawa

Chapter 3 Mohammad Zein Aghaiji

reproduce the electrostatic potential derived from the DFT calculations. To derive these
charges, the hydrogen atom positions of theay structure of CuBDPMe were optimized at the
DFT level and the then optimized structure was usedHerderivation of the REPEAT charges.

Table3.1:. LennardJones parameters from the UFF

Atomic type K kK 170
Cu 3.1137 0.005
C 3.4309 0.105
P 3.6946 0.305
O 3.1181 0.060
H 25711 0.044
C(CQ 2.7450 0.05948
O (CY 3.0170 0.17023

Table3.2: REPEAT partial atomic charges for thaystructure of CuBDPMe.

atom ql/e
Cu 1.023
P 1.322
o1 -0.672
02 -0.782
O m -0.467
Cu 1.023
Ci1 -0.167
C2 -0.179
C3 -0.164
Cm 0.134
H1 0.163
H2 0.181
H_ m 0.005

The GCMC simulations were run using ahonse developed code based on the open
source DL_POLY classic package (formerly known as DL_PO®FEgr Zhe guest molecule
addition anddeletion moves, the ideal gas chemical potential was used for the acceptance
probability. The geometry of the framework was frozen and taken from thayXstructure,
except for the hydrogen atom positions which were optimized at the DFT level. A 2x4x4

supercell was generated from the unit cell which enabled use of a 12.5 A cutoff for the Lennard
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Jones interactions. Electrostatic interactions are calculated using the Ewald summation method.
Systems were equilibrated for 10 million MC steps, and resultsileséd for 12.5 million steps

and averaged over four separate MC chains.

3.3 Result & Discussion

The crystal structure d@uBDPMés shown in Figure 3.2c. GuBDPMgone-dimensional
Cu(RPO3Me) chains are formed down theaxis (Fig. 3.2b), with the chains being linked by
fully deprotonated 1,4enzendiphosphonate bis (mono methyl esyer), BPDMe, dianions
forming a rhombohedral grid of 14.933(4) x 7.024(2) & @sance and metaimetal distances
as depicted by the arrows in Fig. 3.ZEjhe methyl groups of the phosphonate esters protrude

into the pores but leave an aperture of ~6 A,

Figure3.2: a) The dianionic ligah BDPR, where R = Me. b) hSingle crystal structure of one column of
CuBDPMe, showing the bidentate coordination of the phosphonate monomethylester and-the 4
coordinate geometry of Cu. c) crystal structure with solvent accessible voids (1.2 A probe).irrgo)d

one channel is shown in a space filling representation.
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A modest uptake of Gt ambient temperature was observed, 1.38 mmol/g (6.06 wt%)
Fd HTOo Y YR MHAAN Yol NI GK®B CEHwas detefminlBd aLdaF | R& :
Fdzy OliAz2y 2F f2FRAy3Id G 1T SNR f2FRAYyZEWwasAyYRAOI
calculated as 45 kJ/mol, a very high value for a physisorptive prét&esent reports have
aK2gy | &A0GNRyYy3 O2 NNSandhigh igctivitieS fowGadpfure DK, |
K A 3 Kgs canl be connected to the presence of coordinately unsaturated metal centers (e.qg.
HKUSTL, 35 kJ/mof?® MIL-101, 44 kd/mof* Mg-MOFR74/CPG27-Mg, 47 kJ/mof° MIL-100, 63
kJ/mof?). Considering thregieces of dat® K A 3 K @ k.4 sizfichiomatiyofj0.45 GITu;
transannular Cu---Cu distance of 7.02 A between pssegdare planar Cu centers), it is
tempting to hypothesize that the GQOnolecules in this system are in a dual ey bridging
mode bdl 6 SSy [/ dz QSgue SanEabo be laugmented by the presence of polar
functional group®® such as amines lining the pores, although higher amination is not always
necessarily beneficial for GOptakes?’

To investigate the nature of the G®inding and sorption properties ofCuBDPMg
dispersion corrected periodic DFT and classical grand canonical Monte Carlo (GCMC)
simulations were employed. The dual ead bridging interaction of CQwith two Cu centers
was first examined with DFT as such a bindmogle might involve weak orbital interactions. All
attempts to locate a minimum energy structure corresponding to this mode off@l@d even
when the framework and cell vectors were allowed to fully relax. Instead, all structures
optimized to geometriesn which the C@molecules were oriented roughly perpendicular to

the hypothesized enan bridging mode in the direction of the channels.
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To further investigate the GQorption iInCuBDPMegGCMC simulations were performed
using the UFF parametéfsand REPEATcharges that were able to successfully reproduce the
experimental C@binding sites and isotherms of a Zn aminiazole-oxalate MOFE® Using the
X-ray structure of 2, Figure 3.3 shows the ;@&Rygen atom probability distribution resulting
from a GCMC simulation at 1 atm £énd 273 K. The plots show that there are four
symmetrically equivalent binding sites in the unit cell. The guest molecules align along the
channels with either the carbon or oxygen of the,G®D the midpoint between the miayl
groups. Consistent with the DFT calculations, no dual@ndbridging was seen in with the
GCMC simulations. One key experimental observation supporting the lack of direct interaction
of CQ with the Cu sites is that in the crystal structure, althouthie Cu centers are -4
coordinate, there is no ligated water. Typically, an open metal site requires acti¥stiovhich

is not the case witlCuBDPMe.
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Figure3.3: Probability density plots of the CO2 oxygen atom in a unit cell of CuBDPMe at 1 bar, 273 K
from simulation. In a) probabilities along theagis are projected onto the-h plane while in b)
probabilities along the 1axis are projected onto the-b plane.A green CO2 molecule is shown in a) for
reference.

CQ adsorption isotherms were also determined from the GCMC simulations. The CO
adsorption behaviour of CuBDPMe was found to be highly sensitive to the structure of the
framework. For example, when thelgent included Xay structure of CuBDPMe is used in the
simulation, the C@adsorption is found to be 120% lower than the experimental result
throughout the pressure range (Figure 3.4a). However, if this structure is adjusted to the lattice
parameters determined in situ with 1.2 bar £Qhe simulated isotherm reproduces the
experimental uptake well throughout the pressure range examinadfact, although the cell
parameters changed by a less than 2% between thay)structure and adjusted one, the €0
loading changed by more than 20% at 1 aWve also found a strong GQptake dependence

on the methoxy group orientation, which can be defined by thecO¢PcO dihedral angle, ,
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as highlighted in Figur@3. To elucidate this, a systematic variation of the pore width was
achieved by altering the ®0-Gye RA KSRNJ f [-8\6flieSeaiBedralshin thef unit cell

are changed simultaneously. The energy, determined from single point DFT calculations, as a
Fdzy OliA2y 2F (GKS OKIy3aIS Ay GKS (2NBR2WVHABYRKBSG
degrees structures are vidh The REPEAT charges were recalculated for each structure and
2x4x4 supercells used in the GCMC isotherm calculations. Shown in Fijuaee the

simulated adsorption isotherms with the angle of all methoxy groups in the framework
OKIFIy3dISRTITo#wmR bH RSINBSaA FNRY GKIG Ay QakKS 2|
correspond to the channel closing, while positive values open the channel. A 2° change in

which corresponds to @0.08 A change in pore width, results in a dramatic increase or
decreasen the simulated gas adsorption. Therefore, the slight inflection in the experimental
isotherm ofCuBDPMat DO0.6 bar can be attributed to a subtle change in the framework
geometry upon C@uptake. While not explicitly demonstrated in this work, in genettad, high

sensitivity of the uptake to the methoxy group orientationGaBDPMesuggests the potential

of the methyl tethers in the phosphonate monoester based MOFs to modulate the adsorption
behavior. The dynamic nature of the methyl tether may also pemptimal arrangement

between C@molecules to maximize cooperative interactidiis.
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Figure 3.4: Comparison of experimental and simulated ,Cdsorption isotherms at 273 K. a) The
simulated isotherms were calculated with thea§ structure, which was solvent loaded, and that where
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CQ at 1.2 bar. b) The simulated isotherms were calculated with theay<structure, where the
geometry of the methoxy groups have been altered from th@ystructure in silico
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Figure3.5: Change in the DFT calcidd energy for variation of the torsion angle to methyl tethers

Isosteric heats of adsorption (HOA) were also determined from the GCMC simulations,

calculated via the Greeubo fluctuation theory expression,

_(ON)- (U)(N)

qisosteric_ <N2>- <N>< N> 3.1

Where N is the number of G@nolecules in the GCMC simulation and U is configurational
energy for the COmolecules® Calculated in this manner, the binding enthalpies as a function
of CQ loading are plotted in Figure 3.6. for CuBDPMe using the crystal structures with the
methoxy NR dzLJ N2 GFGSR o6& . I neX He YR ned ¢KS
less than that determined experimentally (~36 kJ/mol versus 46 kJ/mol), however it is notable
that the simulated HOA is very sensitive to the framework geometry asirgdfwith the CQ

uptake. Therefore, it would be difficult to exactly reproduce the experimental HOA without
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considering a fully flexible framework due to the energetics of small distortions and relaxations

of the framework in the presence and absencelw guest molecule.

