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SUMMARY

Industrial alkane separations traditionally rely on energy-intensive distillation processes.
To mitigate this, adsorption-based separations using porous materials, speci cally zeolites,
offer a non-thermal alternative. However, large combinations of exchanged cations, frame-
work topologies, and aluminum compositions exist, making it challenging to identify the
optimal candidates. Large scale computational studies present an ef cient approach to
screen candidates and design processes before lab experimentation. These studies rely on
accurate results from classical simulation techniques such as Grand Canonical Monte Carlo
or Molecular Dynamics and an ef cient work ow. The accuracy and/or transferability of
the available force elds often limit the scale of these studies. This thesis aimed to address
these limitations by developing a suite of tools for the high-throughput screening of sil-
ica and aluminosilicate zeolites for separations. We rst studied the impact of intrinsic
exibility on adsorption properties in zeolites and con rmed the viability of rigid frame-
works, an essential step for the development of computationally ef cient force elds. We
then developed a fully transferable force eld based on rst-principles quantum mechanical
methods that can accurately describe both the adsorption and diffusion properties of alkanes
and some small adsorbates in siliceous and cationic zeolites. By tting these force elds
to DFT/CC energies, we retain the accuracy of QM methods. To streamline screening,
we developed an algorithm based on DFT methods to ef ciently generate computation-
ally ready cationic zeolite structures with accurate Si/Al ratio dependent lattice constants.
These allowed us to obtain simulation results that are quantitatively accurate to experi-
mental measurements. This led to the creation of a computational screening work ow for
adsorption-based methane/butane separation in zeolites using the algorithmically generated
structures and DFT-parametrized force elds. We then developed machine learning tools
for the screening of real and hypothetical zeolites to facilitate high throughput screening.

These machine learning models, trained on accurate data from our force elds, is a valu-

XXii



able complement to classical zeolite screening simulations. Overall, the work presented
here serves to present more accurate, faster methods to screen zeolites for separation pur-

poses.
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CHAPTER 1
INTRODUCTION AND BACKGROUND

1.1 Zeolites

Zeolites are crystalline, nanoporous frameworks whose geometry is composed of in-
terconnected Totetrahedra, where the T atoms can be silicon (Si), aluminum (Al), phos-
phorus (P), or germanium (Ge) among others, each with different properties. Each unique
arrangement of Totetrahedra, independent of the composition, de nes a zeolite topology.
While zeolite minerals occur naturally in sedimentary or metamorphic rocks, researchers
can also synthesize them experimentally for various chemical proce8ses.

The Structure Commission of the International Zeolite Association (IZA-SC) created
and maintains a database of structural information on all of the experimentally synthesized
zeolite frameworks that have been approved by thétin this database, each unique
topology is designated using a 3 letter code assigned by the IZA. This systematic nomen-
clature facilitates communication and consistency and further details about the method are
available in the literaturg0:1

The internal tetrahedra arrangement of zeolites creates a large, intricate system of pores
and adsorption sites. Their intricate microporous channel system provides zeolites with a
large internal surface area and pore volume, giving these materials exceptional adsorption
capacities. These properties give zeolites diverse roles across multiple industries. They are
used as sorbents in gas puri cation or storage, ion exchangers in soaps or water puri cation,
catalysts for cracking or isomerization in the petrochemical and pharmaceutical industries,
among other usé€'$. Zeolites boast high thermal stability, are environmentally safe and
are also sustainable thanks to their regenerability. As such, they are often viewed as an

environmentally green alternative to many existing chemical processes in a world with



constantly increasing energy demanls.

A pure silica framework (Sig) has no net charge, but the substitution of* Siith
Al**in a framework generates a negative charge, which is compensated by the addition of
charge-balancing cations. The added cations can be organic, inorganic, or metallic each
with different advantages*1°> Moreover, the initial cations obtained from the synthesis,
or found naturally can be exchanged for more bene cial ones. Due to the addition of
these cations, these cationic zeolites have strong electrostatics interactions with adsorbates
giving them strong adsorption sites for polar or quadrupolar molecules such asrCO
H,0 also making cationic zeolites extremely hydrophilic. These properties make cationic
zeolites useful in water puri cation or CQcapturet®!’ Zeolites can also be exchanged
with protons (H), in which case the extra-framework protons act as Brgnsted acid sites,
which can be used as catalytic sites for applications such as uid-catalytic craékihg.

The empirical formula of an aluminosilicate zeolite is,M[(AlO,), (Si0,)y] wherex
represents the number of aluminum atomsepresents the number of silicon atoms and
M represents the cation of choice of charg@ he performance of aluminosilicate zeolites
for any given application is strongly affected by the cation of choice, the proportion of Al
atoms described by the Si/Al ratio, and the Al distributf8in aluminosilicate zeolites, Al-

O-Al bonds have never been observed due to the lower stability of these bonds as compared
to Si-O-Al bonds. This fact, known as Loewenstein's fiienplies that the Si/Al ratio of
an aluminosilicate zeolite is always larger or equal to 1.

In addition to the 245 experimentally synthesized zeolite topolégiesillions of hy-
pothetical zeolites have been constructed based on geometric and energeticéfiteoa.
example, the hypothetical zeolites database of Treacy and Fo&econtains approxi-
mately 10 million hypothetical zeolite topologies. To screen such a database and allow each
topology to have 10 Si/Al ratios would require considering overstfuctures. This large
variety of zeolite topologies and the variations that can be made within a single topology

makes studying multiple combinations in a comprehensive way to decide which material is



the most adapted for a speci ¢ separation unrealistic.

To effectively screen zeolites for separations applications, a detailed understanding of
the adsorbate-zeolite interactions as well as tools that can capture differences in adsorbate,
zeolite topology, composition, and Al distribution are required. In this work, we aim to

develop such tools using quantum mechanics, classical simulations, and machine learning.

1.2 Quantum Mechanics

Quantum mechanical (QM) simulations provide a high accuracy description of inter-
molecular interactions. In chemistry and physics, QM methods are a fundamental theory
that describes the behavior of natural phenomenon at the scale of atoms and subatomic
particles.

In quantum chemistry calculations, the objective is to solve thedlamger equation
which is a partial differential equation governing a quantum systefiln a system of
M atoms at positior!1§{1; o iQM , we can express the ground state energy, E, as a function
of the positions of these atoms' nuclei. We can then present a simpli ed version of the
Schibdinger equation (the time independent, non-relativistic equatiok) as E . In
this equation, H is the Hamiltonian operator ands a set of solutions of the Hamiltonian.

Due to the size of many-body systems, the 8dimger equation cannot be solved ana-
Iytically and so approximate and/or computational solutions must be sought using various
methods.

One such method is the Coupled Cluster (CC) numerical technique, a highly accurate
technique which provides an approximate solution to the time-independerddBuiper
equation’®-32While CC calculations are highly accurate, such highly precise descriptions
of electronic correlation effects are computationally intensive. These calculations (such as
the CCSD(T) method) have computational complexities that scale a§ @{i¢reN is the
number of electron® As such, they can only be used accurately on the smallest of systems.

Due to this computational cost, simulations at this level of theory are performed on clusters



of tens of atoms and cannot be applied to large periodic structures such as zeolites.
Density Functional Theory (DFT) is another powerful computational method utilized to

scrutinize the electronic structure of atoms and molecules. Sholl and Steckel's comprehen-

sive book on DFT offers a useful introduction to the fundamental concepts and the practical

applications of this theord/. In DFT, atom properties are determined through functionals

of the electron density. The core of this approach involves solving the many-electron time-

independent Scbdinger equation. For a stationary electronic state, the Hamiltonian is

de ned as: H .
|
H= T+¥0+0
" #
a X h o, X X
) i=1 Z_rniri * i=1 V(ri)+ i<j U(ri,rj)

The three terms in brackets in this equation de ne, in order, the kinetic energy of each
electron, the interaction energy between each electron and the collection of atomic nuclei,
and the interaction energy between different electrons. For this Hamiltonias,the
electronic wavefunction, which is a function of each of the spatial coordinates of each
of the N electrons. This function intertwines each electron's spatial coordinates, and its
complexity underscores the comprehensive nature of DFT's computational analysis. For
further insights into this in uential methodology, Sholl and Steckel's book on DFT offers
detailed explanations and elaborations on the discussed dpics.

By describing the properties of a many electron system using electron density func-
tionals, DFT makes the quantum mechanics problems less computationally expensive. A
limitation of DFT lies in its relative inaccuracy in precisely predicting the energies asso-
ciated with dispersion interactions. These dispersion forces encompass a range of weak,
short-range intermolecular interactions, including van der Waals forces, which are vital in
governing the structure and behavior of molecules. The problem arises because DFT pri-
marily uses functionals related to the electron density and their spatial distribution, which

overlooks long-range correlation effects among electrons and does not accurately incorpo-



rate dispersion forces. This weakness is a consequence of the trade-offs made for compu-
tational ef ciency. Methods combining DFT with dispersion correction calculations such
as DFT-B** and DFT/CC® have been developed to attempt to correct this.

DFT-CC (Density Functional Theory Coupled Cluster) is a method that merges the
speed of DFT with the computational accuracy of CC theory. It is designed to bridge the
accuracy gap between DFT and CC methods without the prohibitive cost of CC calcula-
tions on a large system, to balance accuracy and computational cost. This method takes
the difference between DFT energies and CCSD(T) energies in well-de ned cluster calcu-
lations to de ne a CC-correction. This CC-correction is then applied to DFT energies in
periodic systems. The DFT/CC method has proven to be highly accurate in predicting the
energetics of adsorbate-adsorbent interactions in zeolites.

QM calculations provide an accurate understanding of the energetics of a system but
demand high computational costs. This poses a problem when applied to a large number
of distinct con gurations, as needed in predicting adsorption and diffusion properties due
to these being average/ensemble properties. Therefore, to predict adsorption and diffusion
properties, statistical mechanics methods such as Molecular Dynamics (MD) or Monte
Carlo (MC) simulations are preferred. These methods reduce the computational cost of
studying a large number of con gurations but sacri ce some complexity by using force
elds.

The development of classical force elds using quantum chemistry helps bridge the
gap between accuracy and computational cost. These force elds, while less accurate than
guantum calculations, can maintain a signi cant level of accuracy in predicting adsorption
and diffusion behaviors in diverse materials, provided they are properly parametrized. In
the last few years, our group has proven that force elds tto DFT/CC energies accurately
predict macroscopic properties such as adsorption isotherms and diffusivities in zeolites
without relying on experimental data.

Our group utilizes VASP (Vienna Ab-initio Simulation Package), an open-source soft-



ware, for DFT calculation®>-3° VASP presents a suite of computational tools that enable

accurate calculations of electronic structures, materials properties, etc.

1.3 Classical Simulations

Classical simulations in our context exist within the realm of statistical mechanics,
utilizing classical physics and simple analytical formulations called force elds (FFs) to
model the interactions and dynamics of atoms and molecules. By using a foundation in
probabilistic analysis, the core aim is to comprehend the behavior of an ensemble of atoms
by statistically interpreting their interactions and movements. The fundamental goal of sta-
tistical mechanics is to describe the relationship between macroscopic properties such as
pressure, temperature, and energy and the microscopic behavior of particles such as ve-
locity, or position. The use of force elds allow for forces and energies to be evaluated
quickly, making it possible to mathematically estimate properties like adsotptipmen-
thalpy of adsorptiof?, diffusivities*®, or vapor-liquid equilibri&* as they rely on averaging
properties over a large ensemble of thousands or millions of con gurations. The accuracy
of these predicted properties is contingent on the accuracy of the force elds used in the
calculations.

Force elds are sets of mathematical functions and/or parameters that describe the in-
teractions of atoms and molecules within a system. They aim to accurately calculate the
physics of a system, including but not limited to bond stretching, angle bending, torsional
rotation, van der Waals, and electrostatics. They describe the energy of a system with re-
spect to the positions of its atoms and molecules. Experimentally-derived FFs are t to
reproduce experimentally measured adsorption isotherms or vapor-liquid equilibria of one
or multiple molecules in microporous structures. These FFs are generally accurate to sim-
ulate adsorption in the structures they were tted to, but they are often not transferable to
structures or molecules that are different from the source of experimentdfda@n the

other hand, rst-principles-derived FFs are designed to reproduce the energies of QM cal-



culations. These FFs offer accurate predictions for material properties, and are necessary in
the absence of experimental data. However, their accuracy depends on the level of theory

used in the QM calculations, and the tting method used.

1.3.1 MonteCarlo

Monte Carlo (MC) simulations are a type of computational algorithms that use random-
ness to solve deterministic problems. The name “Monte Carlo” is a nod to the randomness
of the method by associating it to the gambling casinos in the city of Monte Carlo, Monaco.
The term was coined by Metropolis and Ulm in 19498 In these simulations observable
properties are calculated by averaging over a large number of randomly simulated events.
The MC method is particularly useful when modeling systems with a large number of de-
grees of freedom.

The Metropolis algorithm, a staple of MC simulations, generates new con gurations of
the system through probabilistic moves. It involves calculating the change in the energy of
a system, E, for any proposed move (change in the system), which is then compared to
a random number, facilitating acceptance or rejection of the move. In simpler terms, it can

be expressed as:
1. Generate an initial con guration of a classical many-body system.
2. Calculate the energy of the con gurati@hn,g.
3. Randomly perform a trial move.
4. Calculate the new energy of the systEm,.

5. Calculate E.



The acceptance probability (P) is then given by the Metropolis criterion:

8
E1 if E<O
P =

ew if E O

wherek is the Boltzmann constant afdis the temperature. After acceptance or rejection,
the system goes back to step 3 until it reaches equilibrium. In our systems, random trial
moves can be translation, rotation, insertion and deletion among others. The trial moves
are either accepted or rejected with probabilities based on the balance criteria of a system
at equilibrium expressed B

iPi = P

i and ; are the equilibrium probabilities of the system being observed in istaté state
j respectively andP; is the probability of the system transitioning from state statej.
The equilibrium probabilities, are determined by the constraints of the ensemble used in
the Metropolis algorithm.

In our case, our most commonly used ensemble is the grand canonical ensemble, giving
its name to the Grand Canonical Monte Carlo (GCMC) method. It is used to represent the
states of a system of particles that are in thermodynamic equilibrium with a reservoir of
particles®® The system exchanges energy and particles with the reservoir while its volume
and temperature are kept constant. This ensemble is also known a¥Tthensemble
for the chemical potential (), volume (V), and absolute temperature (T) as they are kept
constant while the number of molecules in the adsorbed phase (N) uctuates. The chemical
potential, , cannot be directly speci ed and as such is determined using the fugacity of the
system. GCMC simulations are widely used in the simulation of adsorption equilibrium, as
they directly calculate the number of molecules in the system. MC simulations can also be
performed in different ensembles: microcanonical (NVE), canonical (NVT), isothermal-

isobaric (NpT), each for different properties.



The number of molecules (N) in a system is not xed in a GCMC simulation, so equi-
librium adsorption isotherms can be calculated by taking the average of the number of
molecules € N > ) over the length of the GCMC simulation.

In our research, we typically perform GCMC simulation using the open-source RASPA
code>5?1t offers a robust and versatile suite of tools to study the behavior of molecules in
diverse environments. In RASPA, the isosteric enthalpy of adsorption is calculated using

energy/particle uctuations in the system with the equation

@u

H = - =
@<N> VT

<Ug> RT

<NU > <N><U >
H = N> <NS? <Ug> RT

whereN is the number of adsorbates in the systen 4 > is the average internal energy
of a single guest-molecule in the gas phase (often 0 for simple moledules)he internal
energy of the system and> denotes an ensemble average. The internal energy can be
calculated through a variety of equations but the most commonly used one is the Lennard-
Jones equatioff—>8 For a pairwise interaction between two patrticles, the Lennard-Jones
potential is de ned as:

12 6

V(r):4" F F

In this equationy/ (r) represents the potential energy between two interacting particles as
a function of the distance between them." signi es the depth of the potential energy
well, representing the strength of the interaction ardkenotes the distance past which the

inter-particle interactions are null or negligible.

1.3.2 MolecularDynamics

Molecular Dynamics is a computational method designed to study how a system of par-

ticles or molecules evolves as a function of tifi° Macroscopic properties of the system



such as the temperature, kinetic and potential energies as well as the microscopic proper-
ties (velocity, acceleration, position) of each particle in the system can be analyzed. The
microscopic properties are obtained through numerically integrating Newton's equations
of motion.

Given the current position and velocity of a set of particles at a time aim to predict
the position and velocity of all particles in the system at a time t after a time stept .
If we calculate the total potentia®l acting on a particlé at a positiorr;, we can derive the

force acting on it using the equation:

The second law of Newtonian mechanics states:

! I

Fi=mig

Wherleai is a vector representing the acceleration of partieledm; is the mass of particle

i. Upon obtaining the acceleration, the equations of motion can be integrated to solve for

velocity and position at timé+ t. A common solver is the Velocity-Verlet algoritfifn

which works as such:

vit+ 1) = vi(t)+% (a (t) + & (t+ 1))

Pt )+t v+ “2)2 ba (1)

Wher'eri and v; are respectively the position and velocity of the particll zeolites, MD
simulations are often used to measure diffusivities using the mean squared displacement
(MSD) of the adsorbates in the system. Self-diffusion constants are calculated through
a linear t of time evolution of MSD to the Einstein equatioq, r 2 >= 2dDst (r is

adsorbate displacements time,d is dimensionality of the system, ab is self-diffusion

10



coef cient).>8.62
In our group, MD simulations are typically carried out using LAMMPS8 arge-scale
Atomic/Molecular Massively Parallel Simulator) which is a highly regarded open-source

software.