50
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Figure3.6: Isosteric heat of adsorption of CuBDPMe with lattice parameters scaled jdo&iing at 1.2

bar, as a function of guest loading determined from GCMC simulations at 273 K with the methyl group
NRGIGSR 6@ . I neX HelyR ne

3.4 Conclusion

Results from DFT calculation, followed by GCMC simulations, reveal that the CO
molecules in CuBDPMef A 3y AGaStF ft2y3a GKS OKIyySt | yR
with Cu sites. The simulated isotherms represent that the, @@sorption behavior on
CUBDPMe is highly sensitive to the methoxy orientations and the flexing of the structure. Less
than 2% change in the lattice parameters results in 20 % change in theu@@ke on

CuBDPMe. The extreme dependency of uptake to the methoxy orientations suggests a gate

opening mechanism for G@iffusion in the channel.
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4 Investigation of MIL -47 and its functionalized derivatives on
Natural gas purification: A Computational Study

Abstract

In this work, the performancef MIL-47 and its seven functionalized derivatives on natural gas
purification with pressure swing adsorption (PSA) technology was investigated using grand
canonical Monte Carlo simulations. The computational results show that introducing polar non
bulky functional groups on the solid MOF type MIL leads to an enhancement in its £O
working capacity and a significant improvement in the,/C8, selectivity. Furthermore, their
performance was compared with that of other w&hown MOFs, Zeolite 13x, antamosilicate

for use in PSA gas separation systems. The comparison suggests thbt-WN0kL could be a

possible candidate as a solid sorbent for natural gas purification.

4.1 Background

As discussed in Chapter 1, the use of solid adsorbentsnwittessure swing adsorption
(PSA) systems is a more energy efficient, and affordable alternative to the traditional-amine
based technology for GGscrubbing of natural gas. Molecular GBfeunits based on the
titianosilicate adsorbents, UOP MOLSIV systems based on the Zeb8t¢ and Xebec
Il R&2 NLJG A 2y 2 ale-exampied &f @otnmercial solid sorbents used in the industrial

scale purification of natural gas

The purity and quantity of G@ecovered by PSBased processes depends on adsorbent
used, and conditions in which a gas is trapped and released by the adsorbent, which will

ultimately affect the PSA performance. It has been estimated that if a material whoge CO
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selectivity is threeimes higher than that of Zeolite 13x and £®covery is two times higher

than that of Zeolite 13x is used, the cost of PSA performance could be decreased to half of the
current value? In the past decade, many studies have been performed with the intent of
finding materials with high adsorption capacity and high separation aBilityTraditional
adsorbents, such as zeolites, activated carbons and mesoporous silica, and novel porous
materials, such as MOFs, have been widely evaluated for their performance with PSA gas
separations. However, the traditional materials have lows, @Orking capacity or they suffer

from poor CQ/CH, selectivity, leading to a low efficiency and high energetic cdtscontrast,

MOFs have shown great promise for £€lated gas applications due to their remarkable
properties such as ultrhigh surfice areas>™ Figure 4.1 compares the €@orking capacity

for a set of MOFs with commercial porous materiais|uding Zeolite 13x and activated carbon
Norit RB2. Most of the MOFs, as seen in Figure 4.1, have wdking capacity higher than

that of traditional porous materials. Interestingly, PCN has C@working capacity of 9.1
mmol/g, which is four timeshigher than that of Zeolite 13x. In addition, it has been
demonstrated that introducing functional groups to MOFs can tune the pore characteristics
without altering the underlying topology, offering a systematic approach for developing more
efficient CQ capture materials. Biswas et Blenhanced selectivity of G@ver CH50% in Ui©

66 through carboxylate functionalization. Couck et’ahcreased the CZCH, selectivity in
MIL-53 by orders of magnitude by integrating amines into the pores. Recently, Lee et al.
functionalized MgMOF74 with ethylenediamine, which psented an exceptionally high €O

adsorption capacity, 2.83 mmol/g, at 0.39 mbar. Many simulation studies have also predicted a
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similar enhancement in the GQadsorption properties of a divers set of MOFs through

functionalization*&2°

(=Y
o

& (] oo

CQ working capacity (mmol/g)
N

o

v.

e

Figure4.1: Working capacity for Gan MOFs (blue) which is the difference between the amount of CO
adsorbed at 6 bar and the amount of £fsorbed at 1 bar. NeMOF materials (red) are included for
comparison

On the down side, most of the MOFs suffer from low physicochemical stability when
exposed to humidity or subsequent thermal regeneration, which decreases their capacity to
adsorb C@ Thus, Matzger et &t studied the performance of MylOR47 for CQ adsorption
in the presence of humidity, and they found that its adsorption capacity for de@pped to
16% of its original capacity after exposure to 70% relative humidity and subsequent thermal
regeneration. Walton et & studied the stability of a series of the pillared MOFs under humid
conditions, and they found that DMOF and its functionalized derivatives containiggBx.Gz,
and OH lose more than 95% tifeir surface area after exposure to 80% relative humidity,
which will significantly impact G@dsorption capacity. Such a reduction in the,@@sorption

OF LI OAGe fAYAGaAa ahcCcaQ | LIJXAOFIGA2YA AY AYyRdzAGN
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in many industrial streams. Thus, having sufficient thermal and chemical stability is a necessary
criterion in order for MOFs to be implemented in industrial stings.

Of the MOFs that are available tine Cambridge Crystallographic Data Cen€CDCY,
theMILy FlFYAfe&s 2NAIAYylLIffe RSOSEt2LISR o6& CSeSNRa
thermal and chemicadtability. Among this family, M7 is thermally stable up to 673.15 K in
air, and does not show any significant alteration of its porosity upon the inclusion of water
vapour?*?® |t has been also demonstrated thatishmaterial is easily regenerateable and
retains its structure after exposure to,8, which contrasts the majority of porous solids
reported thus far® CdzNI K SNY 2 NB > GKA& YIGSNAIE R2S8Sa y2i
opening/closing pores) during gas sorption process, which makes it ideal for packing in a bed
column of fixed volume in a PSA unit. Such unique properties hade MIL47 a widely

studied case for a variety of applications including catalysis, and gas separation and $tétage.

Figure4.2: Crystal structure of MH7 (right) its inorganic structural building ufibp-left) and organic
structural building unit (bottorveft)

82



uOttawa Chapter 4 MohammadZein Aghaiji

Llewellyn et af’ evaluated the MIt47 performance for C&related applications, and
found that among the MOFs chosen in their work, it has the highestwwo@king capacity for a
pressure swing between 1 and 6 bar at 303 K. Voort & snthesized a series of MilZ-Xn
functionalized solids (Xn -€l,-Br, -CH, -Ck, -OH,-OCH) and evaluated their performance for
CQ capture from flue gas. Among these six functionalized-#Mlmaterals, MIL47-OCH was
found to have the highest G@ptake. Many simulation studies have been also conducted to
investigate the sorption properties of Mi7 for a variety of adsorbates including, ¥ CQ,**

CH, N,,* alkanes® benzene, and xylen€$.In most of these studies, pure component
isotherms and low coverage heats of adsorption were computed using GCMC simulations, and
the ad®rption selectivity, in the case of the mixture, was calculated from the computed single
isotherms data using the ideal adsorbed solution theory (IAST). For example, in the study of the
separation of xylene isomers in MAZ by Calero et af* the Henry coefficients and low
coverage heats of adsorption were computed at 543 K, which presented excelleeinagre

with experimental results. A few GCMC simulations have also been used to investigate the
sorption properties of functionalized MW7 materials. An example of this is the study by Snurr

et al*® who investigated the amnmia adsorption in MH47-Xn (Xn =OH,-C=0,-Cl,-COOH),

and found that ammonia adsorption increases significantly with increasing density of functional
group. In that study, the crystal structures of the functionalized materials were built by
computatianally substituting hydrogen atoms within the M unit cell with the

aforementioned functional groups.
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As far as we were able to ascertain, no simulation or experimental studies on natural gas
purification with substituted MH47 materials, except to # MIL-47-NH,, have been reported
in the literature so far. Herein, we present a computational study on natural gas purification in
the MIL-47 and its functionalised derivatives (i.e., MIl-- ¥ - [ b4t b /H.hNE bHh/I I3
b h /3,1-COOH;NH,, NQ). First we computed the adsorption properties, including A,
selectivity and Coworking capacity, using GCMC simulations of the/Ci mixture at PSA
conditions for natural gas purification. Using simulation data, we then investigated the effect of
functional groups on this application in MdiZ-Xn. Finally, we compared the performance of

these materials with that of other materials that are already reported in literature.