1.4 Computational Screening of Nanoporous Materials

The use of molecular simulations to screen nanoporous materials databases has proven
to be a useful complement to experimental research, allowing for experimental work to fo-
cus on the most promising materials. Many examples exist in the literature regarding com-
putational screening of nanoporous materials for gas sttfdgand separatiornf$:%8-7>
When focusing on zeolites, many studies limit themselves to pure silica strift{fr&s’’

although the methods used are potentially transferable to cationic z&@lites.

1.4.1 Adsorptionscreening

Most studies dealing with adsorption screening focus on the adsorption selectivity

Si=2.ags Of COMponent 1 over component 2, de ned as

ni=n,
Y1=Y2

S1:2;ads -

Here, n; is the adsorbed concentration of species i in equilibrium with a bulk gas phase
of mole fractionsy;. The equilibrium adsorption loadings can be obtained using Monte
Carlo (MC) simulation&, be they Con gurational-Bias Monte Carlo (CBM€) Grand
Canonical Monte Carlo (GCM@), or both with CB-GCMC° In studies discussing dilute
region selectivity, the dilute loading adsorption selectivity is calculated as the ratio of the
single component Henry constafifs.

Another key property in adsorption-based separations is the heat of adsétprioa.

heat of adsorption is an important parameter to consider when doing the cost analysis for

11



an eventual industrial scale projéétit is commonly directly obtained through MC simu-
lations using a uctuation formula and is an application of the Clausius-Clapeyron equa-
tion.#283 Due to the necessary trade-offs that occur between various adsorption properties
in practical settings, multiple metrics have been created to rank adsorbents on their overall
effectivenes§? No single metric has been found to be applicable in all separations settings.
Blocking inaccessible pores such as sodalite cages in zeolites is crucial to accurately
predicting adsorption isotherms using MC simulati&h§® These scenarios present sig-
ni cant challenges: large cages that could theoretically accommodate a molecule yet are
experimentally inaccessible due to narrow access channels. Such situations can lead MC
simulations to erroneously position molecules within these cages. To address this, we
de ne speci c regions within the zeolite structure where molecules cannot be added. Ma-
terials databases do not typically provide blocked regions for the structures they contain,
so nding and blocking the necessary regions would become a tedious task to do manually
or using MD simulation§’ To avoid complications associated with blocking pores, some
studies made the choice to only focus on large pore zeBlitesimply ignored this issue.
However, the emergence of tools for geometrical analysis of crystalline mattaatsin
particular Zeo+%° has led to improvement in this domain. The package was recently used
in a study of IZA database zeolites and proved to be a reliable method to nd blocked

regions in a large set of structures using minimal computational resolirces.

1.4.2 Diffusion screening

Kinetic separations take advantage of the size differences and hence diffusivity dif-
ferences between different molecules. In diffusion screening processes, the key parame-
ter is the diffusion selectivitys;—,.qts that can be approximated by the ratio of the self-

diffusivities D; s Of the components in the mixtufe??-%4

D 1;self
D 2;self

Si=ditt =
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The conventional method for simulating diffusion of molecules in zeolites is to follow
molecular trajectories using Molecular Dynamics (MB$#° MD simulations can be
performed, for example, with the open-source LAMMPS softwéretom the resulting

molecular trajectories, the self-diffusion coef cient is given by
jim 4 [r(t) r(0)?

Here,r (t) is the position of the molecule at tinte When using this method, using pe-
riodic boundary conditions is critical to accurate results as they allow the modeling of an
effectively in nite system, making the movement of the adsorbate strictly due to internal
diffusion. However, for systems with infrequent cage hopping and slow diffusion, MD sim-
ulations can be impractical. To remedy this issue, some researchers choose to sample the
energy surface of the system and use transition state theory (TST) to calculate the diffusion
rate?2'68*78197‘99

While there exist multiple methods to calculate the diffusion coef cient of a molecule
using TST, a common choice is to use Umbrella Sampiiidn this method, a prede-
termined reaction coordinate (often distance) is divided into multiple intervals known as
umbrellas. Within each of these umbrellas, a biased MD or MC simulation is performed
to determine the free energy of the umbrella. Combining the free energy of each umbrella
allows the creation of a plot of the free energy along the reaction coordinate. Once the
free energy pro le of the diffusion event is known, the hopping ratepkcan be calcu-
lated®®1%1 The major issue with using TST is that the method only provides the hopping
rate of the adsorbate from one cage to another. A dynamical correction as well as an equa-
tion connecting the hopping rate to the diffusion coef cient then have to be de ned for each
systenf8192-105\greover, TST depends on a reaction coordinate, which, while simple to
de ne in silica zeolites, is more complex to de ne in a cationic zeol#&’*-1%Due to these

limitations, TST is seldom used in zeolite diffusion screening and has been limited to pure
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silica structure¥”’, with researchers largely choosing to do MD simulations inst&&°8
Multiple studies have shown that for tightly tting molecules, using exible frameworks
(accounting for the framework vibrations, bonding, bending, and torsion) improves the pre-
diction of the self-diffusivity:°”:1°%110The major drawback of using exible force elds is
the increased computational requirement as well as the complications incurred when deriv-
ing a force eld that accurately describes zeolite movement, particularly for cationic zeo-
lites. Potential solutions to this issue exist in the form of the “ exible snapshot” method or
the “changing snapshot” method created by our group. In these methods, the exibility of
the framework is simulated by a series of rigid structures generated by MD. In the “ exible
snapshot” method, calculations are performed in each individual rigid framework and then
averaged!! In the “changing snapshot” method, molecular diffusion is simulated using
MD in a rigid framework that gets replaced by a randomly chosen snapshot at set time
intervals while adsorbate positions are x&dlt is worth noting that including framework
exibility in diffusion simulations whether using TST or MD is not a substitute for good

force eld quality.

1.4.3 Permeatiorscreening

While there exists sporadic research that focuses only on diffusion scré&nimast
work of this kind has been done in the larger scope of kinetic separations using mem-
branes? In these separations, a combination of the differences in adsorption equilibria and
diffusivities is used to separate moleculég hose studies typically focus on the perme-

ation selectivity, which is commonly expressed by

Sl:2;perm = Sizzads  Si=2.diff

Even at higher loadings, the diffusion selectivity is often still approximated as the ratio of

self-diffusivities as they are more straightforward to calculate.
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1.4.4 Dataanalyticsin screeningf nanoporousnaterials

There exist multiple screening projects studying the correlations between adsorption
properties/metrics of nanoporous materials and various structural properties of the adsor-
bates’>93113|n the past few years, efforts have been made to combine this kind of infor-
mation with machine learning algorithms and prediction models. Using such methods can
drastically speed up the screening process by saving costly GCMC and MD predictions for
the most promising materials. While there exists no standard method for using machine
learning algorithms to predict adsorption properties, the rst step in all projects on this
topic is the generation of data using MC simulations. The issue is that any bias existing in
the input data will be re ected in the predictions of the model, implying that studies with
underlying force eld accuracy issues will lead to imprecise models, regardless of the qual-
ity of the machine learning algorithms. Previous studies have proved the ability of machine
learning models to complement traditional computational methods and predict adsorption
properties in nanoporous materiaté:''° These studies have shown that the accuracy of
the nal model is predicated on the quality of descriptors and that in many cases, strictly
geometrical descriptors have limited accuracy. While various models have been used in the
past for predicting adsorption properties, the focus of this thesis is on tree tting models.

A decision tree Figure 1.1) is a tree-like algorithm that models decisions and their
consequences, commonly used to predict an output based on a vector of inputs or fea-
turest?%1211n a decision tree, each node represents a decision point where the algorithm
chooses among possible options based on the input features. This decision is typically
made by applying a rule related to one or a combination of the input features. For example,
a node might split the data based on whether a feature exceeds a certain threshold value
creating multiple subsets. This branching continues, with each node making a decision
that leads to multiple potential paths, each representing a series of decisions that guide the
prediction. Decision trees are known for their interpretability and are often referred to as

“white box' models, as their internal structure is explicit and understandable. These models
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have the advantage of not requiring data scaling, and they can accommodate the inclusion
of unimportant features without signi cantly affecting prediction quatityThe depth of

the tree and the complexity of the paths can vary, with deeper trees generally represent-
ing more complex decision-making processes. Due to this however, decision trees can be
prone to over tting and instability?> They are sensitive to variations in the training data

and slight changes to the training set can result in totally different trees.

Figure 1.1.Visual explanation of the inner workings of a decision tree.

To address the issue of over tting, decision trees can be replaced by a random forest,
which is an ensemble of decision tréé$ln a random forest, multiple decision trees are
trained on random subsets of the entire training dataset, ensuring that these individual trees
are uncorrelatet* The predicted output of each decision tree is then averaged to obtain
the nal prediction of the random forest.

Alternatively, Gradient Boosted Trees (Gradient Boosting) create an ensemble of se-
guentially trained decision trees, where each tree corrects the errors of its predecessor,
gradually improving the model's accuratd. This iterative nature allows them to correct
each other's errors and better capture intricate patterns and dependencies in the data.

Such ensemble models are designed to enhance model robustness and reduce over tting
tendencies. Forests and Gradient Boosting are typically more robust and accurate than a

single tree. However, they can be harder to interpret as each output is a combination of
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multiple decision paths. While these ensemble techniques offer improved performance
over single decision trees, it's essential to carefully adjust hyperparameters and select an
appropriate number of trees to achieve optimal results.

These ensemble methods have been successfully used to to predict the selectivity of a
Xe/Kr mixture in a large collection of nanoporous materials using geometrical descriptors
and one energy descriptdt, to predict methane storage in MOFs using only geometrical
descriptor!’, or to screen pure silica zeolites for siloxane adsorption using geometrical
properties:?® They were used along with energetic and molecular descriptors to predict the
temperature-dependent Henry's constants and adsorption selectivities for various molecules
in MOFs'?” and also along with a dual site Langmuir model to optimize cyclical adsorption
processe$® Overall, ensemble tree models have been used in the past for a variety of uses,

typically with very promising results.

1.5 Thesis Scope

The goal of the project is to develop capabilities for quantitatively predicting adsorption
and diffusion of single- and multi-component mixtures in siliceous and cationic zeolites.
The main molecules of interest are hydrocarbons and industrially relevant small molecules
such as C@ N,, H,O, O,, and CO, among others. We aim to develop rst-principles
based molecular simulation tools able to predict adsorption and diffusion of molecules
with an accuracy that is comparable to experimental measurements. We also aim to use the
results of these simulations to develop the necessary tools for high throughput screening
for zeolite-based adsorption separations.

In Chapter 2, we study the impact of zeolite exibility on the simulated adsorption
properties. We con rm the validity of the rigid framework assumption in zeolite adsorp-
tion properties. This allows us to develop our series of tools for screening at a reduced
computational cost, as simulations with exible frameworks require dedicated force elds

and more computational power.
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In Chapter 3, we develop and validate force elds for linear alkanes and other molecules
in cationic zeolites based on rst-principles calculations and coupled cluster corrections.
We also develop a novel algorithm to create accurate zeolite structures that take account of
the lattice constant changes for different Si/Al ratios for a given zeolite topology. Finally,
we screened silica and aluminosilicate zeolites for separation of n-butane/methane mixtures
in several swing adsorption processes to display the capabilities of our tools.

In Chapter 4, we tapped into the power of Machine Learning to quantitatively predict
the single component adsorption behavior of linear alkanes in silica and cationic zeolites.
These models were trained using highly accurate molecular simulations stemming from
the force elds developed in Chapter 3. We expanded the power of these predictions to ad-
sorbed mixtures at arbitrary temperatures by integrating them with the Clausius-Clapeyron
equation and Ideal Adsorbed Solution Theory (IAST). We demonstrate how predictions
from this ML-enabled approach can allow selection of high performing materials that are
then validated using detailed molecular simulations based on quantitatively accurate force

elds.
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CHAPTER 2
QUANTIFYING IMPACT OF INTRINSIC FLEXIBILITY ON MOLECULAR
ADSORPTION IN ZEOLITES

2.1 Introduction and Literature Review

Zeolites are one-, two-, or three-dimensional microporous, crystalline minerals com-
posed of interlocking SiQor AlO, tetrahedra. This framework structure creates channels
and pores in which water, cations or other adsorbates can resideolites can be ob-
tained from natural sources or produced syntheticalifze International Zeolite Associ-
ation (IZA)® currently catalogs 40 naturally occurring zeolites and a total of 245 unique
frameworks. Enormous numbers of additional frameworks have been suggested by in sil-
ico studies. Zeolites are widely used in catalysis, cation exchange, gas separations, and
water puri cation/~*® Because studying the adsorption properties of a zeolite experimen-
tally can be time-consuming'’, molecular simulations are a useful complement to exper-
imental methods in predicting adsorption properties. Quantitatively accurate predictions
of adsorption are possible when force elds derived from high-quality quantum chemistry
calculations are useéd:2°

In molecular simulations of zeolites and other crystalline nanoporous materials, partic-
ularly in simulations being used to screen large numbers of materials, the zeolite frame-
works are commonly assumed to be ri§id:21-2*This assumption of rigidity saves consid-
erable computational resources in addition to avoiding the complications associated with
implementing and deriving force elds that accurately describe framework degrees of free-

dom?-29

“Material in this chapter has been published previoushAlas S. S. Daoy John M. Findley, Hanjun
Fang, Salah Eddine Boulfelfel, Peter I. Ravikovitch, and David S. Sholl, Quantifying Impact of Intrinsic
Flexibility on Molecular Adsorption in ZeolitesThe Journal of Physical Chemistry ZD21 125 (9), 5296-
5305
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The strong impact of framework exibility on molecular diffusion in small pore zeolites
is well-documented®3°-321t is less clear whether similar impacts can exist for molecular
adsorption. Vlugt et &> examined this issue for hydrocarbons in silicalite and found that
the impact of exibility on both heats of adsorption and the Henry coef cient is small.
Garda-Snchez et at® studied methane ihTA-type zeolites and concluded that the ef-
fect of exibility in adsorption is small. We recently looked at the in uence of framework
thermal vibrations on CQadsorption in a NIST reference zeoliteand found that these
effects were small. A recent study by Caro-Ortiz et*adn aromatic molecules in zeolites
concluded that exibility becomes more relevant for the molecules that t tightly in the
framework. In contrast to these results from zeolites, several recent studies have indicated
that the impact of these effects on adsorption in MOFs can be large. Ge® atsihg the
“ exible snapshot” method, concluded that framework exibility impacted the selectivity
of multicomponent C8 aromatic mixtures in MOFs and led to better agreement with exper-
imental data. Witman et &P.used the same method to conclude that exible simulations
provide better agreement with experimental selectivity of Xe/Kr mixtures in MOFs than
simulations with rigid structures. Agrawal et%lused the same method to assess the im-
portance of framework exibility when predicting selectivity of four mixtures (£0Hy,,
ethane/ethene, propane/propene/butane, and Xe/Kr) in 100 MOFs, nding that MOF ex-
ibility was important in many cases. Following these results, Park tadko suggested
the importance of applying framework exibility for mixtures with polar and differently
sized species in MOFs. Given the apparent differences between zeolites and MOFs sug-
gested by this prior work, we decided to examine the impact of framework exibility more
systematically on molecular adsorption in zeolites.

Framework exibility in nanoporous materials can manifest itself in several different
ways. Some of these effects involve net changes in the volume of the adsorbing material,
including swelling or contractiofl and the possible existence of bistable stdtésThe

latter effect has been observed in zeolites in the case of changes in crystal symmetry due
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to benzene adsorption in silicalité*3 Even in materials that undergo no volume change
(or negligible change) upon adsorption, all framework atoms are still non-rigid because of
thermal vibrations. As in the work by Gee et®al.witman et af®, Agrawal et af’ and

Park et af® on MOFs, we focus here only on exibility effects associated with thermal
vibrations that occur without volume changesy = 0, because these effects are relevant

to all materials.

2.2 Methods

2.2.1 ForceFields

Adsorbing molecules were described by the 2LJ3CB.MSKM model for nittfgtre
EPM2 model for carbon dioxidg and the TraPPE model for methane and butarfear
CO, and N, all interactions with zeolites were as described in the Supporting Information
of the work by Hyla et af’, while the interactions for methane and butane were as described
by Calero et af® The CQ and N force eld was developed by Fang et‘dland is derived
from rst principles using a DFT/CC (density functional theory/coupled cluster) method in
a LTA-4A zeolite. The hydrocarbons force eld was optimized using con gurational-bias
Monte Carlo (CBMC) simulations in sodium exchanged faujasite-type zeolites. The relia-
bility and transferability of both the force elds have been proved by previous stdt&s?>
The full parameters of the force elds are includedriambles A.1to A.4. Coulombic inter-
actions were calculated using the Ewald mefidtusing a precision of0 © and a cutoff
distance of 1A.