4.2 Computational Methods
4.2.1 Optimization and Generation of functionalized MIL - 47 material s
Since the structures of substituted MAlZ materials we are interested in have not been
synthesized before, the structures were built from the known crystal structure ofdvliusing
an inhouse program, FAPSWITCH written by former members of the MimoHere, one
hydrogen atom of each ligand within the MAlZ unitcell was randomly chosen to be replaced
with a desired functional group that had been prydented to an energy minimized
configuration with respect to a benzene ring using the universaifdield (UFF>3’ After the
insertion of the preoriented functional group, FAPSWIT@Hecks for unphysical overlaps of
the inserted functional group with the base MOF structure. The functional group is rotated
about its linking bnd by 3@ until all the functional group atoms fall outside the van

der Waalsradius of MIE47 framework atoms. Once the functional group is successfully added,
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the generated structure is geometry optimized at the molecular mechanics level with the UFF
force field and the GROMACS packigdere, the optimization was performed in three steps.
First, all atomic positions within the generated structure were allowed to redatkeir energy
minima with fixed cell parametersand an LCD{ 2 LJGA YA T SNJ ¢ A Girn'for Odzi 2
the forces. Then, cell parameters were relaxed for 2000 steps using quenched molecular
dynamics (MD). Finally, theBFGS optimization was repedtto reduce the forces to less than
M | WimY, fvfich would increase during the MD simulation. Following the classical force
field optimization, periodic DFT calculations were performed using the Vienna ab initio
simulation package (VASP{’to relax the GROMA@stimized structures. In these calculation,
the PBE exchangmrrelation functional* and PAW potentiafé“**were used with a plane wave
cut-off of 520 eV. Gammpoint was used to sample the Brillouin zone. A conjugate gradient
algorithm with a cutoff of 2x1DeV/A for forces was used to relax the atom positons within
structures. The senempirical dispersion potential correction of Grimffievas included in the
energy and force calculations with the default parameters specified for the PBE fualction
4.2.2 Force Fields

To describe an interaction between framework atoms and guest molecules, the Lennard
Jones (LJ) and Coulomb potentials were used. LJ parameters between atoms of different types
were calculated using the LorerABerthelot mixing rulesi.e., geometric average of well depths
and arithmetic average of diameters). LJ parameters for framework atoms, given in Table 4.1,
were taken from the Universal Force Field (UMor Coulombic interactions, partial atomic
charges for each structure were calculated using the REPEAT rfrettitu the electrostatic

potential derived from the periodic DFT calculations. All partial atomic charges calculated are
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given in Table 4.2. The ndronded paraneters of C@were taken from Garci§anchez et &f

who optimized them from a selfonsistent fitting of the experimental adsorption isotherm data

in a large class of zeolite frameworks with the predictions of Gibbs ensemble Monte Carlo
calculations on these systems. The,@®lecule had a fixed bond length of 6.A and partial
charges of +0.645e an€.3325e for carbon and oxygen. The Amonded parameters of GH
were taken from TraPPE force fiéfdyhere CHdmolecule was modeled as a single sphere. This
force field has been fit to reproduce the experimental vapquid phase equilibrium data. The

force field parameters fothe MOF atom types, G@nd CHare given in Table 4.1.

Table4.1: LennardJones parameters from the UFF.

Atomic type a / iU [/ k%
V 2.8010 0.0160
C 3.4309 0.105
N 3.2607 0.0690
O 3.1181 0.060
H 2.5711 0.044
Cl 3.5164 0.2270
Br 3.7320 0.2510
CH, 3.7300 0.2941

C(CO) 2.7450 0.05948
0O (CO) 3.0170 0.17023

4.2.3 GCMC simulations

To calculate the adsorption of pure components and their mixture at natural gas
conditionings, Grand canonical Monte Carlo (GCMC) simulations were run usingh@umse
developed code based on the opsource DL _POLY classic package formerly known as
DL_PQY 2. The addition, deletion and displacement with equal probabilities were included in
GCMC moves. In the case of mixture isotherms, there was also a swapping move that allowed a

molecule of one type to be substituted with one molecule of another typehEsystem was
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equilibrated for 10 million MC steps, followed for further 12.5 million steps, over which the
desired properties were averaged. The constant chemical potential was calculated using the
idealgas equation of state for pressures up to 1 bar,ilesfor higher pressures the Peng
Robinson equation of state was used. The geometry of the framework was frozen during
simulations. A 2x4x4 supercell was generated from the unit cell which enabled use of a 12.5 A
cutoff for the Lennardlones interactionsElectrostatic interactions were calculated using the

Ewald summation method.
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Table4.2: REPEAT partial atomic charges (g/e) for thayxXstructure of (1) MH47, (2) MIL47-OH, (3)
MIL-47-NH2, (4AMIL_47#OME, (5) MH47-CL, (6) MH47-Br, (7) MIENH2, and (8) MIL_4COOH

V:1.34, C1: 0.064, GP.157, C3: 0.546, O10.646,
02:-0.564, H1: 0.124,

V:1.43, C1:0.26, C2:0.44, C3:0.646, C4:0.44,-G29,
C6:-0.0.9, C7:0.29, 01:0.54, 02:0.60, 03:0.54,
H4:0.19, H3: 0.14, H1: 0.12, H2:0.21

H1 H2

V:1.38, C1:0.09, CR.13, C3:0.27, C4:0.44, CB:17,
C6:-0.006, C7:0.20, 01:-0.57, 02:0.40, O3:-0.38,
N1:0.72, H3: 0.12, H1: 0.14, H2:0.21

V:1.32, C1:0.20, C2:0.33, C3:0.54, G4.009, C5:
0.29, C6:0.0.9, C7:0.14, 01:0.52, 02:0.47, O3=
0.26, H4:0.19, H3: 0.057, H1: 0.12, H2:0.21;@688

V:1.20, C1:0.07, C205,C3:0.56, C40.009, C5:
0.29, C6:0.0.9, C7: 0.26, 010.47, 02:0.52, O3-
0.26, H4:0.19, H3: 0.057, H1: 0.18,-0121

V:1.37, C1:0.11, C2:06, C3:0.44, C40.08, C5:0.06,
C6:-0.0.03, C7:0.22, 01:0.12, 02:0.30, H3: 0.098,
H1:0.08, B-0.21

H3 H2

V:1.36, C1:0.09, C2.35, C3:0.53, C4.29, C5:0.13,
C6:-0.23, C7:0.44, 01:0.57, 02:0.51, O3:0.53, N1:
-0.69, H3: 0.12, H1: 0.14, H2:0.21, H5:0.30

V:1.39, C1:0.09, C2:0.07, C3:0.63, G&.07, C5:0.11,
C6:-0.01, C7:0.17, O1:-0.54, 02:0.52, 03:0.48, O4:
-0.45, H1: 0.38, H2: 0.12, H3:0.12, H5:0.13
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4.3 Result and Discussion
4.3.1 Adsorption of pure components

To validate the forced fields used in our simulations, we simulated adsorption isotherms
of pure CQand CHin MIL-47 as well as the adsorption isotherm of 8@ MIL-47-OCH, and
compared them with reported experimental data. These two MOFs were chosen, as no
experimental data of COand CH adsorption at high pressure are reported for other MOFs
studied here. Figure 4.3 compares the simulated isotherms of pure;, @Rd CQ with
experimentally measured adsorption for MAZ and MIE47-OCH at 303 K up to 20 bar. The
simulation results show fairly good agreement with the experimental isotherms, albeit there is
an overestimation in simulated isotherms at low pressures. Overestimation in simulated
isotherm occurs for two reasons. First, the experimental sample usually contains impurities,
which block the channels and reduce the adsorption capacity. In other wdresetl samples
can never be perfectly purged before the uptake experiments are performed. Second, the
calculated adsorption isotherm in GCMC simulations are obtained with the consideration as a
perfect crystal for the adsorbent while in experiments thenpde may contain crystal defects
which reduce the adsorption capacity. Although we could adjust the Leniwrds parameters
of the guest molecules to match the experimental isotherms, since we are interested in
selectivity (i.e., ratios of the uptake), dnvorking capacity (i.e., differences of the uptakes), we

have decided not to adjust the parameters.

Figure 4.3a also shows that indeed MIL adsorbs more GQhan CH over the entire

pressure range tested. There are two reasons that can be usedptain this. First, G(has
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stronger dispersion and electrostatic interactions with the framework than. @Hterms of
dispersion, Cghas more electrons than GHesulting in stronger dispersion interactions. With
respect to the electrostatic interacths, C@ has a relatively large molecular quadrupole
moment dipole, whereas GHias neither a quadrupole nor a dipole moment (only a weak
octapol moment). Second, the considered temperature of 303 K is supercritical fqiTCH

190.5), but subcritical foCQ (Tc = 304.4 K); that is, €©® more condensable than ¢at 303 K.

X Exp-CHg,-MIL-47 X Exp-CO,-MIL-47

@ Sim-CH,-MIL-47 @ Sim-CO,-MIL-47 #:Sim-CO,-MIL-47-0CH; % Exp-CO,-MIL-47-OCH,
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Figure4.3: a) Adsorption isotherms of G@ed circle: simulation, red cross: experiment) and @ack
circle; simulation, black cross: experiment) in MW b) Adsorption isotherm of G@ed circle:
simulation, red cross: experiment) in MAZ-OCH.

4.3.2 Adsorption of Binary Mixtures

To investigate the performance of Mil7 and its functionalized deatives for natural
gas purification under PSA conditions, we simulated the adsorption in a binary mixture of CO
and CHwith a composition of 1:9 at 303 K and total pressures up to 30 bar. Figure 4.4 shows
the CQ adsorptions obtained from GCMC simutais of a 1:9 CECH, mixture on MIE47 and
its functionalized derivatives as a function of partial pressure of The CQuptakes in the-
OH,-NG, -NH;, -COH, functionalized derivatives are higher than those irdMILParticularly, at
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pressures below bar, the adsorptions for MH7-CHCQare three times as high as those in MIL

47. Such enhancement in uptake can be attributed to the highly polar nature of these
functional groups. However, although the polarity of thReOOH is strong, the gQptakes
decreases in MH47 COOH due to its very small accessible pore volume compared to the other
polar functionalized derivatives. The Optake also increases in MAlZ-Cl while for the other

three MOF derivatives, the GOptakes are close to those in MAlZ.
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Figure4.4: CQadsorption isotherms from GCMC simulations of a 1:3Cmixture on MIL47 (light
blue), MIl-47-OMe (light gray), MH7-Br (dark green), Ma7-COH (red), MH7-CI (dark gray), MiL7-
COOH (dark blue), MA7-NQO, (brown), MIl-47-OH (black), and MiL7-NH, (light green) at 30X.

Figure 4.5 compares the @®@orking capacity in MH7 and its functionalized derivatives
obtained from GCMC simulations of £CH mixture with a pressure swing of 10 bar and 1 bar
(total pressure). The working capacities follow a trend similar to that seen for absolyte CO

uptakecapacities given in Figure 4.4. In the cases ofAHOH, MIE47-NO2, MIE47-NO2, MIL
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47-CHO, and MH47-Cl, the working capacity is higher than that of MIL_by nearly 1 mmol/g.
For MIL47-OMe and MIL_4Br the working capacity is close to that in tharent MIL-47 MOF

while MIL:47-COOH has the lowest working capacity.

3.5

2.5 A

CO, working Capacity (mmol/g)
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¢ © § €
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Figure4.5: CQ working capacity obtained from GCMC simulations ofCK) mixture on MIE47 and its
functionalized derivatives using a pressure swing of 10 to 1 bar

Figure 4.6 shows the computed &£CH, selectivities in MH47 and its functionalized
derivatives. Here, the selectivity is defined as S #xéXys/ya), where X and » are the
amounts of components A and B in the adsorbed phase, aath¢ ys are the partial pressures
of components A and B in the bulk phase, respectively. All functionalized Mdlerivatives,
have selectivities higher than those of the parent MOHL-47, across the entire pressure
range studied. MH47-NOx-and MIL47-OH have the highest selectivities. For example, at 10 bar
MIL-47-NO, has selectivity that is three times as high as that of-MiL Such enhancement in
selectivity can be attributeda the permanent dipole moments of these functional groups,

which are more attractive to G@ f + NB S |j dzI R NHzLI2 f5)§hanvCdYhSnpalal), Mo dn
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and consequently resulting in stronger interactions of these functional groups with CO

compared to Ci
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Figure4.6: Simulated selectivities for GOver CHfrom their 1:9 gas mixture at 303 K in MIL and its
functionalized derivatives, as a function of the total pressure.

To provide further investigation, evcomputed the isosteric heat of adsorption for both
CQ and CH in MIL-47 and its derivatives from the GCMC simulations via the @Giao
fluctuation theory expression,

ida oo
Ay A G TFT O 14 4.1

where U is the potential energy of the system, N is the number of adsorbed molecules, T is
temperature and R is the ideal gas constdrite calculatedsosteric heat of adsorptioret zero

loading, whichindicates the higest energy sitesare given in Figure 4. As expected, the
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difference in heat of adsorption between g@nd CH for MIL-47-NO2 and MH47-COH are
larger than that for other functionalized MOFs. Furthermore, it is found from Figure 4.7 that the

CH heats of adsorption are moderately affected by the functionalization.

35

= co,

NS

Figure4.7: Calculated isosteric heats of adsorption at zero loading of puegih@ bar) and CHred
bar) gases in Mi7 and its finctionalized derivatives at 303 K.
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To provide molecular insights on the adsorption of the,-C8, mixture in MIL47 and
the top-performer, we characterized G®inding sites within MH47 and MIE47-NO2 using
probability distributions derived from the G@Msimulations of the GE&CH, mixture at total
pressure of 10 bar in these two MOFs. More specifically, the probability distributionsof CO
were obtained by storing G@ositions from every Monte Carlo production steps on the 3D grid

with a resolution of 0.1 A in each directibThis histogram consisted of a 3D grid of millions of
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points and was obtained separately for each atom of,.C&¥om these noisy probability
distributions, CQ binding sites in each MOF were found using ahanse program, ABSL
(Automatic Binding Site Locator), which smooths the noisy 3D histograms via a Gaussian filter,

and isolates the maxima of probability.

Figure4.8: a) three C@binding sites and one GHinding site (black circle) are obtained from the GCMC
simulation of a C&CH, mixture at a total pressure of 10 bar in a single pore of the4Mwhere the
carboxyl O and the p@ atoms interact with COnolecules. b) four Cinding sites are obtained from

the GCMC simulation of a €OH mixture at a total pressure of 10 baransingle pore of the Miti7-

NGO, where O atoms from N{yroups interact with CEmolecules. Green: V, Red: O, Gray: C, and Blue: N

Figure 4.8 shows the GOinding sites, obtained from the GCMC simulations, in a single
pore of MIL:47 (a) and MH47-NG; (b). While C@binding sites within a MI47 appear nearest
to either the carboxyl O or the p@ atoms, for MH47-NO2 CQbinding sites aréocated rather
close to the N@functional group The binding energy of G MIL-47-NO2 was calculated to
be -32.5 KJ/mol on average, while for MIZ the C@binding energy was calculated to H25.6

KJ/mol on average. The difference in the binding energy is attributed to the interaction,of NO
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functional group with C& whichis stronger than the interaction of the carboxyl O or the@2

atoms with C@within MIL-47.

4.3.3 Comparison of performance of functionalized MIL -47 materials
with other materials

To compare the C{LCH, selectivity and COworking capacity of the MOFs stedi here
with other materials, we collected the data from literature that reported the selectivity and
working capacity of other materials at conditions relevant to natural gas purification. Figure 4.9
shows C@working capacity and GCH;, selectivity of hree functionalized MH47 materials,
UIO66° UIO66-COOH? UI066-SQH*® IRMOFR74*® mixedligand MOF? MIL-53>°
Carboranebased MOP; MOF508b, CeBTC? PCN16® PCN11>* MOF177* MORS5

UMCM1,* ZIF8,>* and two norRMOF materials including Zeolite 13X and titanosiliédfe.

Figure4.9: CQ/CH, selectvites and CQvorking capacity for a 1:9 GQH, mixture at conditions
relevant to natural gas purification in a verity of MOFs and two-K@F materials. The chosen
conditions correspond to an adsorption pressure of 10 bar, a desorption pressure of 1 bar, and
temperature of 300 K.
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In regards to wiking capacity, functionalized MK7 materials show relatively high
working capacity in comparison to other MOFs and -M@QF materials expect for €RITC
(world record), PCNM6 and PCN.1. Among the functionalized M7 materials, MH47-NG,
has a selectity higher than CBTC by nearly 40%, which is very close to that of Zeolite 13X.
Considering both selectivity and working capacity, -¥MNO, may be considered a candidate
for use in a PSA unit, as it offers a good combination of selectivity and wodqagity.

4.4 Conclusion

In this work, a computational study was performed to evaluate the performance of MIL
47 and its functionalization derivatives on methane purification under PSA conditions. CO
working capacity and G H, selectivity were computed ursg GCMC simulations for each MOF
studied here. The results from the GCMC simulations show that introducing polabulion
functional groups within MH47 leads to an enhancement in its £@orking capacity and a
significant improvement in the G(ZH, selectivity. Particularly, M7 functionalized with N©
offers the highest selectivity, which is two times as high as that of unfunctionalized Mih
comparison with other materials whose €@orking capacity and G(CH, selectivity are
reported inliterature, MIL-47-NQ, shows a relatively good combination of 8@rking capacity
and CQ/CH, selectivity, which suggests that this material could be a possible candidate as a

solid adsorbent in natural gas purification with PSA technologies.
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5 Water Adsorption in Metal Organic Frameworks and the
Effect of Water on Natural Gas Purification in MOFs: A
Computational Study

Abstract

Ly GKA& 62N) X 6S SEFYAYSR GKS I OOdz2NF 0 2F &A
TIP4P, TIP4P/Ew, TIP5P, and TIP5P/Ew) for reproducing the ehxperimental water adsorption
isotherms on both hydrophobic and hydrophilic MOM=or hydrophobic MOFsGQVIC
simulations reveal thathe predicted saturation pressure guite different for all six models,

and the TIP4P model performs better than other models in reproducing experimental
saturation pressure by 50% on average. For hydrophilic MOFs, simulstiowsthat TIP4PEW

water model gives the best agreement with experiment compared to all other water models
The simulations also show howater adsorption in hydrophobic and hydrophilic MOFs is
different. Hydrophilic MOFs gradually uptake water, whereadrtyyhobic MOFs show little
uptake until the saturation pressure where there is rapid uptake. Simulations were also
performed on C@CH,; mixtures in both dry and humid conditions to examine the effect of
water on natural gas purification in hydrophobic angdrophilic MOFs. It is found that water

has a minimal effect on the adsorption properties of hydrophobic MOFs for natural gas

purification where the humidity levels meet pipeline transport specifications.