As in similar previous work with MOFg:385859 the “ exible snapshot” method in-
troduced by Gee at &.was implemented to study the effect of framework exibility on
adsorption properties. This method involves three steps. We rst equilibrated the volume
of an empty framework (speci cally, a structure from the IZA dataBase the desired
temperature and standard pressure (1 atm) using a 1 ns NPT Molecular Dynamics (MD)

simulation and the modi ed Hill-Sauer force eléf.In previous worR’, energy minimiza-
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tion was used in lieu of the NPT simulation for this step of the process. A comparison of
the Henry coef cients obtained using both methoBgy(re A.1) shows the similarity of

the results using either method. The Hill-Sauer force®éldomputes the interactions of
zeolite frameworks using the coulombic interactions as well as the Lennard-Jones potential
among other parameters. The modi cation from Boulfelfel et al. improves the prediction of
window size distribution and accurately depicts the negative thermal expansion coef cient
of zeolites®®

This was followed by an NVT MD simulation with the same force eld at 300 K. Af-
ter equilibrating the NVT trajectory for 500 ps, snapshots from the MD simulations of the
empty structure were taken every 50 ps during an additional 1 ns of NVT dynamics, for a
total of 20 snapshots. The velocity auto correlation function is the velocity analog of the
mean square displacement. The lack of correlation between these snapshots was judged
based on the velocity autocorrelation function of the framework atomsHjgeee A.2).

Each of these snapshots was then used in separate GCMC simulations that were averaged
to estimate the adsorption uptake in the exible structure. The uncertainty presented in
the snapshots' results (adsorption uptake, heat of adsorption and Henry's coef cient) was
calculated as the standard deviation of the results of the individual snapshots. All classical
MD simulations were carried out using the LAMMPS cbdeith a No$-Hoover thermo-

staP’ of chain length 6 and a relaxation time of 0.1 ps and a time step of 0.1 fs. The Ewald
method was used to compute long-range electrostatic interactions. A cutoffAofaiEs

used for both electrostatic and van der Waals (vdW) interactions.

A limited number of simulations were performed for cationic zeolites. For these simula-
tions, silica zeolite snapshots were generated following the procedure described above, then
silicon atoms were replaced by aluminum atoms in a manner that sati$eehstein's
rule. Parallel tempering was then performed on each of aluminosilicate frameworks to
predict the cation positions using the methods of Fang & @eeSection A.2for fur-

ther details). The resulting cation-loaded structures were used as frameworks for GCMC
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simulations. As in our prior work on adsorption in cationic zeolité§®3 the positions of
extra framework cations were allowed to vary during these GCMC simulations but all other
atoms in the zeolite were assumed to be rigid. Force eld parameters focdtians were
taken from Fang et &P This approach does not capture the changes in lattice constants that
are known to exist between pure silica and cationic zeolites, but it is suf cient for our aim

of understanding the impact of framework exibility withV = 0 on adsorption.

2.2.2 GrandCanonicaMonte CarloSimulations

Single component isotherms were computed using GCMC simulations as implemented
in RASPA at a temperature of 300 K and pressures ranging from 10 Pa to 600 kPa. In
order to satisfy the minimum image convention, simulation volumes were at le#@str24
each direction. 100,000 cycles were used for equilibration followed by 500,000 cycles for
data collection. The Henry's constants were calculated using the Widom insertion method.
In these calculations, 10,000 cycles were used. Each framework was treated as rigid in
each GCMC simulation. Isosteric heats of adsorption were obtained from the GCMC sim-

ulations using a uctuation formulé-5°

2.2.3 PoreCharacterization

The accessible volume and pore limiting diameters (PLD) of the zeolites and other
nanoporous materials mentioned below were calculated using Z8d+e accessible vol-
ume was calculated for each snapshot generated from the NVT simulation as well as the
rigid structure. The accessible volume of a exible structure is de ned as the average of
the accessible volume of each snapshot for the structure. For all frameworks, the Zeo++
package's default atomic radii were used in all the calculations. These values originate

from the Cambridge Crystallography Data Cefifer.
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2.2.4 MaterialsSimulated

To study the impact of exibility on zeolites four adsorbates were chosen;, CB,,
N, and butane. This list includes a range of molecular sizes and charge distributions.
Two non-dilute binary mixtures of these molecules were also consideregfNg@nd
butane/CH. In all simulations of mixture adsorption, the bulk phase was assumed to be
equimolar. In order to study the impact of ring size, eleven zeolites were selected with
differing maximum ring sizes, including four 8SMR materials (LTA, CHA, DDR, KFI), four
10MR materials (MFI, FER, HEU, TON) and three 12MR materials (FAU, RWY, GME).
Room temperature single component adsorption of,@M,, N,, and butane was consid-
ered in each silica material, as well as adsorption of the two binary mixtures mentioned
above. Similar simulations were also performed for Na-LTA with a Si/Al ratio of 1 to give
some insight into the effect of exibility on cationic zeolites. An additional 44 siliceous

zeolites were considered to investigate the effect of exibility on Henry's constants.

2.3 Results and discussion

2.3.1 Singlecomponentdsorptionn silica zeolites

We rst consider single component adsorption in silica zeolites. Previous work using
the CCFF’,%8 as well as a separate hydrocarbon force fdsuggested these force elds
made accurate predictions compared to experimental data when treating the framework as
rigid. To test the rigid framework approximation in zeolites, room temperature single com-
ponent adsorption isotherms for GQCH,, N,, and butane were simulated in a pressure
range of 10 Pa to 600 kPa. The single component adsorption uptake in rigid structures
and exible snapshots is comparedfrigure 2.1 The exible snapshot adsorption loading

corresponds to the average of the loading in each snapshot.
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Figure 2.1. Parity plot of single component adsorbed amounts using rigid and exible
simulations for (a) butane, (b) methane, (c)£Add (d) N in 11 silica zeolites at 300 K.

The parity plots presented déiigure 2.1indicate that the overall effect of exibility on
single component adsorption is negligible for each adsorbate and zeolite. More information
on the effect of exibility as a function of adsorbate and zeolite of choice is presented in
Figures 2.2to 2.4. In each case, the ratio of the uptake in the exible snapshots relative to
the adsorbed amount in the rigid structure is shown. Plotting these results using a logarith-
mic scale for the loadings makes visualization of the data more straightforward. In each
gure the horizontal axis represents the loading in the rigid material. Because numerical
uncertainties become large for extremely small loadings, only loadings larger than 0.01

mol/kg are shown irfrigures 2.2to 2.4.
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Figure 2.2. Ratio of average single component loadings from exible snapshots to the
loading in the rigid structure for adsorption in pure silica (a) CHA, (b) DDR, (c) KFI, and
(d) LTA at 300 K.
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Figure 2.3. Ratio of average single component loadings from exible snapshots to the
loading in the rigid structure for adsorption in pure silica (a) FER, (b) HEU, (c) MFI, and
(d) TON at 300 K.
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Figure 2.4. Ratio of average single component loadings from exible snapshots to the
loading in the rigid structure for adsorption in pure silica (a) FAU, (b) GME, and (c) RWY
at 300 K.
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Table 2.1. Average ratio of adsorption uptake from simulations with the exible snapshot
method to simulations with a rigid crystal structure for 300 K single component adsorption
in 11 silica zeolites.

Rimax 8R 10R 12R

Zeolite | LTA' CHA DDR KFI MFI  FER HEU TON| FAU RWY GME

CO, |1.023 0.979 0.924 0.9560.994 0.954 1.049 1.0191.020 1.022 0.957
Ny 1.002 0.992 0.996 0.9940.990 0.997 1.014 0.9850.999 1.005 0.975
CH;, |0.995 1.000 0.997 1.0080.998 0.997 1.001 0.9981.003 0.999 0.981
Butane | 1.003 0.998 1.002 1.0061.003 1.016 1.003 1.0151.002 0.993 0.993

Average| 1.005 0.992 0.980 0.9910.996 0.991 1.017 1.0041.006 1.005 0.977

The averages of the ratios for loadings larger than 0.001 are preseniadlen2.1
The table shows no obvious correlation between the zeolite's maximum ring size and the
in uence of exibility on single component adsorption. A histogram of the ratio of single
component adsorbed amounts using rigig)(gnd exible (=) simulations is shown in
Figure A.3. On this histogram, systems unaffected by the inclusion of exibility in the
calculations lead to log fqgr) values of 0. The standard deviation presented on this plot
is 0.034, indicative of a small difference between exible and rigid single component ad-
sorption results. This value is similar to the standard deviation of 0.06 obtained by Agrawal
et al. in their calculations for single component adsorption uptakes MOHRss observa-
tion, along with Figuredrigures 2.2to 2.4 and the summary iffable 2.1, indicates that
single component adsorption loading in zeolites is largely unaffected by framework exi-
bility, which is consistent with the observations of Agrawal et al. for MGFA.look at
the pore limiting diameters (PLD) of the structures studied in single component adsorption
(Figure 2.5) suggests the lack of a correlation between the difference between exible and
rigid PLD and the impact of exibility. Combining the observations fréfigure 2.5 with
the results fronTable 2.1, we can infer that the exibility of the framework is more pro-
nounced in small windows (DDR) or in situations displaying differences between the rigid

and exible structures PLDs. As evidenced on tigure 2.5 plot however, the snapshots
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do not display a large variability in their PLD, which translates to a minimal impact on the

change in adsorption properties.

Figure 2.5. Box plot of the pore limiting diameter (PLD) from the exible snapshots in 11
silica zeolites. The black lled circles indicate the PLD of the original rigid structures.

As the impact of exibility on single component adsorption appears to be small and is
similar in the zeolites we studied and MOFs, it would be tempting to conclude that this
observation applies to other adsorption properties. However, previous work by Witman et
al.3 for MOFs showed that Henry's constants were sensitive to exibility effects and more
so when the adsorbates t tightly in the pores of the framework. Agrawal®taadd Gee et
al.2 con rmed this conclusion with the added observation that Henry's constants are more
sensitive to exibility effects than adsorption at high loadings. To extend our previous
calculations and compare our results in zeolites to previous observations in MOFs, the
Henry's constants of the adsorbates were evaluated in the rigid framewgjkafid in

the exible snapshots (K) for 55 siliceous zeolitesFigure 2.6 andFigure A.4 show the
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results of these calculations.

Figure 2.6. (a) Ratio as a function of value and (b) histogram of the ratio of 300 K Henry
constants from exible (k) and rigid simulations (K) in 55 silica zeolites. The mean)(
and standard deviation ) of the histogram are noted in the legend.

Figure 2.6 only includes data for the examples in which log(K> -15, that is, it does
not show examples where the rigid calculations predict that adsorption is highly unfavor-
able. There are 7 examples for adsorption of butane for which lpg& -15; Figure A.4
shows the data including these examples. The results for BHand CQ for all 55 ma-
terials are shown ifrigure 2.6. In a situation where the Henry's constant is unaffected by
the inclusion of exibility, the logarithmic ratios ifrigure 2.6 would be 0.Figure 2.6(a)
shows that butane is more affected by the inclusion of exibility than the other adsorbates.
All adsorbate-framework combinations igure 2.6(@) havejlog(Ke /Kg )j < 1. More-
over, 95.3% (203/213) of the pointskigure 2.6(a) havglog (Kr /Kr ) j < 0.1 indicating
the inclusion of exibility changed the Henry's constant value by 26% or less.

As shown inFigure A.4, including exibility makes a signi cant difference in the
Henry's constants for butane in the small number of zeolites for which lpg(K -15.
The standard deviation frofigure 2.6(b) increases from 0.077 to 0.39 when this data is
included (see Fig. S4). The cases of butane in CAS and ABW are noteworthy as they both

display a value oflog(Kr /Kg )j larger than 3 which would indicate an extreme impact of

45



framework exibility on the value of the Henry's constant. However, the Henry's constants
for these two examples are both beld@ *°, so even though the inclusion of exibility
changes this value by several orders of magnitude this observation is of little practical
importance.

Previous work by Vlugt et & on hydrocarbon properties in MFI concluded that the
in uence of zeolite exibility on Henry's coef cient is minimal. Our results for MFI and
for the other 54 siliceous zeolites we examined agree with that assessment. These results
differ, however, from the work on MOFs by Agrawal et®alTheir equivalent plot for our
Figure 2.6(b) under the same conditionsgke 10 °) reports a standard deviation of 1.69,
much larger than the 0.077 we observed, indicating that exibility had a higher impact on
Henry's constants in MOFs than in zeolites. Moreover, only 17.3% of the adsorbate/MOF
framework pairs examined by Agrawal et al. hglag (Kg /Kgr ) j < 0.1, compared to
95.3% in the present work indicative of a lower impact of exibility on Henry's constants

in zeolites than in MOFs.

Figure 2.7. (a) Ratio as a function of value and (b) histogram of the ratio of 300 K Henry
constants from exible (k) and rigid simulations (K) in 55 silica zeolites using energy
minimized structures as rigid. The mear) @nd standard deviation ) of the histogram
are noted in the legend.

As mentioned irSection 2.1 the authors of Agrawal et &l.used energy minimization

in their calculations as opposed to the NpT method used here. In order to make a better
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comparison with their results, we show here Figure 2.7 our results using the energy
minimization method Figure 2.7 is similar toFigure 2.6 with one major difference: the
“rigid structure” inFigure 2.7is the energy minimized structure while being the NpT equi-
librated structure ifrigure 2.6. When switching methods, the standard deviation increases
from 0.077 to 0.19, implying that using the energy minimization method makes the effect
of exibility on Henry's constant larger than using the NpT method. This higher standard
deviation however is still small when compared with the 1.69 gure from Agrawal &t al.
and hence, does not change our previous observation of a lower impact of exibility on

Henry's constants in zeolites than in MOFs.

2.3.2 Mixture adsorptiorin silica zeolites

To examine the impact of zeolite exibility on mixture adsorption two equimolar mix-
tures were studied (CZN, and butane/Cl) at total pressures from 10 Pa to 600 kPa. As
in the previous section, the ratio of the uptake in the exible snapshots relative to the ad-
sorbed amount in the rigid structures was calculated Fsgares A.5to A.7). In every
case these ratios lie in the interval [0.80,1.20], meaning that all the values obtained through
exibility are at most 20% larger or smaller than their rigid counterpart. The average of the
values fromFigures A.5to A.7 is presented ifable 2.2following the same procedure as

the one used iifable 2.1
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Table 2.2. Average ratio of adsorption uptake from simulations with the exible snapshot
method to simulations with a rigid crystal structure for 300 K adsorption of/R©and
butane/CH mixtures in 11 silica zeolites.

Rimax 8R 10R 12R

Zeolite | LTA' CHA DDR KFI MFI  FER HEU TON| FAU RWY GME

CGO, 1.022 0.973 0.886 0.9401.007 0.951 1.081 0.9921.013 1.013 0.937
Ny 1.005 1.012 1.022 1.0200.998 1.005 0.990 1.0080.998 1.002 0.997
CH, 1.006 1.016 0.998 1.0040.986 1.025 1.046 0.9751.002 0.998 0.984
Butane | 1.000 0.997 1.002 1.0011.004 1.003 0.994 1.0191.000 1.002 1.002

Average| 1.008 1.000 0.977 0.9910.999 0.996 1.028 0.9971.003 1.004 0.980

Figure A.8 presents a histogram of the logarithmic ratio of equimolar mixture adsorbed
amounts using rigid @) and exible (g=) simulations. The standard deviation is 0.045,
slightly larger than the value of 0.034 for single component adsorption. This higher value
indicates the impact of exibility on loading is, on average, ampli ed in mixtures com-
pared to single component loadings. We observed only one examplari@dsorption of
CO,/N; in KFI) where the exible and rigid simulations differ by more than 10%.

In their work with MOFs, Agrawal et & studied the Henry's constants of butane,
methane, and C{) among other species. To compare our results to theirs, we focused on
the selectivity of CQ/CH,4 and butane/Clunder dilute conditions, only using frameworks
in which log(Kr) > -15 as in the discussion above. At dilute loadings, the adsorption
selectivity is given without approximation by the ratio of the single component Henry's

constants.
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Figure 2.8. Histograms of the ratio of exible and rigid 300 K selectivity of the dilute
mixture: (a) CQ/CH, in MOFs using data from Agrawal et &, (b) CO,/CH, in silica
zeolites, (c) butane/CHin MOFs using data from Agrawal et #l, and (d) butane/CH
in silica zeolites. The means ) and standard deviations Y of the data are noted in the
legends. Only frameworks for which ldg&) > -15 are included in this analysis.

The main conclusion fronfrigure 2.8 is that the impact of exibility on the dilute
selectivity of the CQ/ICH,4 and butane/Cllis much smaller in zeolites than in MOFs, as
can be seen from the standard deviations of the distributions in the gure. A secondary
conclusion is that the impact on selectivity is larger for the butangi@idture than in the
CO,/CH, mixture in both MOFs and zeolites con rming that the impact of exibility is

higher when molecules t tightly into the framework'’s pores.
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Table 2.3. Standard deviation of the logarithm of the ratio of various adsorption proper-
ties between exible snapshot simulations and rigid simulations for Henry's constants, K,
adsorption selectivity, S, and single component adsorption loading, g. All MOF data origi-
nates from the work of Agrawal et .

MOFs | Silica zeolites (this work)
Std(log10(k: /KR)) at dilute loading 1.11 0.017
Std(log1l0($/SR)) at dilute loading* | 1.81 0.11
Std(log10($/SR)) at non-dilute loading 0.57 0.032
Std(log10(@/gr)) non-dilute loading | 0.06 0.034

* Using only the CQ/CH, and Butane/Chkimixtures

To complete the comparison of our results with the work from Agrawal ét fr
MOFs, the standard deviations for the logarithmic ratios of the adsorption properties we
examined using the exible snapshot method are summarizethiohe 2.3 The table
shows that aside from single-component loadings at non-dilute loadings, the importance
of framework exibility on adsorption properties is quite different for MOFs and zeolites.
A useful way to look at these results is in terms of interval estimates for the adsorption
quantities described ifiable 2.3 We constructed interval estimates by raising 10 to the
power of one standard deviation (both positive and negative) using the data described in
Table 2.3 This gives an interval estimate for mixture selectivity at non-dilute loadings
in MOFs of [0.27%, 3.7%] while for zeolites the interval estimate is [0.93SL.08%].
For the dilute selectivity of the C&CH, and Butane/Cl mixtures, the interval estimate
in MOFs is [0.016], 63.6%] while for zeolites it is [0.78], 1.28%]. These interval
estimates support the idea that including framework exibility does not have as large an
impact on adsorption properties in zeolites as it does in MOFs. It is however worth nothing
that in both type of frameworks, the apparent impact of exibility on adsorption results is
greatly affected by the inclusion of examples with extremely low Henry's constant values.

This observation is illustrated by the fact that, in MOFs, the inclusion of all adsorbate/MOF
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combinations gives a standard deviation for the dilute leggd$S) of 6.81, compared to 1.81
when examples with log(K) < -15 are excluded. We feel that it is reasonable to exclude
examples with negligible adsorption from this kind of analysis because these examples are
likely to have little importance in any practical setting.

In their work on adsorption in MOFs at dilute loadings, Witman efaliscussed the
relation between changes in pore size distribution (PSD) and adsorption properties due
to exibility. They showed that signi cant differences between the PSD from rigid and
exible structures was strongly associated with exibility affecting the selectivity of the
MOFs. To test whether this observation explains the difference in results between our work
and the work of Agrawal et &f, we focused on the accessible volume of the frameworks.
The ratio of exible to rigid accessible volume of each of the zeolites studied here as well
as 11 of the MOFs studied by Agrawal et al. are presenté&dgare 2.9. These 11 MOFs
were selected from the 100 MOFs in the work of Agrawal et al. to cover a wide range
of jlog (Kr/KR)j for butane. The structures used for the MOF calculations came from the
Supporting Information from Agrawal et &l.and thejlog (Kr/Kg)j values for butane are

presented ifable A.5for zeolites andable A.6 for MOFs.
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Figure 2.9. Ratio of accessible volume from exible snapshots to the accessible volume in
the rigid structure for (a) 11 silica zeolites and (b) 11 MOFs described in the text at 300 K.
The upper and lower whiskers represent the range of values while the box is composed of
the rst quartile, median, and third quartile (from bottom to top).
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For comparison purposesigure 2.9@) and (b) are plotted using the same scale, how-
ever a zoomed in version d¢figure 2.9(a) is available inFigure A.9 for a better view.
Figure 2.9indicates much larger differences exist between the accessible volumes in rigid
and exible MOFs than in zeolites. This is consistent with the observation that adsorption
properties in the MOFs studied by Agrawal ef4are in general much more sensitive to
the effects of framework exibility than zeolites. In some MOFs, such as the structure code
HAKWUM (not plotted because of division by 0), no accessible volume exists in the ini-
tial energy-minimized rigid structure, but multiple snapshots did have accessible volume.
These MOFs correspond to cases for which Agrawal &t edported extreme differences
between exible and rigid adsorption propertidable A.6). Even for MOFs where acces-
sible pores exist in both the rigid and exible structures, such as structure code AMUCOB
in Figure 2.9, very large variations in the adsorption properties can be sksdig A.6).
Figure 2.9 supports the observations of Witman et%ihat signi cant variation in a ma-
terial's PSD or other characteristics of porosity upon the inclusion of exibility is closely

connected with adsorption properties in the material being strongly affected by exibility.

2.3.3 Singlecomponentdsorptionin Na—LTA (Si/Al =1)

All the results above are for adsorption in silica zeolites. To get an indication of whether
we can expect our conclusions to also apply to cationic zeolites we performed calculations
for a single cationic material with a low Si/Al ratio, namely Na-LTA with Si/Al = 1. In all
our GCMC calculations the framework atoms were assumed to be xed and the positions
of Na cations were allowed to vary in addition to the positions of the adsorbing molecules.
The results of the effect of exibility on the Henry's constants and adsorption uptake at
non-dilute loadings for four molecules are compared to the results obtained in silica LTA in
Table 2.4 The effect of exibility in the cationic zeolite is slightly larger, on average, than

the silica zeolite, but the overall effect is smaller than what has been reported for MOFs.
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Table 2.4.Comparison of the average ratio of exible snapshot results to simulations with
a rigid crystal structure for 300 K single component adsorption and Henry's coef cient in
silica LTA and Na-LTA.

Single Component Henry's Coef cient

Molecule Si-LTA Na-LTA Si-LTA Na-LTA

CO, 1.023 1.109 1.059 1.168
N> 1.002 1.038 1.007 1.006
CH, 0.995 1.022 1.003 1.081
Butane 1.003 1.029 0.991 0.965

Table 2.5. Average number of Na cations in each type of ring in rigid, exible, and
experimental 2x2x2 Na-LTA structure.

Rigid Flexible | Experimentat
4R | 8.36 £0.69| 7.90+1.06 8
6R | 64.00 £ 0.00] 64.00 + 0.00 64
8R | 23.64 £ 0.69 24.10+ 1.06 24

Previous studies have shown that the adsorption in cationic zeolites is sensitive to the
position of the cations within the zeolite during the simulafién? Figure 2.9 shows the
accessible volume of silica LTA is very similar in exible and rigid structures. We char-
acterized the positions of the Na cations in the cationic material, nding no difference
between the rigid and exible structures within the uncertainty of our dedalé 2.5. Al-
though these results consider only a single cationic material, they hint that the impact of
framework exibility associated with thermal vibrations of framework atoms on adsorption
properties is likely to be small in cationic zeolites, similar to our ndings for pure silica

zeolites.
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2.4 Conclusion

In using molecular simulations to predict adsorption isotherms in nanoporous materials
it is very computationally convenient if the adsorbent material can be approximated as a
rigid structure. This approximation ignores thermal vibrations that occur in all materials at
equilibrium, as well as deformations of the adsorbent that might occur due to the presence
of adsorbing molecules. Our aim was to examine the validity of this rigid structure approx-
imation for zeolites, since recent simulations of adsorption in M®&f%have suggested
that neglecting thermal vibrations of the framework can lead to considerable inaccuracy in
the prediction of adsorption properties. We performed calculations for adsorptiogp of N
CH4, CO, and butane in a range of silica zeolites as well as in a single cationic zeolite,
Na-LTA with Si/Al = 1. Our calculations used the “ exible snapshot” metPoith which
adsorption properties in a set of rigid structures obtained from an MD simulation of the
empty framework are averaged. This approach assesses the importance of thermal vibra-
tions in the framework on adsorption at constant volume, but it neglects adsorbate-induced
framework deformation.

Our primary conclusion is that the effects of framework vibrations on molecular ad-
sorption in zeolites are, in general, considerably smaller than in MOFs. Previous work on
this topic in MOFs found that adsorption selectivities and Henry's constants were much
more sensitive to framework exibility, on average, than single component adsorption up-
take. Our results for zeolites, in contrast, indicate that all of these properties have similar
sensitivity to framework exibility and that nding examples where including exibility
changed a value by more than 10% was unusual. This conclusion is encouraging for ef-
forts to screen large numbers of zeolites for adsorption-based applications using molecular
simulations with rigid structure!®2!

We note that simulation methods exist that combine MC sampling and MD simulations

to remove the limitations inherent in the exible snapshot method we have used Hefe
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although these methods are far more computationally demanding than GCMC simulation
of rigid adsorbent structures. In examples where high precision predictions for individual
materials are desired it may be appropriate to use these more demanding methods and avoid
any approximations associated with framework vibrations or deformation. Fortunately, our
results suggest that this approach can be reserved for the most critical examples and that
predictions with practically useful accuracy are possible using the simple approach of a
single rigid structure and that other phenomena such as Al &itamyd the locations of

cations are more important to correctly describing molecular adsorption in zeolites.
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CHAPTER 3
TRANSFERABLE FIRST PRINCIPLES-DERIVED FORCE FIELDS,
STRUCTURE GENERATION ALGORITHM, AND COMPUTATIONAL
SCREENING OF ZEOLITES FOR HYDROCARBON SEPARATIONS

3.1 Introduction

The objective of this thesis is to develop tools to predict transport of molecules with an
accuracy that is comparable to experimental measurements. Quantum mechanical methods
such as DFT provide extremely accurate information about the energetics of adsorbent-
adsorbate con gurations. These calculations however are computationally prohibitive and
as such, cannot be used to get information about a large number of distinct con gura-
tions which is necessary to predict adsorption and diffusion properties. To obtain these
properties, statistical mechanics methods such as Molecular Dynamics and Monte Carlo
are employed. These methods sacri ce the complexity of quantum chemistry calculations
for simpler equations, giving them a lower computational cost and saving considerable
amounts of time.

Over the last few years, our group has developed accurate classical force elds to be
used in molecular simulations of adsorption in zeolites. By developing these force eld
parameters using quantum chemistry, we retain the accuracy of high level quantum chem-
istry while also maintaining the much lower computational cost of statistical mechanics.
These force elds have proven to be as accurate as experiments in quantitatively predicting
adsorption and diffusion of various adsorbates in zeotites.

In this chapter, we rst discuss the development of these force efkction 3.2,

*Material in this chapter has been published previously as Hanjun Adag,S. S. Daoy Salah Ed-
dine Boulfelfel, John M. Findley, Peter |. Ravikovitch, and David S. Sholl, Computational Screening of
Cationic Zeolites for n-Butane/Methane Separations Using Quantitatively Accurate First-Principles-Derived
Force FieldsManuscript submitted to The Journal of Physical Chemistry C
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then we discuss the creation of a novel algorithm to generate a set of computationally
ready cationic zeolites for screeninggction 3.3. Finally, we combine the force eld
and the structure generation algorithm to screen zeolites for equilibrium separations of

hydrocarbons to display the abilities of our series of toSksction 3.4.
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3.2 Transferable First Principles-Derived Force Fields

3.2.1 Introduction

Quantitative computational methods are frequently employed alongside experimental
research on zeolites. They aid in understanding gas behavior, facilitating process design,
and identifying promising materials for separations. The effective utilization of quantitative
methods hinges on the availability of accurate and transferable force elds (FF) capable of
replicating gas adsorption and diffusion. These force elds are valuable for various compu-
tational techniques, such as Grand Canonical Monte Carlo (GCMC), Molecular Dynamics
(MD), or generating data for training machine learning models to predict gas adsorption
and diffusion properties. This last point is particularly important because obtaining a suf-
cient amount of experimental data for modeling can be impractical. However, existing
FFs struggle to achieve the high degree of accuracy and transferability required for our
purposes.

While multiple FFs capable of making accurate predictions exist in the literature, many
of them are developed using experimental 8&t#ailored to ta speci ¢ zeolit&19, or lim-
ited to only silica zeolites! Such design choices restrict the transferability of FFs across
structures beyond the ones they were initially developed for, such as different topologies,
cations, or Si/Al ratios. To achieve our screening objectives, we needed to develop a trans-
ferable FF that would allow us to not be limited to only screening silica zeolites, a limita-
tion which has hindered zeolite screening efforts in the fFa&tTherefore, we designed a
force eld tting method that did not use experimental data or any other method that would
restrict its transferability.

We have created FFs from rst-principles quantum mechanical (QM) calculations with-
out any reliance on experimental input. Our approach involves QM calculations at the Den-
sity Functional Theory/Coupled Cluster (DFT/CC) level to accurately replicate experimen-

tal data for adsorption and desorption in zeolites. We named this complete, transferable
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force eld the CCFF and have successfully used this approach to derive parameters for
small molecules (C& CHy, N, H,O) and linear alkanes in both both silica and cationic
zeolites'™ A key feature of the CCFF is it's ability to accurately predict both molecular

adsorption and diffusion, a challenging feat to achieve with FFs tted to experimental data.

3.2.2 Methods

As is commonly done in classical simulations, the zeolite frameworks are assumed to
be rigid while extra framework cations are mobile. Further discussion on this assump-
tion is available in our previous wotk or in Section 2.3 This means that to t force
eld parameters, we need to consider adsorbate - adsorbate, adsorbate - adsorbent, and in-
tra - adsorbate interactions for silica zeolites with the addition of cation - framework and
cation - cation interactions for aluminosilicates. In this approach, fully periodic frame-
works are used for the adsorbents while we perform QM calculations for thousands of
adsorbate/adsorbent con gurations. Adsorbate-adsorbate and intra-adsorbate interactions
are detailed irsection 3.2.2.1while other interaction types are addressef8aation 3.2.3

All topics addressed here are discussed in even further details in our publishet k.

3.2.2.1 Molecular Models

To describe the adsorbate - adsorbate interactions, we use the TraPPE modél,for O
the 2LJ3CB.MSKM model for B!, the EPM2 model for C¢¥? and the SPC/E model for
H,0.2% Alkanes are often described using UA models and we have done so previously when
developing CCFF parameters for hydrocarbons in silica zedlitétowever, we observed
that this simpli ed model does not accurately capture adsorbate - adsorbent interactions in
the presence of cations and that an all-atom (AA) model explicitly describing all carbon
and hydrogen atoms is needed. As such, the modi ed OPLS-AA rfbdels adopted to
describe alkanes in cationic zeolites. This model includes the bonded parameters (bond, an-

gle, and torsion terms), allowing it to describe intra-alkane interactions that are responsible
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for the exibility of long alkane molecules. Further discussion on the difference between
UA and AA models for alkanes is available in our previous wbihe Lorentz-Berthelot

mixing rules were applied for cross species intra - adsorbate interaétions.

3.2.2.2 Dispersion-Corrected DFT Calculations

The DFT calculations were performed at the PBE-D2 level of theory using V&SP,

In these calculations, an energy cutoff of 520 eV was used for plane-wave basis set to
represent valence electrons (Si?3¥; Al: 3s?3p!; O: 252p*; C: 282p?; N: 25°2p%; H:

1s'; Li: 1s?2s'; Na: 2i#3s!; K: 3p®4s'; Rb: 4€4p°5s'; and Cs: 5%p°6s!). A singular -
centeredk-point mesh is used as the unit cells are large enough to sample the Brillouin zone
that way. The atomic charges were calculated using the density derived electrostatic and
chemical method (DDEC8)3? which assigns charges to atoms based on DFT calculated
electronic densities.

The approach of combining DFT calculations with Coupled-Cluster (CC) corrections,
as initially proposed by Bludsky and co-work&sis designed to address a limitation in
DFT simulations, their relative inaccuracy in predicting dispersion interactions. To over-
come this limitation, we employ CC-corrections to enhance the precision of DFT interac-
tion energies, aligning them with the highly accurate but often computationally prohibitive
CCSD(T) level of theory. This correction method is applied to DFT energies within pe-
riodic systems and effectively bridges the gap between DFT accuracy and the formidable
accuracy of CCSD(T), all without incurring the prohibitive computational cost associated
with performing all calculations at the CC level of theory. This method assumes that the
interaction can be decomposed as a sum of pairwise interactions between atoms and uses
corrections accounting for the difference between coupled cluster results with large ba-
sis sets and DFT results for sets of judiciously chosen interacting molecules and clusters
representing the zeolifé:3®

Here, we de ne EPFT=CC as the difference between DFT and CCSD(T) interaction
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energies on molecular cluster. By de ning it as such, we do not assume any patrticular form
of the E correction term, making this method different from the more common DFT-D
class of method®} We instead assume that the entire difference can be represented pairwise
using the following equation:

Ra X

DFT=CC _
E = ij Rij

i
whereN, and N, are the numbers of atoms of the corresponding monoigrayre the
DFT/CC correction functions, arfg§; is the intermolecular atomic distance between atoms
i andj. The correction functions are obtained from a set of energies calculated at CCSD(T)
level for a suitable reference set of molecules or clusters. Further details on the reference
sets used as well as the interaction energies between molecule and clusters are available in

our previous work:4

3.2.2.3 GCMC Simulations

Single-component adsorption isotherms were obtained using GCMC in RASPA in rigid
zeolite frameworks. Sodalite cages and other regions inaccessible to adsorbates were
blocked (See more details Bection 3.4.2.1. Electrostatics were calculated using Ewald
summation with a precision of 19and dispersion interactions were computed using trun-
cated potentials with a tail correction. If the lattice parameter was smaller th&nii24
any direction, the framework was expanded until the cell was large enough to satisfy the
minimum image convention. For force eld validation, simulations used 50,000 initial-
ization cycles and 100,000 production cycles. This was shown in internal tests to give
well-converged results. Isosteric heats of adsorptiay) @e calculated in RASPA using a

uctuation formul&®:
INViI h NihVi

= RT
Qs hN2ihN 2
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whereR is the gas constant, is the temperaturd\ is the number of molecule¥, is the
sum of interactions of all adsorbed molecules with both the zeolite and one another and

<> denotes the ensemble average.