5.1 Background
Metal-OrganicFrameworks (MOFs) are a novel class of nhanoporous materials that have
gained intense interest because of their exceptionally high porosities and chemically tunable
1¢5

structures.™ As a result, they have come under intense investigations for gas storage and
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separation application§**° For example, MOB05 hasa volumetric working capacity (desorption
at 5 bar) of 203 crhem™ at 80 bar and 298 K, which is the highest value reported among all methane
storage material$! Mg-MOR74 which has a GQ@IzLJG | 1S Ol LI OA d & 1 BafFand dy m Y
298 K, is three times larger than that of zeolite 13X, a material used industrially for CO
scrubbing of natural ga.It important to realize that these record adsorption properties were
measured in dry conditions, whereas water vapour is present in virtually all industrial gas
streams. For example, natural gas extracted from the shale gas is typically satwittadater
vaporX The water content in industrial combustion flue gases can reach 10% by volume. Thus,
water cannot be ignored when considering real world appia# of nanoporous materials. For
example, although M§yIOFR74 possesses record €0ptake capacities under dry conditions,
the material irreversibly degrades even with trace amounts of water. Obviously, prior to
considering any new material for use in aadustrial scale process, it is critical to examine the
YFGSNRFE Qa 0SKF@A2NI dzy RSNJ 0 KS | LILIX AOlo6f S KdzYA
Molecular simulation has developed into a powerful tool to study the gas adsorption in
MOFs*!® Molecular simulation can be used to screen the properties of MOFs, to provide
molecular level insight into the adsorption processes, and to identify the nature of the-guest
host interactions. Although many simulation studies have been done on MOFs for the
prediction of gas adsorption properties, few of them have taken into account the effect of
water in MOFs. Greathouse and AllendBniyho performed the first simulation study of water
in MOFs, investigated the interaction of water with M®FRusing molecular dynamics
simulations. Although they described the mechanism of degradation of-M@Rhe presence

of water in an accurate fashion, they did not reproduce water adsorption isotherms forOF
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as the experimental water adsorption isothesmvere unavailable. Calero et'8lemployed
Grand Canonical Monte Carlo (GCMC) simulations to understand the water adsorption-in a Cu
BTC MOF. They choose the THESPmodel for water and scalagp the partial atomic charges

of framework atoms to reproduce experimental adsogpt water isotherm. In another work,
Paranthaman et af’ studied the water adsorption in the hydrophobic Al(OH){Adt) MOF

using GCMC simulations, but they choose TIP4P/Ew model for water and-dcaledhe

partial atomic charges of the framework atoms. More specifically, they scaled thialpgtgmic
charges by 80, 60, 40, 30 and 20%, and found that the best agreement between the simulated
and experimental water adsorption isotherm occurred when the charges were scaled down by
30%. In a similar work, Salles ef%studied the water adsorption in the M&3 using GCMC
simulation with TIP4P/Ew model for water. They used the sedéedh approach for the partial
charges on the framework atoms to reproduce experimental isotheriapteijn and
coworkers? used three distinct water models, including TIP5P/Ew, TIP4P/Ew and SPC/E, to
investigate the watefvater interactions in mesoporous MI01 without scaling the charges.
They found thathe simulated isotherm using the SPC/E model was in good agreement with
experimental isotherm. Recently, Snurr and-workers studied the adsorption of water
ammonia mixture in three hydrophobic MOFs using GCMS simulations with TIP4P and
TIP4P/2005% They found that the TIP4P model reproduced the experimental adsorption
isotherms the best. These studies were performed in a somewdahocmanner to try and
replicate adsorption data for specific porous materials. However, no comprehensive study has
0SSY LISNF2NN¥SR (2 Ay@SadAaarasS GKS LISNF2NXYI y(
adsorption in a wide range of MOFs.
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There are a large number of simple Wa i yRI NRQ ¢l §SNJ Y2RSta GKI
molecular mechanics packages. they are typically parameterized to reproduce bulk water
properties®*?® such as the density, or heat of vaporization. However, water molecules confined
in nanoporous materials have different properties compared to the bulk. For example, the
dipole moment of water is much sntel in the confined liquid compared to in bulk watér’®
CKSNBF2NBZ Al A& AYLERNIFIYyd G2 SEFYAYS K2
interactions within MOFs.

In this work, we perform a comprehensive simulation study of water adsorption in a
variety of MOFs and examine the effect of water on their performance for natural gas
purification. The MOFs examined in this work are: -MIL ZIF8, AI(OH)(1,4
naphthalenedicarboxylate), Ui66, ZRDMOFA, ZRDMOFTM, CALUOH10, MOF806, and Cu
BTC. The MORgere selected based on the availability of experimental water adsorption data,
and to provide structural diversity and a range of expected hydrophobicities/hydrophilicities.
CANBGOZ ¢S S@Iftdz §S GKS |-pol@idahé Water modelsrelGdde y o a i
SPC/E, TIP3P, TIP3P/Ew, TIP4P, TIP4P/Ew, TIP5P, and TIP5P/Ew, by calculating pure water
adsorption isotherms and comparing them to experimental data for each of these MOFs.

Following an evaluation of the water force field, we investigate theatfthat water has on the

ahC&aQ I R&a2NLIIA2Yy LINR-CHuwdeAndtdral ga3 putificatoh eonddmE 2 T/

5.2 Systems and Computational Details
Figure 5.1 shows the crystal structures of nine MOFs that were evaluated in this study.

ZIF8 (Figue 5.1a) is a widely studied material from a class of MOFs known as Zeolitic
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Imidazolate Frameworks (ZIFs) which have zeolite topologies. It is composed of tetrahedrally
coordinated Zn ions connected by imidazolate SBUs8 BHS a hexagonal channel wittsimall

aperture size of 3.4 A. MW7 (Figure 5.1b) is a hydrophobic MOF from the Matériaux de

LOQLYyadAlddzi [ @2A4aASNJ 6aL[ 0 &ASNASas gKAOK R2Sa

adsorption. MIE47 is made of vanadium atoms connected by-diehznedicarboxylate linkers

and has a onglimensional diamonghaped pore system with a maximum pore diameter of
12.0 A. AI(OH)(1,4naphthalenedicarboxylate) (Figure 5.1c) is composed of parallel, one
dimensional AI(OH) chains connected together in two dieadi by 14
naphthalenedicarboxylate SBUs. This provides two different one dimensional channels (with 7 x
7 A and 3 x 3 A cross sections) that are not connected together6®iBigure 5.4d) is one of

the most studied MOFs and is built from ¢&(OH), cluders bridged by 14
benzenedicarboxylate SBUs. It is composed of octahedral cages with a free diameter of 11 A,
and tetrahedral cages with a free diameter of 8 A. These cages are connected through narrow
windows with the diameter of 6 A. ZDMOFA (Figures.1e) is a nostatenated pillared MOF in
which the coordination between 9,1@ntheracenacarboxylates (ADC) and zinc ions form 2D
layers, and 1,4 diazabicyco[2,2@jtane(DABCO) ligands connect the 2D layers to each other.
CuBTC (Figure 5.1qg) is an opeetal site MOF which is composed of copper paddleel

units that are connected to each other by 1,&énzenetricarboxylate (BTC) organic SBUSs,
giving rise to square 9.0 x 9.0 A pores. ABDH (Figure 5.1h) is a hydrophilic MOF which is
composed of Al@polyhedra connected together in two directions by OH functionalized 1,3
benzenedicarboxylate linkers. This provides one dimensional channels with an aperture size of
5.8 A. MORB06 (Figure 5.1i) is built from ¢0(OH) clusters bridged by dihydroxyl
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functionalized biphenyldicarboxylate. It is composed of tetrahedral and octahedral cages with

free diameters of 10.1 A and 12.6 A, respectively.

Figure5.1: Atomic structure of (a) ZI&, (b) MIE47, (c)AI(OH)(1,4aphthalenedicarboxylate), (d) UiO
66, (e) ZFDMOFA,(f) ZADMOFTM, (g) C«BTC, (h) CADH 10, and (i) MOBO06. N, blue; C, gray; Cu,
orange; O, red; V, green; Al, purple; Zn, yellow; and Zr, cyan
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To describe the guedtost interactions in these systems, standard Lennkdes and
Coulomb potentials were used. The Lenndmhes parameters for the framework atoms of
each system were taken from the Universal Force Field {U&f) are provided in Table 5.1.
REPEAYelectrostatic potential fitted atomic charges were used for the MOF framework atoms
where the electrostatic potential was derived from periodic DFT calculations using the Vienna
ab initio software package VASP*For each system, the DFT calculation used a single unit cell
of the system with a 2x2x2point sampling of the Brillouin zone centered at the gamma point.
The PBE exchangerrelation functional® and PAW potentiaf§>>were used with a plane wave
cut-off of 520 eV with a geonte/ optimization force convergence set to 2x1@V/A. The
REPEAT charges obtained from these calculations and used for the simulations are given in

Table 5.2 with the atom numberings shown in Figure 5.2.

Table5.1:The UFEennardJones parameters for atoms in the MOFs studied in this work

Element a / iU |/ k¢
Vv 2.8010 0.016
C 3.4309 0.105
N 3.2607 0.069
O 3.1181 0.060
H 25711 0.044
Al 4.0082 0.505
Zr 2.7832 0.069
Cu 3.1137 0.005
Zn 2.4616 0.124
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Figure5.2: Atom labelling of (a) ZI&, (b) MIL47, (c) UiE66, (d)AI(OH)(1,4 naphthalenedicarboxylate),
(e,) ZRDMOFA, ( F) ZibMOFTM, (g) CBTC, (h) CAOH10, and(i) MOF806 for the partial atomic
charges given in Table 5.2.
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Table5.2: Partial atomic charges (e) of AFMIL-47, UiG66, A([OHMOF, ZdDMO-TM, ZRDMOFA,
and CuBTC

Atomic  ZIF8 MIL-47 U066 AL(OH) ZnDMOA ZnDMOFTM CuBTC CAU10-OH MOR806
types (@) (b) (© (d) (€) (f) ©) (h) ()

Cl -0.192 -0.157 -0.147 -0.062  0.012 0.21 0121  -0.407 -0.130
C2 0441 0064 0.023 -0199  -0.426 -0.470 -0.016  0.114 -0.073
C3 -0.682 0542 0.742 0.658  0.870 0.956 0.669  -0.337 0.360
c4 - - - 0.167 -0.11 -0.222 - 0.613 -0.280
C5 - - - -0.218 - -0.116 - 0.584 0.230
C6 - - - -0.103  -0.366 -0.120 - - 0.592
c7 - - - - - - - - -0.402
H1 0101 0124 0137 0107  0.123 0.150 0131  0.183 0.163
H2 0141 - 0.632  0.167 - 0.110 - 0.259 0.128
H3 - - - 0.122  0.040 0.070 - 0.407 0.089
H4 - - - - - - - - 0.403
H5 - - - - - - - - 0.113
o1 - -0564 -0.682 -0.481  -0.633 -0.655 055  -0.522 -0.499
02 - -0.646 -0.881 -0.534 - - - -0.625 -0.621
03 - - -1.673 - - - - -0.590 -1.128
04 - - - - - - - - -0.642
05 - - - - - - - -0.599 -0.524
N1  -0.281 - - - -0.219 - - ; -

N2 - - - - - - - - -

zn 0711 - - - 0.835 0.850 - - -

Vv - 1.340 - - - - - - -

Al - - - 1.145 - - - 1.477 -

zZr - - 2.522 - - - - - 2.231
Cu - - - - - - 0.908 - -

The force field parameters of water models considered in this work are provided in Table
5.3, with the definitions of geometric parameters given in Figure 5.3. All six models use a single
LennardJones interaction site (i.e., oxygen), while the modelsdierent sites to describe the
electrostatic interactions. SPC/E and TIP3P place a negative charge on the oxygen atom while
TIP4P and TIP5P type models use one and two dummy atoms, respectively, to distribute the

negative charge.
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)

Figure5.3: Definition of the geometric parameters used in the water models: (a) SPC/E and TIP3P, (b)
TIP4P, TIP4/Ew, and (c) TIP5P, TIP5/Ew

Table5.3: Force field parameters argkometries of SPC/E, TIP3P, TIP4P, TIP4P/Ew, TIP5P, and TIP5P/Ew

Models * 6) ¥ 610) ) a(e) di(R) dfh) P ° v J
SPC/E 3.1656 0.15535 -0.8480 0.4240 1.000 - 109.47 -
TIP3P 3.1501 0.15210 -0.8340 0.4170 0.957 - 104.52 -
TIP4P 3.1540 0.15481 -1.0400 0.5200 0.957 0.150 104.52 52.26

TIP4P/Ew 3.1643 0.16275 -1.0484 0.5242 0.957 0.125 104.52 52.26
TIP5P 3.1200 0.15999 -0.2410 0.2410 0.957 0.700 104.52 109.47

TIPS5P/Ew 3.0970 0.17801 -0.2410 0.2410 0.957 0.700 104.52 109.46

The forcefield parameters of CQOwere taken from GarciSanchez et &° who optimized
them from a seHlconsistent fitting of the experimental adsorption isotherm data of a small set
of zeolites. The GOnolecule has a fixed bond length of 1.16 A and partial charges of +0.645 e
and -0.3325 e for carbon and oxygen, respeelyv The force field parameters for Citere
taken from the TraPPE force figltiwhere the Chimolecule was modeled as a single sphere.
This force field has been fit to reproduce the experimental vdjguid phase equilibrium data.

The GCMC simulations were run using ahoase developed code based on the open
source DL_POLY Classic molecular dynamics package. The GCMC moves include insertion,
deletion and displacement with equal probabilities. The geometry of the framework atoms was

taken from Xray crystallographic data and was held fixed during the GCMC simmdatfo
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LennardJones cubff distance of 12.5 A was used for all simulations, and electrostatic
interactions were calculated using the Ewald summation method. In the case of the pure water
isotherm, each system took between 300 million and 1 billion stepgéch equilibrium. After
being equilibrated, each system underwent further 500 million production steps for data
collection. To ensure that each isotherm point was truly equilibrated, GCMC simulations were
initiated from two different initial states. Onm which the framework was initially empty and
one where it was completely loaded with water. This test was performed to confirm that at a
given pressure the simulation initiated from the fully loaded state equilibrated to the same
point as the simulationhat was initiated from the empty state. All GCMC simulations for CH
CQ adsorption in the absence and presence of water included 20 million equilibrium steps,
followed by 20 million production steps. The constant chemical potential used for the GCMC
simulations was calculated using the idggls equation of state for pressures up to 1 bar, while
for higher pressures the PefRpbinson equation of state was used to relate the fugacity and

pressure.

5.3 Results and discussion
5.3.1 Water adsorption

For the sakeof simplicity, this discussion starts with the study of water adsorption in
hydrophobic MOFs, followed by hydrophilic MOFs, and ends with an open metal site MOF, Cu
BTC.

Figure 5.4 presents simulated water isotherms for six distinct water models used in

hydrophobic MOFs including M#t7, ZIF8, AI(OH) (1,4 NDC), U8B, ZnRDMOFA, and Zn
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DMOFTM at 298 K as a function of relative pressure ¢p/supplemented with experimental
water adsorption data. @ is the experimental saturation pressure of water atono
temperature (0.032 bar). Both the experimental and simulated isotherms show the same
general behaviour and follow the typical typeisotherm shape. At low pressure, there is little

to no observable adsorption until there is a very abrupt increase &d#turation limit. This
behaviour is attributed to the hydrophobic nature of these MOFs in which the wWa@F
interactions are much weaker than waterater interactions, which makes the adsorption of
water unfavorable at very low pressures. At saturatlaig A y 1 a2 GKS FAEfAy3
occurs such that the water molecules cluster together throigtrogen bond network, which

isdetailed later.
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Figure5.4: Simulated and experimental adsorptisotherms for water in (a) Zi&; (b) MIE47, (c)

Al(OH) (1,4 NDC), (d) U@B, (e) ZFDABCEADC, (f) ZDABCAIM. (Experimental Data taken from: ZIF
8,38 MIL-47 * AL(OH) (1,4 ND@)Ui066,° ZnDBC@DC!! ZnDABCAM™)
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For the hydrophobic MOFs (Figure 5fjathe saturation pressure observddr each of
the water models is quite distinct. Since the Lenrdomes interaction parameters are fairly
similar for the water models, the observed differences in the saturation pressures can be
mostly attributed to the electrostatic component of the meld. The TIP5P, TIP5P/Ew and TIP3P
water models significantly overestimate the saturation pressure for all MOFs tested. On the
other hand, the SPC/E model tends to underestimate the saturation pressure for the
hydrophobic MOFs (Figure 54#a with the exeption of UiO66 for which all models
overestimate the saturation pressure. The TIP4P and TIP4P/Ew models both under and
overestimate the saturation pressure. Overall, the TIP4P water model gives the best agreement
with experiment compared to all othevater models

Of all of the MOFs, the experimental water adsorption isotherm for-&8Qtands out in
that it has the lowest saturation pressure (<0.2 g/mnd that all water models significantly
overestimate the saturation pressure. There may be saverasons, why all of the models
overestimate the saturation pressure. Our force fields only account forcosalent bonding,
and it may be that defects within the Ui6b framework that have been reportéd“*3allow for

water-F N YS62N] AYyGSNIrOlAz2ya GKIFIG waSSRQ GKS

Qx

models of the MOFs, we are not accounting for these interactions resulting in an over
estimating of the saturation pressure.

Figure 5.5 provides the number of guest molecules, along with snapshots, during the
GCMC simulation of TIP4P water in a simulation cell of4vilat 0.025 bar and 300 K. The
plateaus, along with the snapshots from tl&CMC simulations, indicate that one pore is filled
to saturation before water adsorption occurs in another pore. The adsorption of a water
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molecule in a pore is a stochastic process, but once it occurs, the pore with the water molecule
will favor the adsgption of further water molecules. In other words, no intermediately filled
states of the pores have been observed, and pores are filled independently of each other. At
the saturation point, on average 48 water molecules occupies each pore, which formn wate

clusters inside the MI47 pores.
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Figure5.5: (a) the number of guest molecules (TIFB®R water molecules) in M7 as a function of
GCMC steps. {b) Snapshots of water adsorption during GCMC simulatimn40 millions steps, (c) 80
millions steps, (d) 200 millions steps, and (e) saturation point.
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Water clusters formed in Mit7-type MOFs are different from those of the bulk phase.