3.2.3 Fitting Procedures

3.2.3.1 Adsorbate - Adsorbent and Adsorbate - Cation tting

For each adsorbate, we generate a training set of hundreds or thousands con gura-
tions of adsorbate molecules scattered throughout a framework using either constrained
MD (Umbrella Sampling) or MC. For each con guration, the DFT energy, CC correction
and Coulombic energy are calculated using the methods outlined earlier. DFT single point
calculations are performed on the empty zeolite, the isolated adsorbate molecule, and the

adsorption complex. The adsorbate-zeolite interaction energy is then isolated using:

Eort = Eads zeoite Eads  Ezeolite

whereEags zeolite» Eads, @Nd Eeolite @re the total energies for the adsorption complex,
isolated molecule, and isolated zeolite, respectively. In cationic zeolites, we distinguish
between the oxygen atoms that are linked to two Si (den@ig) and those linked to

one Al and one Si (denote@?..). The van der Waals(vdW) energy for each interaction

is calculated by adding the DFT and CC energies and subtracting the Coulombic energies

such as:

Ewaw = Eprt + Ecc Ecoulombic

We then express the pairwise vdW interactions using the following equation:

X ol X c

E =S —= S —_—
wdw 12 Ra_z 6 Rl?
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in this equationR; is the distance between an adsorbate atom and a zeolite atom, while
Cl andCl, are the interaction constants between specigslj, based on Grimme's em-
pirical dispersion expressiol The distancesR;; ) for each cross species are measured and
summed based on a nite 5 x 5 x 5 zeolite supercell model, where the adsorbate molecule
is located near the center of the model and its position relative to the zeolite framework
is the same as in the original 1 x 1 x 1 model. Contributions from framework atoms that
reside beyond the 5 x 5 x 5 supercell are negligible, justifying our assumption.

Linear least-squares regression was used &, tands; which are scaling factors for
the repulsive and attractive vdW terms, respectively. Next, we algebraically solved for the
values of'j and j; based on the values sf, andsg andCE2 andcg . These are parameters
that allow us to use the Lennard-Jones equation:

" #

. 12 . 6
Ewaw = 4" R =

where"; and j are the Lennard-Jones parameters that describe vdW interactions for a
given pair. In order to ensure that our parameters were independent of the initial training set,
we used the new values bf and j to generate new training sets of con gurations until

the values were converged to within 5% of the previous iterations. When tting the force

eld with least-squares regression, we minimize the residual standard deviation (RSD):

P 2
v Ef EX
k EFF DFT=CC

n 2

o<

RSD =

whereEE: andEK.;_.. are the energies calculated at the force eld and DFT/CC levels,
respectively, ana denotes the number of con gurations. The mean deviation (MD) is also

calculated after the parameterization:

P EX EX
k EFF DFT=CC

n

MD =
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The RSD and MD serve to give an overall evaluation of the performance of the tted FF
in reproducing the QM data before validating adsorption loading and heat of adsorption. A
comparison of the interaction energies of GOSr-LTA for CCFF and DFT/CC is provided

on Figure 3.1to illustrate the tting results.

Figure 3.1. Comparison of the interaction energies of £i@ Sr-LTA for CCFF and
DFT/CC. A total of 1600 C@con gurations are included.

3.2.3.2 Cation - Framework tting

To t cation - framework interactions, one cation is placed in each type of experi-
mentally observed cation site. An illustration of the cation sites for a K-KFI structure is
provided inFigure 3.2 which is available and further discussed in our previous Wdtr
each cation in the zeolite, we performed 500 random translation moves with a maximum
displacement of A, while holding all other cations and all framework atoms xed in their

equilibrium positions and computed energies using PBE-D2.
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Figure 3.2. The distinct cation positions in K-exchanged KFI viewed along the [001]
direction from the structure of Pham et38lare S| (center of hexagonal prism), SI' (6-
ring), Sl (nonplanar 8-ring), and SllI (planar 8-ring). T-site atoms are shown in blue, and
O atoms are red. This gure was made by Dr. Salah Eddine Boulfelfel and is available in
our previous work.

The charges on SDS! , Al, and all cations are calculated using the DDEC6 method.
The charge oD%, atoms is calculated using a charge balance to ensure a neutral frame-
work. To avoid net framework charges in tting, we t the cation-framework interactions

to relative energies using the framework with all cations at their experimental positions as

the reference state. For each training set con guration, Coulomb energies were computed
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using these DDECG6 charges, then relative Coulomb energies were calculated by subtract-
ing the obtained Coulomb energy from the reference state. Relative PBE-D2 energies were
calculated in the same manner. Subtracting the relative Coulomb energy from the relative
PBE-D2 energy gave the relative vdW energy, similar to the method used for adsorbate-
framework interactions. Relative vdW energies were t to a Buckingham potential for
cations as opposed to the Lennard-Jones potential used for adsorbates. Because the mo-
bility and distribution of cations can have a large in uence on adsorption and diffusion
propertieg®*, we used the Buckingham potential to describe cation-framework van der
Waals interactions because this functional form has been shown to accurately describe the

energetics of cation-framework interactions:

EBuckingham = Aij e Pi =6

whereA; , Bj , C;j are the Buckingham parameters between the cation and the framework

oxygen atom in a zeolite.

3.2.4 Results& Discussion

To validate our new force eld, we compare simulated adsorption properties with those
from experiments available in literature. A large number of validation results are available
in our published materiai*!® and as such only a few examples will be provided here. It is
important to note that studies of measured adsorption isotherms in nanoporous materials in
the literature have shown that a non-negligible number of individual isotherms are inconsis-
tent with replicates that are nominally measured on the same mdfefiais observation
implies that validation of this kind is best performed using high quality data from inter-
laboratory studies and, when data of this type is not available, with multiple independent
studies rather than relying too heavily on any individual experimental data set.

A recent international inter-laboratory study led by the U.S. National Institute of Stan-
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dards and Technology (NIST) reported £hidsorption isotherms on reference material
RM-8850, a Na-exchanged Y zeolite with SAR of 285 he multiple experimental data
sets were tted to an empirical equation and excess adsorption data are reported. To com-
pare simulation and experimental results, we use the tted equation in the experiments
rather than the raw data and converted the excess loadings to absolute loadings follow-
ing the same approach as for €@n reference material RM-8852, an ammonium ZSM-5
zeolite?*4> As shown inFigure 3.3, the agreement between simulation and experiment
is reasonably good considering the fact that deviations exist among the experimental data
from different labs'?

On Figure 3.4, we present the validation for the adsorption of G©Cs-CHA. As we
are aware of the effect of aluminum ordering on adsorption properties, 3 different versions
of the zeolite structure were created using the methods of Findley*®#al.can be ob-
served on the gure, the experimental results have an excellent agreement with the results

using a sparse or random aluminum distribution but not the clustered distribution.

77



Figure 3.3. Comparison of simulated (CCFF) and experimental adsorption isotherms of
CH, in the zeolite reference material RM-8850 (NaY, Si/Al = 2.55) at 298 K with the
horizontal-axis in the (a) linear scale and (b) logarithmic scale. The experimental data are
from the inter-laboratory study led by NISTThe XRD framework structure was used in

the simulatiorf® These simulations were performed by Dr. Hanjun Fang and are available
in the associated articfe.
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6.

Figure 3.4. A comparison of simulated ( lled symbols) CG{a) adsorption isotherms with experimental (open symbols) adsorption
isotherm&® in Cs-CHA (Si/Al=2.5). GCMC simulations using sparse (green), random (blue), and clustered (red) Al distributions were
performed. The dependence of isosteric heats of adsorption on Al-distribution is shown in (b). Nonrandom Al distributions were
generated using the methods of Findley éfathis gure is also available in previous work.



3.3 Structure Generation Algorithm

3.3.1 Introduction

The material structures used in GCMC simulations are extremely important for accurate
adsorption results. In performing a large-scale screening of zeolites, it is important to de ne
a replicable structure generation method that can be applied to all structures. This require-
ment makes using experimental frameworks impossible as they are not readily available for
all topologies at all Si/Al ratios. Another potential issue of using experimental frameworks
is that some topologies have multiple reported experimental structiPé&urthermore,
the choice of experimental framework for the simulation may also lead to variations in the
simulated adsorption properties despite using the same forceFajdie 3.5).

The 1ZA database provides pure silica structural les for all their reported structures.
The atomic coordinates and cell parameters in the IZA database are optimized using the
DLS76 distance least squares algorithm. However, experience has shown that these les
often need to be reoptimized before use either with DFT or a force eld (FF). Using FF-
based methods like the improved Hill Sauer force eld can give accurate results. Unfor-
tunately, this method is limited to pure silica zeolites, which only represent a small subset
of the zeolites we intend to study. Our research objectives extend beyond existing zeolite
topologies to encompass hypothetical topologies, both silica and their cationic versions.

In the past, using a pure silica structure as a starting point, an aluminosilicate structure
can be created by substituting framework Si atoms with Al atoms to achieve the desired
Si/Al ratio. The cations are then introduced, and their position optimized using parallel
tempering. When using parallel tempering, we address the non-trivial issue of ensuring
that cations are distributed among energy-preferred sites appropriately. With this simple
approach, however, a given topology maintains its lattice parameters regardless of the Si/Al
ratio in the structure, ignoring cation-induced lattice parameter ch&hfeglecting these

effects may result in deviations in adsorption properties compared to more accurate struc-
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Figure 3.5. Simulated adsorption isotherms of ¢Bind NnGH1, in 5A (Si/Al = 1) zeolite
at 300 K. Ten experimental framewofks? of 5A zeolite were used in simulations

tures like DFT-optimized and experimental frameworkg(ires 3.6and3.7).
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Figure 3.6. Single component adsorption isotherm and loading dependent heat of adsorp-
tion of (a, b) CH and (c, d) n-GH,, (e) Henry's coef cient and (f) zero-loading heat of
adsorption as a function of the number of C atoms of linear alkanes on Na-LTA (Si/Al =1)
at 300 K using the DFT optimized supercell, the silica framework structure, and the XRD
structure?® All calculations are done by Dr. Hanjun Fang using the CCFF.
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Figure 3.7. Single component adsorption isotherm and loading dependent heat of adsorp-
tion of (a, b) CH and (c, d) n-GH,, (e) Henry's coef cient and (f) zero-loading heat of
adsorption as a function of the number of C atoms of linear alkanes on Ca-LTA (Si/Al =1)
at 300 K using the DFT optimized supercell, the silica framework, and the XRD stritéture.
All calculations are done by Dr. Hanjun Fang using the CCFF.

Using DFT-optimized structures proved to give accurate results, making DFT optimiza-
tion a potential avenue to explore in establishing a uniform method for generating alumi-

nosilicate frameworks. However, it's essential to acknowledge that the computational ex-
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penses associated with DFT simulations makes optimizing thousands of cationic structures
unrealistic and impractical. This impracticality becomes particularly evident when con-
sidering the substantial increase in computational time as the number of atoms within the

simulation box grows, as illustrated kigure 3.8.

Figure 3.8. Simulation time as a function of number of atoms in the DFT simulation
volume during unit cell optimization of pure silica and cationic zeolites.

To generate a reliable, consistent set of structures with accurate lattice constants and
atom coordinates for all Si/Al ratios, we developed a novel method combining DFT opti-
mization and a python algorithm, maintaining DFT accuracy while signi cantly reducing

the number of necessary DFT simulations.
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3.3.2 Method

We hypothesized that the lattice constants for a zeolite could be smoothly interpolated
between DFT-optimized values for the pure silica and a single low Si/Al ratio structure.
With this assumption, two DFT optimizations for each topology are suf cient to achieve
accuracy with regards to the changes in unit cell volumes as a function of Si/Al ratio. For
any given zeolite topology, we denote the lattice parameters of the pure silica and reference
cationic structures as, and a, respectively. We then predict the corresponding lattice

parameter aof with intermediate Si/Al ratio structure using:

o= (A| 0/03)1:306 (A| %1)1:306
3T A (Al %;)1306 (A 0p,)1:306

(a2 &)

here, Al% refers to the aluminum percentage of the structure, and the 1.306 exponent was
empirically optimized to improve the accuracy of the prediction. A comparison of the unit
cell volumes predicted using this equation and DFT optimized structures is presented in
Figure 3.10for multiple zeolites across various Al%.

The good results obtained using this equation serve as the basis upon which is built the
approach for generating structures to use for the systematic screening of cationic zeolites.
Starting from the IZA pure silica unit cell, the maximum number of aluminum atoms that
can be included in the unit cell is calculated, and a random replacement of silicon atoms by
aluminum atoms is performed with the constraint of satisfying Loewenstein'Stifighe
lowest attainable Si/Al ratio is 1, there are alternating Si and Al atoms. However, in some
topologies such as LTA, aratio of 1 is unattainable as a unit cell, making the aforementioned
calculation necessary. To introduce the cations in the aluminosilicate structure, parallel
tempering® simulations were performed on each cationic framework to get accurate cation
positions using the CCEF* in RASPA>%%0 A total of nine replicas were used for each
structure at temperatures of 300, 390, 507, 659, 857, 1114, 1448, 1882, and 2447 K and

they were each sampled for 50,000 cycles.
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The pure silica framework as well as the resulting aluminosilicate unit cell are then
fully optimized at the PBE-D3 level of thed7%3 using the Vienna Ab-Initio Simulation
Package (VASP3%-2° A kinetic energy cutoff of 520 eV was used for plane-wave basis
set to represent valence electrons. A 1x1x1 Monkhorst-Rguknt mesh was used. The
unit cell shape, volume, and atomic positions were optimized with the conjugate gradient
method until the forces on each atom were below 0.0ReV/

Following the DFT optimization, the unit cells were expanded when needed until they
were at least 22\ in each direction making supercells. For each supercell, the lattice
parameters and angles are converted into 3 lattice basis vectors that describe the crystal
structure of the zeolite. Consider a simple cubic zeolite with all lattice parameters set to

12 A. In this case, the crystal structure is delineated by the following set of lattice vectors,

0
12 0 O
%}O 12 0§

0 0 12

thus forming a cell tensor:

This cell tensor comprises three lattice basis vectors originating from the coordinate (0, O,
0). These vectors encapsulate the crystal lattice, de ning its boundaries and periodicity.
The cell tensor is used in VASP among other computational tools and further discussion on
crystallography and cell tensors is available in the literattife A cell tensor is particu-

larly useful for describing crystal structures with non-cubic unit cells, such as triclinic cells.
By keeping cartesian coordinates, we also account for the variations in cell size with the
Si/Al ratios. The use of cell tensors with Cartesian coordinates simpli es the mathematical
descriptions of cells, making it easier to perform calculations and analyze structural prop-
erties. This approach ensures that any non-cubic cell geometry is accurately maintained
through our mathematical operations.

By using the interpolation equation outlined above, interpolated aluminosilicate super-
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cells with desired Si/Al ratios were generated, with Al atoms replaced randomly by Si
atoms to match the desired ratios. In structures that extrapolated to Si/Al ratios values out-
side the range of our DFT simulations, all Al atoms are rst replaced with Si atoms then
randomly replaced back with Al atoms until the desired ratio is met. This step is necessary
to prevent situations in which it is impossible to simply insert Al atoms without breaking
Loewenstein's rule. The nal step of this process consisted of repeating the parallel tem-
pering in the new structures to optimize cation positions in the interpolated material. The

summary of the structure generation method is presenté&dgume 3.9

Figure 3.9. The work ow of the interpolation method used to generate aluminosilicate
structures with arbitrary Si/Al ratios (SAR) for use in GCMC simulations.
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3.3.3 Results& Discussion

Figure 3.10.Comparison of unit cell volumes using DFT optimization vs. the interpolation
method, where Yis the framework's DFT optimized pure silica volume.

As seen inFigure 3.1Q the interpolated unit cell volumes are reasonably consistent
with those from DFT optimizations. This is observable across a representative set of zeo-
lite topologies which possess different maximum ring sizes (8, 9, 10, 12, 14, and 18). This
con rms the applicability of the equation used for interpolation. To further validate our

method, a comparison of the adsorption properties between experimental structures and
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the interpolation/extrapolation method is provided. The example of choice here is the ex-
trapolated and expanded LTA zeolite with a Si/Al ratio of 1 at 300 K. In this case, the lowest
SAR for a LTA unit cell is 2 while being 1 for a supercell. As such, the DFT optimization
was performed on a LTA (Si/Al=2) unit cell, which was then expanded to a supercell be-
fore using the equation provided above to calculate lattice constants and atomic positions
for the supercell (Si/Al = 1). This also serves to showcase that optimizing a unit cell then
expanding it to a supercell provides similar adsorption properties to a supercell optimiza-
tion, while having a signi cantly lower computational cost. The results fieigure 3.11
indicate the effectiveness of our structure generation method. Further validation of the unit
cell approximation method as opposed to the supercell DFT optimization is provided in

Figure B.1andTable B.1in Section B.1

Figure 3.11. Single component isotherm and loading dependent heat of adsorption at 300
K of CH,4 in Si/Al =1 Na-LTA using the DFT optimized supercell, the unit cell DFT +
extrapolation method, and the XRD framewd?lAll calculations are done using the CCFF
and lines are drawn to guide the eye.

For our purposes, we intend to only use random positions for aluminum, however, it is
worth mentioning that a previous study in our group has shown the potential importance of
aluminum distribution on the adsorption properties of some zeolite framewbikss is
an example of a property that could be explored with detailed molecular simulations once

a material of speci c interest has been identi ed.
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3.4 Methane/Butane Screening

3.4.1 Introduction

Ef ciently separating hydrocarbon mixtures, crucial for fuel and chemical feedstock
production, can be a signi cant challenge in the petrochemical indf%trsaditional sep-
aration technologies for these separations like distillation are energy intéisR&he
global shift towards a more energy-ef cient world necessitates exploring non-thermal sep-
aration methods as alternatives to distillation. As such, adsorption-based separation tech-
nologies using porous materials emerge as alternatives for these separations. Porous ma-
terials such as metal organic frameworks (MOFs), porous organic frameworks (POFs),
zeolites, and porous carbons have shown great potential for applications in separation and
puri cation involving light hydrocarbons (C1-C4), isomers of alkanes, and C8 aromat-
ics./*="4 Alkanes play a vital role in the petrochemical engineering sector, with natural gas
deposits being a primary source. These deposits contain a mixture of methane, ethane,
propane, and butarfe’®

We here leverage the exceptional capabilities of the CCFF to screen silica and alu-
minosilicate zeolites for adsorption-based separation of n-butane/methane mixtures with
several swing adsorption processes. Separating heavier hydrocarbons like n-butane from
methane is bene cial for both economic reasons and the prevention of operational prob-
lems, pipe rupture, or pipe deterioration during natural gas distribiidhe adsorption
and diffusion mechanisms of n-butane/methane mixtures have been studied by previous re-
searchers on silicalite and a few MOF materf4t§° Here we aim to nd promising zeolite
candidates that show good separation performance and are also readily available for exper-
imental tests. Beyond the speci ¢ example of n-butane/methane separations, our results
indicate that calculations using the CCFF could be useful to predict and model separations

of many other hydrocarbon mixtures using zeolites.
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3.4.2 Method

3.4.2.1 Simulation Details

We utilized GCMC simulations in RASPA to model all binary and single component
adsorption isotherms as well as isosteric heats of adsorption. During these simulations,
the framework atoms remained xed at their crystallographic positions, while cations were
allowed to move. Accurate cation distributions within each material were obtained by con-
ducting parallel tempering simulations. For each cationic material, we incorporated nine
replicas in the simulations, each operating at temperatures of 300, 390, 507, 659, 857,
1114, 1448, 1882, and 2447 K. This temperature replica approach is essential for achiev-
ing cation distributions consistent with experimental data due to the strong localization of
cations by Coulombic interactions.

Certain zeolite topologies (LTA, FAU, DDR, TSC, EMT, PTT, IFY, CAN, ERI, LTL,
MOZ, and OFF) feature cages (constructed from building units like sodalite, mordenite,
and cancrinite) that are kinetically inaccessible for adsorbates. Despite this kinetic inacces-
sibility, adsorbates might still be inserted in these areas during GCMC simulations due to
the stochastic nature of these calculations. Consequently, blocking these inaccessible pores,
such as sodalite cages in zeolites, is crucial for accurately predicting adsorption isotherms
via Monte Carlo (MC) simulation$81-83

Zeolite material databases typically do not provide information about blocked regions
in the structures they contain. Therefore, identifying and blocking these regions is a time-
consuming task, often performed manually or through molecular dynamics (MD) simu-
lations®? To retain accuracy with respect to experimental isotherms, the centers of these
inaccessible cages were identi ed using Ze#tand were blocked with a sphere of radius
of 3-4 A, making a slight modi cation of the method established byr@ezAlvarez et af®

In our simulations, truncated potentials with tail corrections are used to calculate van

der Waals (vdW) interactions, while Coulombic interactions were calculated using the
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Ewald metho88’ using a precision of 10 and a cutoff distance of 1A. For screening
calculations simulations used 10,000 initialization cycles and 20,000 production cycles.
More cycles were used initially but through internal testing and comparison, it was dis-
covered that no accuracy was lost when reducing the number of cycles while computation
time was greatly reduced. Henry's constants were calculated using the Widom insertion
method with 10,000 production cycles and heats of adsorption at zero covergged@
calculated using NVT MC (N=1§®

3.4.2.2 Structure Characterization

The Zeo++ packadéwas used to determine the pore limiting diameter, largest cavity
diameter and largest sphere along free path in each structure. In those calculations, the radii
of O, Si, and Al atoms are changed to 1/8% match the values used in our 2016 screening
papert® All other atoms radii originate from the Cambridge Crystallography Data C&hter.
Pore volumes and void fractions of the frameworks are computed from Widom insertion of
He in RASPA>%° The surface areas were calculated following the same procedure with
N, as the probe molecule instead of He. The Clay Force Fislds used for these sim-
ulations with custom He-H& and N-N,°! interactions. Lorentz—Berthelot mixing rules
was applied for the cross species interactitfriBhis method was also chosen to match the

method used in our previous screening paper.

3.4.3 Results& Discussion

3.4.3.1 Structures for Screening

To screen zeolites for practical potential industrial separations, we decided to focus
only on the IZA database topologies that have known experimental synthesis routes in
some form. This means we included topologies that have experimental structures for alu-
minosilicate, aluminogermanate, germanosilicate, or siliceous compositions. This choice

simpli es the path to experimental testing for any materials selected from our calculations.
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In addition, only zeolite topologies with pore limiting diameter (PLD) greater than 3
were studied. With these restrictions in mind, 135 zeolite topologies were studied. The full
list of topologies is included in the Supporting Information. Using the structure generation
method introduced earlier, aluminosilicate structures with the closest possible Si/Al Ratios
(SAR) to 1, 2, 3, 5, 10, 25, 50, and in nity (i.e., pure silica) were constructed for each
topology. For topologies including odd numbered ring window sizes (3, 5, 7, 9, etc.), it
is impossible to make structures with SAR of 1. In these cases, the SAR=1 was ignhored.
Extra-framework cations (Na and Ca) were introduced into each resulting structure and
optimized via parallel tempering. In all, this procedure generated a total of 1821 distinct

materials including pure silica, Ng and C&*-exchanged zeolites.

3.4.3.2 In nite dilution conditions

We rst studied the in nite dilution properties of CHand n-GHj, at 300 K in the
zeolite structures listed above. The Henry's coef cientg,(and the isosteric heat of
adsorption at zero loading {(®) are closely correlatedr{gure 3.123). The ratio of Henry's
constants for n-¢H;o over CH, (Ky, n-CsH10/Ky, CH,) as a function of the difference
in Qs between the two adsorbates @) is plotted inFigure 3.12. As expected, the
Henry's selectivity is signi cantly greater than one for most of the zeolite structures. As can
be seen irFigure 3.1, the ratio of Henry's constants generally decreases with increasing
Si/Al Ratio.

Structures that have larger value of; Kn-C4H,q typically also have a higher ratio of
Henry's constantsHigure 3.12). Only structures that give K n-C4;Hyo larger than 16
mol/kg/Pa are included in the plots. Table S7 summarizes the high-performance zeolite
structures for n-butane/methane separation at in nite dilution at 300 K, where the ranking is
based on I, n-C;H,¢/Ky, CH4 and one composition was chosen for each zeolite topology
with a PLD larger than A. Most of these high-performance zeolites are Ca exchanged due

to the stronger adsorbate-adsorbent interactions in the divalent cationic zeolites compared
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to their monovalent cationic analogues. We also studied the in nite dilution properties at
420 and 473 K and found that most of the high-performance materials identi ed at 300 K
also perform well at these higher temperatures. The results are summarized in Tables S8

and S9.

Figure 3.12. In nite dilution properties of CH and n-GH;, at 300 K in 1821 zeolites.

(a) Henry's coef cients (K;) as a function of isosteric heats of adsorption at zero loading
(Qs?), and the ratio of Henry's constants for n#d;o/CH, as a function of (b) the difference

in Qs between n-GH,g and CH, (c) Si/Al ratio (SAR), and (d) I§ of n-C4Hqo. The red
circles in (d) represent the high-performance materials listed in Table S7. Only zeolite
structures that give Kof n-C4H1o larger than 18 mol/kg/Pa are included in the plots.

3.4.3.3 Selecting zeolites for prototypical separations processes

Adsorption processes take advantage of the differences in adsorption equilibrium val-
ues of the different components of a gaseous mixture. Pressure swing adsorption (PSA),
vacuum swing adsorption (VSA) and temperature swing adsorption (TSA) as well as their

combinations (PTSA or VTSA) are commonly used for industrial gas separdtidfive

94



de ned 10 example processes for the separation of n-butane from methane from a 5/95

n-C;H1o/CH,4 mixture as listed ifable 3.1

Table 3.1. Adsorption and desorption conditions studied for methane/butane separation.

Adsorption Desorption Molar ratio

Process| Temperature (K) Pressure (bar) Temperature (K) Pressure (bar) Methane: Butane
PSA 300 100 300 1 95:5
PSA 2 420 100 420 1 95:5
PSA 3 473 100 473 1 95:5
VSA 300 1 300 0.3 95:5
VSA 2 420 1 420 0.3 95:5
VSA 3 473 1 473 0.3 95:5
PTSA1 300 100 420 1 95:5
PTSA?2 300 100 473 1 95:5
VTSA 1 300 1 420 0.3 95:5
VTSA 2 300 1 473 0.3 95:5

In a swing adsorption process, the performance of each structure for binary separation
is evaluated using the working capacity]) and selectivity at adsorption conditions)(
An ideal material would yield both large n;81o working capacity and high selectivity.
Figure 3.13shows the working capacity and selectivity for six separation processes listed
in Table 3.1for each of the 1821 zeolites we considered. For the PSA and VSA processes

at 300 K a clear trade-off exists between g, working capacity and selectivity.
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Figure 3.13. n-C4H; selectivity versus working capacity for the six processes: (a) PSA,
PTSAL, and PTSA2 and (b) VSA, VTSAL, and VTSA2
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As can be observed drigure 3.13 there are zeolites that give either large working
capacity or high selectivity, but no materials have both. As such, to evaluate a large set of
materials it is best to use combination metrics and here we use theé®t &bk any binary
swing adsorption process, the TSN of molecule B (assuming that is the molecule of interest

in a mixture of A and B) is calculated using:

— ads des

Nge YB
N gds A

B =

TSN = Ng |Og( B)

whereN represents the adsorption loadingrepresents the bulk mole fraction and the
superscript@adsand desrepresent the adsorption and desorption conditions respectively.
There exist other scoring combination metrics and their equations as well as a discussion
on choosing the TSN are availableSection B.2.1

Plots of TSN as a function of n4El;, selectivity and working capacity for PTSAL,
PTSA2, VTSAL, and VTSA2 are shown kigure 3.14 In all the four processes the ma-
terials with large n-gH;o working capacities generally exhibit large TSN, whereas those
with high n-GHq selectivities only show low or moderate TSN. This indicates that work-
ing capacity is a more dominant factor in the TSN for these separations. The materials with
highest TSN give large n-El;o working capacities and moderate selectivities. A similar

plot using different scoring metrics is also availablé&Section B.2.1for comparison.
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Figure 3.14. n-C4H, selectivity versus working capacity for (a) PTSA1L, (b) PTSA2, (c)
VTSAL, and (d) VTSA2. The color bar denotes the TSN for the process.

In earlier work on screening zeolites for @€apture it was found that the high-performing
materials that give large GQvorking capacity not only possess large pore volumes but had
an optimal heat of adsorption for the de ned proc&sEhis observation that both pore vol-
ume and the strength of adsorbate interactions is relevant to the performance of separation
processes is relevant for the n-butane/methane separation we considered here. Hence, we
found it useful to consider the relationship between separation performance and the ge-
ometric characteristics of the materials hef@égure 3.15 shows the n-butane working
capacity, selectivity, and TSN as a function of the pore volume and pore limiting diameter
(LCD) for the PTSA1 and PTSA2 processes. The working capacity generally increases
as the pore volume increases for both processes, while no clear correlations exist between
selectivity and pore volume. The TSN is moderately correlated with the pore volume. The
correlations between these separation metrics and LCD were also investigated. This set of

observations make the foundation upon which our ML model was [&&ittjon 4.).
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Figure 3.15. n-C4Hy, (a, d) working capacity, (b, e) selectivity, and (c, f) trade-off (TSN) as a function of the pore volume and largest
cavity diameter (LCD) of the 1821 zeolite materials in PTSA1 and PTSA2 processes.



For each process, we made a performance ranking for the materials based on their TSN.
For each zeolite topology, only the composition that with the largest TSN and a PLD larger
than 4A was selected. This PLD requirement was applied to avoid kinetic effects for the
separationsFigure B.3 andTables B.3to B.6 summarize these high-performance mate-
rials for each de ned process. Most of these promising candidates have previously been
experimentally synthesized, so they are well suited for future experimental tests. Experi-
mental synthesis routes for the speci c compositions of some promising candidates for the
VTSAL and VTSAZ2 processes have not been reported, so we denote these cases using open

red circles inFigure B.3 and italic text inTables B.5andB.6.

3.4.3.4 Detailed simulations of selected high-performance materials

Based on the results from these simulations, six materials were selected for more de-
tailed molecular simulationsTable B.7 lists these promising materials aRijure B.4
shows their structures. Si-IRR is an 18-ring zeolite and performs best in PTSAL1 and
PTSAZ2. Its pore volume and pore size are large compared to most other materials. The
silica form has not been experimentally synthesized but the germanosilicate analogue has
been synthesizeld? We expect that the separation performance of the germanosilicate ma-
terial will be similar to the silica structure. Na-FAU (SAR = 1) and Na-FAU (SAR = 3), also
known as Na-X and Na-Y, have been widely studied and used in gas adsorption and separa-
tion. They are 12-ring zeolites and their experimental synthesis routes are known. Na-FAU
(SAR = 1) performs best in VTSA1 and VTSA2, while Na-FAU (SAR = 3) performs well
in PTSA1 and PTSA2. Na-BEA (SAR = 3) is another well-known 12-ring zeolite mate-
rial. It exhibits good separation performance in PTSA2 and VTSA2. Na-CON (SAR =
10) shows overall good performance in PTSA2, VTSAL, and VTSA2. CON topology has
connected 12- and 10-ring channels, and an experimental synthesis route is known for alu-
minosilicates with SAR in the range of 10-2%.Na-IRR (SAR = 2) is the aluminosilicate

analogue of Si-IRR. Although its experimental synthesis route has not been known, we
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include it for detailed study since our calculations predict that it exhibits excellent perfor-
mance in PTSA2 and VTSAZ2.

Figures 3.16and3.17 show the full binary adsorption isotherms and selectivities for
5/95 n-GH;o/CH4 mixtures for these six materials at 300, 420, and 473 K. As the total
pressure increases the adsorbed amount ofHhCrst increases and then decreases while
the adsorbed amount of GHkeeps increasing in each material. Krishna and Smit have
observed similar effects when they studied the mixture adsorption of linear alkanes on pure
silica MFI and have named them the "size entropy effet4®* The adsorption pressure
de ned in PTSAL1 and PTSA2 is 100 bar at 300 K. If we look at the binary isotherm of
Si-IRR (Figure 3.16), a lower pressure for adsorption condition at 300 K (10 or 5 bar)
gives even larger adsorbed amount for /H¢ compared to that at 100 bar. In addition,
the n-GHig selectivity at 10 or 5 bar is predicted to be higher than that at 100Fg+ (
ure 3.17a). Similar trends are observed for other ve materials. This indicates the PTSA1
and PTSA2 processes could be further re ned by adjusting the adsorption pressure to en-
hance the separation performance.