For example, Figure 5.6 shows that most water molecules prefer to foumhydrogen bonds

in the bulk phase while in M7 most water molecules have three hydrogen bonds. This
reduction in the number of hydrogen bonds can be attributed to the fact that most water
molecules in a confined system interact with the frameworlonas of the pore and
consequently have less opportunities to hydrogen bond with other water molecules compared
to the bulk water. The distribution shown in Figure 5.6 was obtained using reported cfiteria
where a hydrogen bond for a pair of water molecules is considered if the oxygayen

distance of two water molecules is less than 3.5 A and the OHO angle is greater tAan 150

Figue 5.6: Histogram of the number of hydrogen bonds per water molecule formed irdMli(blue bar)
and bulk (red bar). The distribution for bulk water is obtained through the simulation of TIP4P water
moleculesn a box with the same size as the MIL
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Figure 5.7 presents simulated and experimental water isotherms for hydrophilic MOFs
including CAOH10 and MOFRB06. Of the models used, for both MORse TIP4FEW water
model gives the best agreement with experiment, although it overpredicts the uptakes at the
plateau of the isothermsThe TIP5P, TIPSP/Ew and TIP3P water models perform poorly in the
simulation of experimental isotherms as they sigmifity underpredict uptake, and the SPC/E
model tends to underestimate the pressure at which the isotherm reaches a plateau. With
regards to the shape of the isotherms, both the experimental and THEMFsimulated
isotherms exhibit a different general behaur than the hydrophobic MOFs discussed above.
The adsorption of water in hydrophilic MOFs is more gradual. This behavior can be attributed to
the hydrophilic hydroxyl functional groups that line the pores of CAU1®EHNd MOFB06.To
provide more detailsFigure 5.8 showsa series of GCM@erived snapshots showing water
molecules adsorbed in CADH10 at differentrelative pressures.At low relative pressure, as
shown in Figure 5.8a the water molecules are preferentially located next to OH groups. At
higher relative pressure (Figure 5.8b), additional water molecules are adsorbed around the
initially adsorbed water molecules (green region in Figure 5.5b) located next to the OH groups.
This suggests that once a water molecule is located next to an OH gtgummotes the

uptake of water at higher pressures.
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Figure5.7: Simulated and experimental adsorption isotherms for water in (a)-OAtJ 10 and (b) MOF
806. (Experimental Data taken from: GAB10"° and MOF806')
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Figure5.8: Snapshot showing TIP4¥v water molecules adsorbed in GABI10 at (a) p/p=0.17 and
(b) p/pe=0. 45. Greemegion in (b) represents water moleculeséted next to OH groups.

Figure 5.9a shows that none of the six models correctly reproduce the experimental
adsorption isotherm in GBTC. This is attributed to the exposed Cu sites #¥BTD which
covalentlyinteract with water molecules. These interactions are not captured by the traditional
force fields used in this study. For this reason, we also simulate water adsorption on a

framework of CeBTC in which water molecules are attached to each Cu site thrtugh
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oxygen of the water. Here, we consider two cases, one where the partial atomic charges of the
coordinated water were obtained using a REPEAT calculation on the MOF framework containing
the water molecules, and one where force figighbe water molecule are added and patrtial
atomic charges were taken from the force field. The results for RE@&AEd charges and

force fieldbased charges are given in Figure 5.9 b and c, respectively. In both casesEwWIP4P
and SP¢E perform better than other models ithe prediction of saturation pressure. However,

they bothunder-predict the amount of water adsorbed at low pressures.

REPEAT charges

Figure5.9: Simulatedand experimental adsorption isotherms f@a) CuBTC without attached water, (b)
CuBTC with attached water molecules, and (c)BJ with attached force fileiype water molecules.
(Experimental Data taken from: ré7).
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5.3.2 The effect of water on natural gas purification in MOFs

To understand the effect of water on natural gas purification in MOFs, the adsorptions of
dry and wet C@CH, mixtures with a composition of 1:9 were simulated at 303 K and pressures
up to 30 bar for the MOFs considered in this work. For the wet mixture, the partial pressure of
water was chosen to be 0.03% of the total pressure, as the water specification irahgas
pipelines is 160 mg/fi*® In the case of the wet mixture with the open metal site MOFBJC,
one water molecule was coordinated to each Cu atom in the framework, such that the
coordinated water molecules were considered part of the framework. The adsorption
selectivities for both mixtures were calculated using th&X(yi/y;), where the xand x are the
loadings of component i and j in the adsorbed phase while theg y are the partial pressures

of component i ad j in the gas phase.
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Figure5.10: Selectivities of CQOn 1:9 mixtures of CLCH, with (cross) and without (circle) water as a
function of pressure at 303 K.
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As seen in Figure 5.10, water has a minimal effect on the selectivities fan GOL-47,
ZIF8, AlI(OH)( 1,4 NDC), U8B, ZrRDMOFA, and ZFDMOFTM. The reason, as discussed in
section 5.3.1, is that the hydrophobic MOFs have a weak affinity for wdtereg low
pressures, and consequently the L£&lsorption is not affected by water. Figure 5.10 also
shows that the selectivity of G@emains constant through the entire pressure range iRBJC
for the wet mixture. On the other hand, the selectivity oOCgradually decreases with
increasing pressure in CARH10 and MORO06 for the wet mixture, which can be attributed to
strong affinity of OH functional groups for water over,C§ubsequently resulting in decreased

adsorption of C@

5.4 Conclusion

We investigated the accuracy of seven popular spotarizable water models (SPC/E,
TIP3P, TIP4Bw, TIP4P, TIPS5P and THESP for examining water adsorption in hydrophobic
and hydrophilic MOFs with GCMC simulations. The water adsorption isotherms bfQRs
MIL-47, ZIF8, Al(OH)(1,4DC), Uigs6, ZADMOFA, ZhRDMOFTM, CALOH10, MOF806,and
CuBTC were calculated and compared to experimental isotherms. The results revealed that
TIP4P water model performs better than other models in the prediction afratiobn pressure
in hydrophobic MOFs. For hydrophilic MOFs, the results shows that-ENR4fves the best
agreement with experiment compared to all other water modé&sir GCMC simulations also
revealed that water adsorption in hydrophobic and hydropiMi©OFs are considerably different
from each other. Hydrophilic MOFs gradually uptake water, whereas hydrophobic MOFs show

rapid water uptake at the saturation pressur&napshots from GCMC simulations in a
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hydrophobicMOF indicate thabne pore is filleda saturation before water adsorption is seen
in another pore.We also investigated the effect of water on natural gas purification in these
MOFs, and found that water has a negligible effect on natural gas purification in hydrophobic

MOFs under maximum hudity specifications for pipeline natural gas transport.
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6 Large-Scale Computational Screening of MOFs for Natural
gas purification

Abstract

Metal organic frameworks (MOFs) have attracted attention in many gas separation
applications, including natural gas purification where, @ separated from Cidue to the
highly tunable nature of the material. A seemin unlimited number of combinations of
inorganic and organic structural building units can be used to construct a highly diverse set of
MOFs. To identify the key structural and chemical features that provide high performance for
natural gas purificationyve have screened a database of 324,000 hypothetical MOFs for their
CQ working capacity and G@H, selectivity using GCMC simulations. We find that MOFs with
a pore diameter less than 6.6 A but possess surface areas higher than Z2g9Qenerally
perform well for natural gas purification. We have applied a scheme to locate théi@ding
sites in the best performing MOFs from the probability distributions resulting from the GCMC
simulations. A similarity analysis of the binding sites was formed tdifgehe key chemical
and geometric traits of these MOFs. The most commog l@ing environment identified in
the high performance MOFs are layered sheets of aromatic groups separated by roughly 6.5 A.
6.1 Introduction

Due to both the global increase in ewggr consumption and rising greenhouse gas
emissions;? there is a demand to shift towards methatased energy sources since the
combustion of natural gas releases less B€ unit of energy compared to coal and ®More
and more, unconventional natural gas reservoirs are being tapped, which can have CO

concentrations of 15 vol% or more. Prior to sale and transport, the removal pisG€&quired
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because it not only reducethe energy density of the fuel but GQ@auses pipeline and
equipment corrosion through the formation of carbonic acid. Moreover, in cold regiops&0
form solid clathrate hydrates in the pipelines that can cause serious clogging problems.

One commommethod used in industry to scrub €@om natural gas involves using solid
sorbents and pressure swing adsorption gas separation techndlbgshis process, GGrom
natural gas is selectively adsorbed onto a solid porous material which later undergoes a
regeneration step where the G@& desorbed by applying a vacuum to decrease the pressure.
Themost commonly used adsorbents in these PSA systems are zeolite 13x, 4A, and 5A, which
selectively adsorb GQrom natural gas. Despite having a strong affinity for €6ver CH,
these materials have low G@orking capacity The working capacity is the amount of £O
recovered per unit mass (or volume) of the material over a single adsorption/desorption cycle.
Put in another way, it is the difference in the Cdptake capacity of the material at the
adsorption conditions andt the desorption conditions. Zeolite 13x has,@@rking capacity of
1.86 mmol/g® which is low compared to the other porous materials-BIC (4.0 mmol/gr),
PCN11 (5.5 mmol/gr), and M§IOF (7.7 mmol/grf. The working capacity of the material is
important since it affects the size and number of adsorbent beds that are required, and
ultimately in the cost of the PSA system. In addition te W@@king capacity, theelectivity of
the material for C@over CH, which is measured as the molar ratio of &@sorbed over CH
normalized by their partial pressures, is important. The higher thg@selectivity, the purer
the gas is recovered. Thus there is a considerafiterest in finding promising materials with
working capacities and selectivities above zeolite 13x for use in PSA systems for scruhbing CO
from natural gas.