The desorption pressure de ned in VTSAL1 and VTSAZ2 is 0.3 bar. For the binary ad-
sorption isotherms of Na-FAU (SAR = 1frigure 3.16), a higher pressure for desorption
condition at 420 and 473 K (e.g., 0.5 or even 1 bar) gives comparable adsorbed amount for
n-C4H1o compared to that at 0.3 bar. Similar trends hold true for the other ve materials.
This observation infers that the VTSAL and VTSA2 processes could be further re ned by
adjusting the desorption pressure to save energy consumption while retain similar separa-
tion performance. When the desorption pressure is set to 1 bar, the separation processes

become identical to TSA1 and TSA2, respectively.
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Figure 3.16. Binary adsorption isotherms of n;8,¢/CH, on (a) Si-IRR, (b) Na-FAU (SAR = 1), (c) Na-FAU (SAR = 3), (d) Na-BEA
(SAR =3), (e) Na-CON (SAR =10), and (f) Na-IRR (SAR = 2) at various temperatures. The mole ratio in the gas phage;gQHz
=5/95. The solid lines are guide for the eye and the three vertical dashed lines represent the relevant pressures in the de ned separation

processes (0.3, 1, and 100 bar)
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Figure 3.17. Binary adsorption isotherms of n;8,/CH,4 on (a) SI-IRR, (b) Na-FAU (SAR = 1), (c) Na-FAU (SAR = 3), (d) Na-BEA

(SAR =3), (e) Na-CON (SAR =10), and (f) Na-IRR (SAR = 2) at various temperatures. The mole ratio in the gas phage; gQHz

=5/95. The solid lines are guide for the eye and the three vertical dashed lines represent the relevant pressures in the de ned separation
processes (0.3, 1, and 100 bar)



3.5 Conclusions

We introduced rst-principles-derived FFs that predict adsorption and diffusion prop-
erties of various molecules in cationic and silica zeolites. By using extensive CC-corrected
DFT calculations, this FF was developed without tting to any experimental data. Tests of
the FF for single-component adsorption of a wide range of molecules showed that the FF
gives accurate predictions when compared to experimental data. Making accurate predic-
tions for a wide range of cationic zeolites requires accurate zeolite structures. We intro-
duced an interpolation method based on selected DFT calculations to ef ciently generate
zeolite structures with accurate lattice constants that vary as a function of the Si/Al ratio
and used parallel tempering simulations to site cations in zeolites.

To illustrate the use of these transferable FFs for examining large collections of mate-
rials, we screened a diverse range of experimentally-accessible cationic zeolites for sepa-
ration of n-butane/methane mixtures. At in nite dilution condition, zeolite structures with
lower Si/Al ratios exhibit higher Henry's selectivity of n-butane over methane compared
to those with the same topologies but higher Si/Al ratios. Most of the high-performance
materials in this regime are Ca-containing structures. We probed the separation perfor-
mance of zeolites for several simple models of PSA and VSA processes and data from
single-component adsorption. In the PSA and VSA processes we examined no materials
are observed to possess both high st( selectivity and large working capacity. With
increased desorption temperatures the trade-off betweefHpyGelectivity and working
capacity becomes better. By using approximate metrics for assessing separation perfor-
mance, a number of high-performance materials were identi ed, with Na-exchanged struc-

tures found to perform better than the Ca-exchanged analogues.
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CHAPTER 4
MACHINE LEARNING AND IAST AIDED HIGH THROUGHPUT SCREENING
OF CATIONIC AND SILICA ZEOLITES FOR ALKANE CAPTURE, STORAGE,
AND SEPARATIONS

4.1 Introduction

As the demand for clean energy increases, environmentally friendlier methods for sepa-
ration, capture and use of hydrocarbons and alkane gases in particular have become impor-
tant to the petrochemical industnf These separations are traditionally carried out using
energy intensive distillation, and adsorption processes in porous materials such as zeolites
are attractive as potential alternative methods for separation and puri Catibh.

Zeolites are a naturally occurring or synthesized class of porous, crystalline minerals
composed of TQ(T = Si, Al, P, or Ge typically) tetrahedra which creates pores and ad-
sorption sites in which cations or adsorbates catfsitEach unique arrangement of TO
tetrahedra, independent of the composition, de nes a zeolite top&ta@yer 240 distinct
zeolite topologies have been synthesized and over hundreds of thousands of hypothetical
topologies have been predict&e® The well-de ned and uniform pore structure of zeo-
lites has attracted interest for their ability to selectively capture and release molecules on
the basis of size, polarity, et¢.This makes zeolites useful for molecular separation and
creates a large set of potential applications in catalysis, gas puri cation, drug delivery, wa-
ter puri cation, etc!?1822-26

Pure silica zeolites have the empirical formula SW@hile cationic zeolites have the

empirical formula M,,""[(AlO2), (Si0,)y] where x represents the number of aluminum

“Material in this chapter has been publisheden S. S. Daoy Hanjun Fang, Salah Eddine Boulfelfel,
Peter I. Ravikovitch, and David S. Sholl, Machine Learning and IAST aided High Throughput Screening of
Cationic and Silica Zeolites for Alkane Capture, Storage, and Separations
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atoms,y represents the number of silicon atoms &ndepresents the cation of choice

of chargen. Due to the variability in the value ofly, the inclusion (or not) of cations

and the identity of cations included, a large number of possible structures exist for any
given zeolite topology. This fact, combined with the number of different zeolite topologies,
makes studying all combinations to decide which material is the most adapted for a speci c
separation in a systematic way challenging, particularly using experimental methods.

Computational methods using molecular simulations are commonly used as a comple-
ment to experimental research on zeolites to facilitate the understanding of gas behaviour
as well as facilitating process design. Making quantitative predictions with these methods
is contingent on the availability of accurate transferable force elds (FFs). Multiple FFs
exist for this purpose but many are developed using experimenta’ddta to a spe-
ci ¢ zeolite3132 or limited to only silica zeolite€® These choices limit their transferability
across structures and molecules beyond the ones they were developed for. The CCFF is a
FF developed entirely using rst principles methods that accurately replicates experimen-
tal data for adsorption and diffusion in both sifitand cationic zeolit€é§3¢that has been
used for screening zeolit€53°The CCFF provides energies at the same level of accuracy
that would be achieved using coupled cluster quantum chemistry calculations, but within
a FF well-suited for ef cient calculations in fully periodic structures. Most industrial ap-
plications of zeolites use aluminosilicate structures, making the development of the CCFF
for cationic materials a useful contribution towards quantitative computational screening of
zeolites for adsorption-based separations.

Despite the capabilities enabled by the CCFF, tackling the enormous number of po-
tential zeolite structures for complex molecular mixtures through brute force molecular
simulations is still challenging, especially when considering hypothetical zetflifRs:
cent applications of machine learning (ML) methods to nanoporous materials suggest that
data-driven methods can be a useful approach to studying the hundreds of thousands of

structures to identify adsorbents with promising propeftte¥® The use of slower but more
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accurate molecular simulations and process modeling can then be reserved to re ne that set
of candidates and a select few can be experimentally studied.

In this chapter, we introduce methods that allow accurate predictions of alkane mixture
separations in cationic and silica zeolites at a wide range of temperatures and pressures. To
do so, we introduce ML models that can accurately predict the single component isotherm
and heat of adsorption () of various alkanes at 300 K trained with molecular simulation
data using the CCFF, which is turn known to give quantitatively accurate predictions com-
pared to experiments. With these properties, the single component isotherms as a function
of temperature can be accurately predicted using the Clausius-Clapeyron equation. The
properties of adsorbed mixtures at arbitrary temperatures and compositions are then pre-
dicted by using the Ideal Adsorbed Solution Theory (IAST), which we show is quantita-
tively accurate for a wide range of conditions.

To illustrate the capabilities of this approach, we use it to screen 1015 zeolite structures
for a temperature swing adsorption-based separation of ethane and propane. The most
promising candidates as identi ed by the approach are then studied with GCMC (Grand
Canonical Monte Carlo) using the CCFF, making quantitatively accurate predictions about

a number of high-performance materials.

4.2 Methods

4.2.1 MolecularSimulationsof Adsorption

Adsorption loadings and heats of adsorption were computed using GCMC simulations
in RASPA®57 using the CCFE3¢in which all zeolite framework atoms are considered
rigid while the cations are mobile. Our GCMC simulations used 10,000 initialization cycles
and 20,000 production cycles. Henry's constants are calculated using 10,000 cycles with
Widom insertion and zero-loading heats of adsorption are calculated using an NVT MC
simulation with only one adsorbate.

Past studies of metal organic frameworks (MOFs) have suggested that neglecting the
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effects of thermal vibrations can lead to inaccurate results when predicting adsorption prop-
erties®®-%1However, our previous assessment of zeolite materials indicated that the impact
of thermal vibrations on adsorption in zeolites is considerably smaller than in NFOFs.
These results, and the considerable reduction in computational time justify the use of rigid
structures to screen large numbers of zeolites.

We have previously developed methods to assess the impact of aluminum distribution
and cation positions on the adsorption properties of zeolite stru&titesthis chapter,
the aluminum distribution is assumed to be random and the cation positions for cationic
zeolite adsorption are obtained using parallel tempétisgnulations carried out using
RASPA>%5" This method has successfully been used in the past by our§f8gving us
con dence to use it in this screening work.

The CCFF includes dispersion interactions modeled using Lennard-Jones potentials
and Coulombic interactions described using xed point charges on atoms. Coulombic in-
teractions were calculated using the Ewald meth&tvith a precision of 16. Dispersion
interactions were calculated using truncated potentials with tail corrections using a cutoff
distance of 11A. Further details about the CCFF, including extensive comparisons with
experimental data establishing that the FF makes quantitatively accurate predictions, can
be found in previous work*3> As noted above, the CCFF gives energies that are equivalent
to coupled cluster quantum chemistry calculations.

The structures used in this chapter all originate from our previous screening®work
cationic and silica zeolites, where we showed that it can be important to allow zeolite lattice
constants to vary as a function of the Si/Al ratio. In this method, two DFT optimizations for
each topology are suf cient to achieve accuracy with regards to the changes in unit cell vol-
umes as a function of Si/Al ratio. Starting from the 1ZA pure silica unit cell, the maximum
number of aluminum atoms that can be included in the unit cell is calculated. A random
replacement of silicon atoms by aluminum atoms is performed with the constraint of sat-

isfying Loewenstein's rulé&? If the lowest attainable Si/Al ratio is 1, there are alternating
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Si and Al atoms. However, in some topologies such as LTA, a ratio of 1 is unattainable as
a unit cell, making the aforementioned calculation necessary. Cations are then introduced
using parallel tempering with the CCFF in RASPA. The pure silica framework as well as
the resulting aluminosilicate unit cell are then fully optimized at the PBE-D3 level of the-
ory’®"2using the Vienna Ab-Initio Simulation Package (VASPY.®Further details on the
simulations performed are available in our previous wSrk.

Following the DFT optimization, the unit cells are expanded when needed until they
were at least 22\ in each direction making supercells. Supercells were de ned using a
cell tensor as used in VASP among other computational {défsThis approach allows
treatment of unit cells of all shapes, including triclinic cells.

For any given zeolite topology, we denote each coordinate of the pure silica and ref-
erence cationic structures asamd a, respectively. The lattice parameter for an arbitrary

Si/Al ratio, &, is then calculated using:

o= (A| 0/03)1:306 (A| %1)1:306
3T A (Al %;)1306 (A 0p,)1:306

(a2 @)

whereAl; is the aluminum percentage of structurele ned as the number of aluminum
atoms divided by the sum of aluminum and silicon atoms, and 1.306 is an empirical param-
eter optimized to improve the accuracy of the prediction.

Certain zeolites (for example, LTA) include small cages that are kinetically inaccessi-
ble to adsorbing molecules but are accessible using a standard GCMC sim(&tido.
accurately replicate experimental results, these cages as well as other inaccessible cages
are identi ed using a probe in Zeo#%and blocked during GCMC simulations using the
method of GmezAlvarez et aP® To maintain consistency and allow for proper testing
of the model, all structure and block les used in this chapter are the same ones used in

previously published work (Segection 3.3.36
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4.2.2 Training/TestingDataSet

Our objective is to train a model to predict linear alkane adsorption and separation ca-
pabilities of a diverse set of zeolites with quantitative accuracy as a function of temperature
and pressures. This could be achieved in principle using training isotherms at multiple
temperatures, but doing so substantially increases the amount of molecular simulation data
that is required to train the model. We use the more ef cient approach of developing a
model able to predict adsorption isotherms at a single temperature (300 K) and simulta-
neously develop a model for the loading-dependent heat of adsorptign [@ese two
guantities can then be combined to generate isotherms at arbitrary temperatures using the
Clausius-Clapeyron relatidfi.Examples of the tests performed to establish the accuracy
of this approach are shown kgure C.1.

To generate training data from dilute to saturation loadings for each molecule/zeolite
pair, a pressure range from4@ 13 Pa was used with 31 points spaced evenly on a log
scale at 300 K per isotherm for cases in the training set and 15 points per isotherm for cases
in the testing set. The exact list of pressures used for training and testing data is available
in Table C.1

To create the training set, single component isotherms of methane, ethane, butane, and
hexane were calculated in 70 zeolite topologies from our previous screening%Tiithse
topologies were selected to provide a combination of small and large pores and low and
high adsorption capacities to obtain a balanced training set. For each zeolite, separate
simulations were performed for the pure silica form and Na-exchanged cationic structures
using the closest attainable Si/Al ratio to 2, 5, 10, and 50. For methane and butane, Na-
exchanged structures with the Si/Al closest to 3 and 25 were also included in the training
set. The complete training set included 47739 distinct cases de ned by the pressure, ad-
sorbing molecule, and zeolite structure.

The testing set comprises a randomly generated set of 60 structures from our previous

screening study by randomly pairing a Si/Al ratio (2, 3, 5, 10, 25, 50, or in nity) with
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a topology 60 times. The randomizer was constrained to not include topologies included
in the training set and to include both small and large pore zeolites. Single component
isotherms of methane, ethane, butane, and hexane were then simulated with GCMC in
these structures. To test the transferability of the trained model, isotherms for propane and
pentane were also simulated with GCMC for all structures of the testing set. The complete
testing set includes 900 distinct cases for each molecule.

The various structures moving forward are named with the following nomenclature for
simplicity: TopologySi/Al ratio. For example[. TA 2 refers to the LTA topology with the
closest attainable Si/Al ratio to 2 and A inf refers to the pure silica version of the LTA

topology.

4.2.3 Model Features

To select our descriptors for this model, we examined literature on methodologies for
modeling adsorption in porous materials. From this review, we compiled a list of descrip-
tors. We selected a subset of descriptors that were readily available to us and did not have a
high computational cost. Following this, we conducted an exploratory analysis to identify
and eliminate highly correlated descriptors, as well as those with minimal impact on the
prediction.

The structural descriptors used in our ML model are the Largest Cavity Diameter (LCD
in A) and the accessible volume fraction, calculated using Zeo++. In the case of cationic
zeolites, the cations are xed at their position from parallel tempering during the Zeo++
calculations even though they are mobile during GCMC simulations. The available volume
is measured with a probe of radius of A2The aluminum percentage, de ned above, is
also used as a descriptor.

In addition to these structural descriptors, we used several energy descriptors: the
Henry's constant for the molecule of interesty(kh mol/kg/Pa), the zero-loading heat

of adsorption for the molecule of interest (in kJ/mol), and information related to the po-
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tential energy surfaces of a GHholecule. The latter information was useful for model
development in previous work developing models for adsorption in M®#d-or each
zeolite, a van der Waals energy grid is generated in RASPA withAardsolution using

an all-atom model of methane as the probe molecule. As was done in the Zeo++ calcula-
tions, the cations were xed in their post parallel tempering position for this calculation.
Only the potential energies of the C atoms were used for potential energy surface infor-
mation. A simple descriptor based on the C atom energies was de ned by combining all
positive energy points into one bin and all negative energy points into another bin for a
total of 2 descriptors per zeolite. The potential energies of H atoms were also measured but
they strongly correlated with the aluminium percentage and were therefore not kept in the
model. The adsorption fugacity (Pa) and the adsorbate molar mass (g/mol) are also used
as features in the model. While all GCMC simulations are done by specifying the desired
pressure, the fugacity proved to be a better descriptor than the pressure for the model devel-
opment. All input pressures were converted to fugacity using the Peng-Robinson equation
of state using RASPAS>’

We explored the possibility of developing models without the inclusion of computed
values such as the Henry's constant. However, the Henry's constant serves as both an en-
ergy and structural descriptor in some capacity and our ndings indicated that removing
Henry's constant necessitates the incorporation of multiple additional descriptors to com-
pensate for its absence. This is because Henry's constant provides unique information not
easily captured by other descriptors alone. Despite our efforts, we did not identify a practi-
cal alternative to the Henry's constant that could adequately substitute its role in our model

without signi cant accuracy losses.

4.2.4 Model Development

Before developing models to quantitatively predict adsorption loadings, we developed a

classi cation model to predict whether the adsorbed loading for a chosen set of conditions
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is dilute or non-dilute. For this purpose, we de ned dilute loading to<td&* mol/kg.
Because we used Henry's constants from molecular simulations as a descriptor, the ad-
sorbed loading in the dilute region is de ned without approximation by Henry's law. This
classi er is also useful because it can be used to remove cases with negligible adsorption
due to small pores or similar effects that could unduly bias our later models of adsorption
isotherms. A random foré$t®* classi cation model with 200 estimators was trained to
discriminate between the dilute and non-dilute regimes.