126



uOttawa Chapter 6 Mohammad Zein Aghaiji

Among the porous materials, metal organic frameworks (MOFs) have attracted
considerable attetion as promising candidates to replace zeolites in PSA units for removing
CQ from natural gas due to the low energy demands of their regeneration prét&seith
the wide availability of unique MOFs, researchers have conducted screening studies on these
materials for their application to separa@Q from natural gas?**The intent of these studies
is to identify highperforming targets to synthesize or to identify any structural features that can
lead to higher performance. However, these studies have been limited to screening of a small
set of 1015 different MOFs, which is insufficient to provide robust structpreperty
relationships. Moreover, the best candidates identified from these studies were not practical to
use on an industrial scale. For example, Krishna &t alho screened 20 different MOFs for
methane purification under PSA conditions, showed that-MQF74 outperforms the other
canddate MOFs in their study. However, this MOF irreversibly degrades in the presence of
trace amounts water because it possesses unsaturated metal sites. This limits their real world
use, as there are always traces of water in any feed'dd8.

An alternative approach to find high performing materials is to screen hypothetical
MOFs, which covers anxteemely large number of possible MOFs structures. The utility of this
approach wasfirst demonstrated by Wilmer et df’ whose pioneering largecale screeing
study examined 138,000 hypothetical MOFs for methane storage. In that study, they identified
MOFs withmethanestoragecapacities above the wortecord holders (at the time). They also
identified a MOF that had been previously reported as the NOOTTMOF:2 and found their
predicted uptakes were in good agreement with the experimental ones, thus validating that
hightthroughput screening approach. Recently, they computationally screened the same
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database with the intent of finding structusgroperty relationshig of MOFs for C3eparation

from natural gas®! £ § K2dzZaAK (KS Wo2dzyR&a&Q 2F ahcCca LKe&aaoll
their work, the data indicated that physical and geometric properties of the framework, such as

pore size and pore volume alone aret sufficient design factors for creating higlrforming

ahCcad ¢KSe& TFdzNIIKSNJ Of I goréSwith linkideris was S© Bnpdrtanth y 3 a
factor for high performance materials. Unfortunately, Woo anewnakers” discovered that

the high performance of the halogen substituted materials was an artifact of the method in

which they used to calculate the charges used in their simulations. Indeed, in the study of
CQ/CH, separation performed by Wilmer et &, and even in similar following studies, the

issue of what pore environments contribute to strong and selective &iSorptionhas been

not fully addressed. In other words, these studies suffer from a lack of chemical ireeylant

for CQ- adsorption, which is a critical for rational design. Thus, there is a need to identify
common chemical and geometric features of bindingssi which we will call binding motifs,

that allow for strong and selective g@@dsorption. Gaining such information requires one to

identify the CQOAYRAY3 aAiGSa A0GKAY | ahCQa LBRNBI ¢
experimentally (for physisorbedages) but easily determined from simulation. For example,

Woo, Shimizu and eworkers? who studied C® binding within the CALE5 using GCMC
simulations were able to identify the GOinding sites both experimentally and by simulation.

The agreement between the predicted and experimental bindirgssitas excellent. From their

analysis, it was found that the electrostatic interaction of amine functional groups did not

dominate the CQ binding as initially thought, rather the C@MOF binding was mostly a
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dispersion interactionA large scale Ginding site analysis has been not performed in the
screening of MOFs for natural gas purification.

In this work, we present a computational high throughput screening study2d{500
hypothetical MOFs for their performance for natural gas purificagbtypical conditions used
for natural gas purification with PSA systenk®r each MOF, the performance parameters
(selectivity and working capacity) were calculated using data obtained from grand canonical
Monte Carlo (GCMC) simulations of /&I binary mixture, and the geometry of MOFs was
characterized by calculating the surface area, void fraction, and maximum pore diameter. We
investigate the structure property relationships. Further, we explore the two interesting strong
CQ binding motifsin the hid-performing MOFs, whose selectivity and working capacity are
above zeolite 13x, a commercially used sorbent in PSA systems. These adsorption pockets were
obtained using a substructure search among frameworks atoms located within 5 A of the CO
binding sies. We show thalayeredsheetsconsisting opoly-aromaticmolecules separated by
a perpendicular distance of roughly 7 A are an important structcihemicalfeature that leads
to strong adsorptionof C&@ CAY |l ff 83X 6 S A Rtardeled syrdhesisK A G ¢ Y I (SN
6.2 Methods

6.2.1 Hypothetical MOF Database

A hypothetical MOF database was generated from a selection of secondary building units
(SBUs), typically organic linkers and metal clusters, derived from existing MOF crystal
structures. A program for thassembly of hypothetical MOF structures was developed by the
Woo group at the University of Ottawa which uses a method similar to the recursive method

established by Wilmer et &.A brief summary of the database generation procedure follows
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Any building block from the database can combine with any other building block provided that
the local geometry and chemical composition at the point of connectionsiangar to an
existing MOF crystallographic structure. Building blocks are combined in a stepwise manner,
and when an unphysical atomic overlap occurs at a particular step, a different building block or
a different connection site is chosen until all poidses for crystallographic linkages in the
database are exhausted. When no further building blocks can be added, the crystal generation
procedure is considered compléfe.

All generated hypothetical MOFs underwent functionalization whereby hydrogen atoms
were replaced by a given functional group in order to enhance the chemical diversity of the
chemical substances in the database. The symmetry of thergtste structure, determined
based on the Grosskunstlevemethod?® was implemented to recognize the symmetrically
equivalent hydrogen atoms so that the functionalized sttre has symmetry as similar as
Ll2adaArAofS G2 GKS LI NByd adNHzOGdzZNBEQa a@YYSGNEO®
the functionalized hypothetical MOFs. In total, based on the procedure described above,
345,332 hypothetical MOFs were genexdtfrom a library containing 7 inorganic SBUs, 59

organic SBUs and 19 functional groups. The entire list is provided in the appendix to this this

chapter.

6.2.2 Screening Protocol

In PSAvased natural gas (NG) purification the gas is fed into a fixed volunselves
containing the solid sorbent material. €3 selectively adsorbed from the gas feed by the
adsorbent material, resulting in an outgoing gas that is methacte After the adsorbent bed

is saturated with Cg) the feed gas is redirected to another badd the CQin the existing bed
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is desorbed by reducing pressure. Once the iS@esorbed the adsorbent bed is ready to be
used again. The optimal adsorption and desorption conditions (T and P) are different for each
PSA system, feed gas composition agdorbent material. In this work, we use a fixed set of
adsorption and desorption conditions that are typical of natural gas PSA systems. Specifically,
we screened each MOF for adsorptionadbinary mixture of C£CH with a composition of 1:9

at a totalpressure of 10 bar and a temperature of 298 K, and desorption at a pressure of 1 bar
and a temperature of 298 K with the same composition. These conditions have been used in
various studies which evaluated the capability of sorbent materials for NG piofi¢*?’ In

order to compare the performance of MOFs, we used two traditiocr#tical factors that
control the economics of the PSA unit, namely the:C8 selectivity,S and the C®working

capacity. The selectivity is defined in equation 6.1,

nn
nn

where theq; and p are the loading of the gas in the sorbent material and partial pressure of the

6.1

gas i, respectivelyThe C@working capacity X)) of sorbent materials was obtained from the

difference in C@uptake capacity at the adsorption and desorption cadiadis.

)

yhn n n 6.2
Sincerigid SBUs were used to construct the hypothetical MOFs, each hypothetical MOF in the
database underwent a classical fofteld optimization using the UFF force field and the GULP
software packagé® The force field optimization of the structures removes unphysical structural
features such as overlapping atoms. During the optimizatitresfractional coordinates of the

metal ions and atoms directlgoordinated to them were fixedand the positions of other
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atoms, along with lattice parameters, were relaxesing a conjugate gradient algorithm until
the forces were all below 0.001 eV/A. The reason to treatghemetry around the metals as
rigid goeshack to the fact that our inorganic SBUs include metal atoms in geometries that have
not been parameterized in the UFF. Indeed, optimization without the rigid treatment would
adjust the metal atoms to the geometric configurations parameterized by the t@B&lting in
highly distorted structures.

Following the classical force field optimizations, each MOF was examined for
irregularities using a code written by the author. These defects include missing hydrogen atoms
and nonsensible lengths between both bonded and Aoonded atoms. To determine whiger
a given pair of bonded atomisand | are within a chemically reasonable distance, we compare
the distance between atomandj (dig) to their covalent radii (r) with scaling factors using the

below criteria.

0.75 (ri+15) <d<1.25 (ri+71) 6.3
For nonbonded atomsjandj> G KS F2fft26Ay3 ONAROGSNAIF gAGK aol
1.25 (r+r)<d 6.4
With these criteria,approximately 20,000 MOFs were excluded from screening because they
were deemed to possess unphysical structural features.
GCMC simulations were then performed on all of the structure where each structure was
subjected to a short GCMC simulation of a bynawixture of C@and CHwith 5000 equilibrium

cycles and 5000 production cycles. A single cycle contains N Monte Carlo steps, where N is the

fluctuating number of guests in the GCMC simulation.
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