This classi cation model was applied to the entire training set and cases for which di-
lute loadings were predicted were removed from the training data for our non-dilute mod-
els. The training sets were both split into training and validation following an 80/20 split
for each molecule and Si/Al ratio to limit any biasing of the model. The distribution of
zeolite topologies was not constrained during this split. Hyperparameters were tuned using
the randomized grid search approach in Scikit-learn Python paéRage models were
then trained on the complete training set including the validation after the hyperparameter
optimization.

Adsorbate loadings under non-dilute conditions were predicted using a gradient boosted
regressd¥ (GBR) trained on the adsorption data obtained from GCMC simulations and
using the descriptors mentioned $ection 4.2.3 The model was trained using a least
squared error loss function, 200 estimators, and a maximum depth of 10. By combining
the results from this model on the non-dilute region and the dilute region adsorption using
the Henry's constant, a full isotherm is obtained for every zeolite.

Our loading dependent{dnodel was trained using the descriptors fr8erction 4.2.3
as well as the GCMC adsorption loading as input features and the GCMC heat of adsorption
as the target property. It was found during training that including the adsorption loading
as a feature in the Qpredictions signi cantly improved the results. As such, this model
has one more feature than the other two models. This model is also trained using a GBR,

least-squares error loss function, 200 estimators, and a maximum depth of 10.
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All models in this study were developed using version 1.2.2 of the publicly available
Scikit-learn Python packagd@ For the sake of reproducibility, the training and testing data
as well as the various python codes used to train the model are available in the Supporting

Information of the associated article.

4.2.5 ScreeningViaterialsfor PTSA Separations

Our objective is to use our ML models to predict single component adsorption for a
range of alkanes and to identify promising zeolites for equilibrium-based separations of
alkane mixtures. The work ow for ML-aided separations screening using the model is pre-
sented here. We rst predict a single component isotherm at 300 K for each molecule/zeolite
pair of interest at a series of pressures. To do so, the classi er model is used by combining
the descriptors with the pressures and relevant molecular weight to split the data between
the dilute and non-dilute regimes. The dilute loading portion of each isotherm is predicted
using the Henry's constant while the non-dilute portion of the isotherm is predicted using
the adsorption loading model. For every molecule/zeolite pair the adsorption loading is
then added as a feature and the loading-dependent heats of adsorption are predicted us-
ing the second regression model described above. If the operating temperature of interest
is different from 300 K, the Clausius Clapeyron relation is used to predict the adsorption

isotherm at the desired temperature:

fl _Qst
n £ =R

1

. T

here, Qg represents the loading-dependent heat of adsorption (kJRisl)he gas constant
(0.00831447 kJ/mol/K)T> is the desired operating temperature (K), dnds the reference
temperature (300 K¥; andf, represent respectively the fugacity at 300 K and the fugacity
at the desired temperature (in Pa) for a speci ¢ adsorption amount.

Once the single component isotherms are obtained, they are combined witf/ t&ST
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predict mixture adsorption properties for separations for the structure of interest. IAST is
a commonly used meth&t®’, having also been combined with ML methods in the {fast
and is here implemented using the pylAST python pack&gde pylAST package is a
commonly used, freely available python package with solvers for the IAST métigd®?
Because our ML models readily provide high-resolution data from dilute to saturation load-
ing, the pylAST built-in numerical quadrature interpolator is used rather than a curve tting

model, circumventing the need to t each isotherm to an analytical model.

4.2.6 HypotheticalZeolites

Hypothetical zeolites are theoretical structures that are yet to be synthesized or char-
acterized experimentally but are created using various modeling techniques. Including
hypothetical zeolites in this work is of interest as they allow us to explore combinations of
properties not yet explorable with existing zeolites. In this way, it could be useful in di-
recting experimental researchers towards promising topologies. To illustrate this concept a
set of 15 random topologies were selected from the hypothetical zeolites datai e
Treacy and Foster, available at (http://www.hypotheticalzeolites.net/). Initially, we selected
a random sample of 100 topologies and recorded their respective LCD, accessible volume
fraction, and CH Henry's constants. Subsequently, we implemented strati ed sampling in
Python, wherein the dataset was divided into strata based on speci ¢ characteristics such
as LCD ranges, void fraction ranges, and Henry's constants ranges. Random sampling was
then conducted from each stratum to ensure representation from diverse topology types in
our nal 15 topology set. We then manually veri ed the diversity of cage types in that nal
set. The veri cation process was conducted by visually inspecting the cage types recorded
for each topology in the nal set and cross-referencing them with the entire dataset to con-

rm a balanced distribution. We aimed to include a diverse range of cage types, such as
sodalite 6od, melilite (me)), chabazite ¢ha), and others, as per the International Zeolite

Association (IZA) naming convention. The set of hypothetical zeolite topologies we used
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is listed inTable C.2

The structures in the hypothetical zeolite database are all pure silica structures opti-
mized using GULP% To maintain consistency with the other structures in the study, these
GULP-optimized silica unit cells were re-optimized using DFT, and cationic structures
were then created using the method outlined&éction 4.2.1at Si/Al ratios of 1 (when
possible), 2, 3, 5, 10, 25, and 50 for a total of 98 different structures available in the Sup-
porting Information. The isotherms and model features are computed using the methods

previously outlined.

4.3 Results and Discussion

4.3.1 SingleComponen¥alidation

4.3.1.1 Classication Model

As mentioned above, the goal of our classi cation model is to predict whether adsorp-

tion for a given pressure, molecule, and zeolite structure is dilute (loadiftf mol/kg)

or not. The confusion matrix for our mod&l®”:1%js shown inTable 4.1 The accuracy,
precision, and recall of the model are 99.7%, 99.0% and 98.8% on the molecules used in
the model's training and 99.4%, 97.5% and 97.0% on molecules not used in the training
(propane and pentane). The transferability of this model to molecules it was not trained on
suggests that the work ow established here could be applied to a larger set of molecules
without training the model on each molecule of interest which leads to considerable time

gains.
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Table 4.1. The percentage of classi er predictions falling in each of 4 categories on the
testing set for each molecule (900 points per molecule).

Molecule | True dilute regime | True non-dilute regime | False dilute regime| False non-dilute regime
C 19.00% 80.67% 0.22% 0.11%
C, 12.11% 87.56% 0.00% 0.33%
Cs 10.11% 89.44% 0.11% 0.33%
C, 10.00% 89.89% 0.11% 0.00%
Cs 11.56% 87.56% 0.56% 0.33%
Cs 13.78% 85.78% 0.22% 0.22%

4.3.1.2 Single Component Adsorption Model

Our adsorption model aims to predict the adsorption loading of a molecule at a speci ed
pressure in a zeolite at 300 K under conditions predicted by the classi cation model above
to result in non-dilute loading. The Henry's constant of the adsorbing molecule and the
fugacity are used as descriptors. Because both quantities can range over multiple orders of
magnitude, these features were placed on a logarithmic scale.

The performance of the model was assessed by comparing the model's prediction to
GCMC simulated loadings for the 6 adsorbates in the 60 test zeolites. As was done for
the training set, cases predicted by our classi cation model to have dilute loadings were
removed from the testing set. A comparison of the ML predicted and GCMC calculated

loadings is presented dxigure 4.1using a logarithmic scale.
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Figure 4.1. Comparison of GCMC and Machine learning (ML) predictions for single-
component room temperature adsorption of various adsorbates in the testing set of zeolites.
R? and the mean absolute error (MAE) in mol/kg of the molecule is shown for each plot.
The training set did not include any data for propane or pentane.

Multiple metrics exist to evaluate the performance of the ML model, includihgri!
Mean Absolute Error (MAE). With Rvalues>0.92 and MAE scores 0.18 mol/kg for
all molecules the model performs well. For the molecules not included in the training data
(propane and pentane), the model's performance is somewhat lower, howewdr.$0
and MAE< 0.28 mol/kg for these molecules, indicating reasonable model transferability.
While the metrics regarding this predictive model indicate that it is accurate for our
purposes, thé&igure 4.1 displays some outliers, particularly in the propane and the pen-
tane data. To both further our understanding of the model and explore the outliers we
performed a SHAP (SHapley Additive exPlanations) anal{%i&!using scikit-learnfig-
ure 4.2). While SHAP provides a robust way to interpret machine learning models, it is
crucial to understand some of its limitations to avoid overanalyzing results. One limitation
is the assumption of complete feature independence. This analysis can also prove com-
putationally intensive for complex models and/or large data sets. While SHAP provides
useful insights into the results it is trained on (in our case, the testing set) it does not offer

a complete explanation of how a model works.
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On the summary plot of the SHAP analysiadure 4.2), the connection between the
relative value of each feature and its in uence on the model's prediction can be observed.
Each point corresponds to a SHAP value for a speci c feature and instance in the testing
set. The plot highlights the signi cant impact of the Henry's constant, which, on average,

ranks as the second most in uential feature in determining the model's nal prediction.

Figure 4.2. Summary plot of SHAP analysis on the testing set, displaying the impact of
each feature on the model's predictions. Features are arranged by importance, with colors
indicating feature values from low to high, varying based on the feature.

In the pentane data, the outlier points are caused byABW3 structure. The results
from Figure 4.2 led us to suspect that the ML model underpredicts the adsorption in this
structure due to its low Henry's constantb®4 10 ’ mol/kg/Pa. The molecular simula-
tions we used to determine Henry's constants can have large uncertainties for cases with low
Henry's constants, and the uncertainty for pentanA®v 3 is 7:48 10 ‘. The relative
uncertainty in our molecular simulations of Henry's constants for more strongly adsorb-
ing cases is much smaller. For example, the relative uncertainty observed for propane in

POS50, which yielded a Henry's constant 2f04 10 3 mol/kg/Pa, was 5.2%Figure 4.3
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presents the SHAP explanation force plot for a speci ¢ outlier poh8\Y 3 at a pressure

of 10° Pa), which serves to further illustrate the signi cant impact of the low Henry's con-
stant value on the model's predictions. Figure 4.3, the SHAP values for each feature

are represented as an arrow acting as a driving force which increases (positive value arrows
pointing to the right) or decreases (negative value arrows pointing to the left) the model's
prediction. The various forces start from a baseline value and combine with each other to
provide the model's nal predicted valué? Because the Henry's constants used as inputs
to the ML model have large uncertainties for these speci ¢ materials it is not surprising
that the resulting ML predictions are inaccurate. It is important to note that this problem-
atic structure, by virtue of having little adsorption, will not appear as a potential candidate
for separations in any practical process, indicating that the impact of these outliers on the

conclusions of any screening studies is minimal.

Figure 4.3. SHAP explanation force plot for propane ASV.3 at a pressure of £0Pa.
The baseline value is -0.673 (log mol/kg) which corresponds to 0.212 mol/kg. Features are
arranged by importance to this prediction.

After validating the model's performance on predicting adsorption loading for species

C1to C6, we investigated its ability to extrapolate beyond its training space. To do so, we
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conducted tests to predict adsorption loading for heptane, a molecule outside the training
set. The performance of the model for heptane was much less satisfactory than for the
smaller molecules discussed above (Bagure C.2, suggesting that caution needs to be
exercised in extrapolating the current model to additional molecules without rst acquiring

and using additional training data.

4.3.1.3 Heat of adsorption model

The heat of adsorption data from our molecular simulations is obtained using a uctu-
ation formulat'*-1°Large uncertainties in the heats of adsorption from these simulations
can occur when there is a limited number of uctuations in the number of molecules during
a simulation, a situation that occurs in the dilute loading region and simulations near the
saturation loading. An example of this observation is showrgure C.3. We found that
including simulated heats of adsorption from these regimes with signi cant uncertainties
signi cantly degraded the resulting models. To avoid this outcome, data points for which
the GCMC loading was either below 0.1 mol/kg or above 85% of the saturation loading in a
speci ¢ structure were removed from the training data set. For this purpose, the saturation
loading for each molecule/structure pair is de ned as the GCMC loading of that molecule

in that structure at FoPa.

Figure 4.4. Parity plot of GCMC simulated heat of adsorption and ML predicted heat of
adsorption on the testing set for (a) molecules that were included in the training data and
(b) molecules that were not included in the training data.
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To assess the quality of our model it is useful to compare the MAE for the model with
the typical uncertainty in the heat of adsorption from molecular simulations. To calculate
the uncertainty in RASPA, the simulation is divided into 5 blocks and the standard devia-
tion is calculated. The reported uncertainty is computed as the 95% con dence iftfé¥val.

The model's performance metrics are compared with uncertainties from molecular simula-
tions inTable 4.2 The uncertainty for molecular simulations presentedahle 4.2was
calculated by averaging the calculated uncertainties among the data points included in the

testing set after excluding low loading and saturation loading states as described above.

Table 4.2. Model performance metrics for predictions of;Qredictions made on the test-
ing set.

Molecule | R? MAE GCMC average GCMC average
(kJ/mol) Qst (kJ/mol) uncertainty (kJ/mol)

C 0.86| 0.91 20.85 1.2

C 0.82| 142 32.15 2.43
Cs 0.67 4.73 44.42 7.24
C, 0.64| 3.45 54.31 10.42
Cs 0.53| 5.78 60.03 13.17
Cs 0.72| 3.56 69.63 11.62

Figure 4.4and the data presentedTable 4.2shows that the MAE from the model for
every molecule isower than the average uncertainty obtained from doing a direct GCMC
simulation of the loading dependent heat of adsorption. This suggests that our model is
suf ciently accurate in predicting the heat of adsorption of various alkanes in silica and
Na-exchanged cationic zeolites to be used for predictive purposes.

While past studi€'d® have noted that heats of adsorption of molecules in microporous
materials are somewhat temperature dependent, the observed effect has been wgak in CH

and the effect is expected to remain small in the molecules in this study. As such, we
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expect our application of the Clausius-Clapeyron approach using the loading dependent
heat of adsorption to be valid over the full range of temperatures relevant in industrial
settings (250 to 600 K).

Like the adsorption loading model, the heat of adsorption model also displays a small
number of outliers, which are most noticeable in the pentane data. The outliers in this
model are due to the uncertainties associated with the GCMC results for the heat of ad-
sorption despite the data curation approach de ned above. For example, the ML model
underpredicts the Qfor pentane at multiple points for tHRTH.inf structure (sed-ig-
ure 4.4), but closer examination showed that that for these cases the GCMC results were
found to be inaccuratd=(gure C.4).

We argued above that it is important to remove GCMC data below 0.1 mol/kg or above
85% of the saturation loading from the training and testing sets while developing our ML
model for loading dependent heats of adsorption. In using the ML model for materials
screening, however, heats of adsorption in those regions are still needed to use the Clausius
Clapeyron equation in order to predict complete isotherms at arbitrary temperatures. We
accomplished this goal by using the same ML model without modi cation in these regions

as it proves to have reasonablg @redictions Figure C.4).

4.3.1.4 Hypothetical zeolites

After successfully validating our model on the complete set of IZA topologies, we
tested its abilities to accurately predict the adsorption properties of hypothetical zeolites.
Hypothetical topologies are more structurally diverse than the 1ZA topologies, and since
the model was not trained on them, topologies that are structurally different from the IZA
topologies may challenge the ML model. As was done for IZA structures, the model was
assessed by comparing its predictions to GCMC simulated loadings for the 6 adsorbates in
each of the 15 hypothetical topologies de ned above at Si/Al ratios of 1, 2, 3, 5, 10, 25, 50,

and in nity.
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Figure 4.5. Comparison of GCMC and Machine learning (ML) predictions for single-
component room temperature adsorption of various adsorbates in 15 hypothetical zeolites.
R, and the mean absolute error (MAE) in mol/kg of the molecule is shown for each plot.

Figure 4.6. Parity plot of GCMC simulated heat of adsorption and ML predicted heat of
adsorption for 15 hypothetical zeolites for (a) molecules that were included in the training
data and (b) molecules that were not included in the training data.

In Figure 4.5 andFigure 4.6 we present the equivalent plots Figure 4.1 and Fig-
ure 4.4, but showing data from hypothetical zeolites. TheaRd MAE results presented,
while showing slightly less accuracy than the results obtained on the IZA database zeolites,
are satisfactory. The outliers dfigure 4.5 are similar to the ones present bigure 4.1
as they are driven by the cases in which the Henry's constants from molecular simulations

have large uncertainties. For example, the Henry's constant of butane from molecular simu-
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lation in the hypothetical zeolite 9 at Si/Al 25174 10 7 1:48 10 " mol/kg/Pa and the
similar result for pentane in the hypothetical zeolite 1 at Si/AIZ@8 10 4 5:15 10 4

mol/kg/Pa.

4.3.2 ValidatingML andIAST Method(Butane/Methan&eparation)

The results above have introduced a ML model that makes accurate predictions about
the single component adsorption of alkanes from methane to hexane in a full range of
silica and Na-containing zeolites at arbitrary pressures and temperatures. To understand
how this model can be used to make predictions about mixture separations it is useful to
evaluate how effective it is when combined with IAST for mixture separations. To test
the accuracy of the combination of ML and IAST, we compared predictions using our
ML model to our previous publication in which cationic zeolites were screened for the
separation of n-butane and methane using traditional molecular simulation mé&ttiods.

a pressure- or temperature-swing adsorption process, materials can be selected based on
preference between high selectivity at adsorption conditioharid high working capacity

(' N), as these two properties are often mutually exclusive. To evaluate a large set of
materials it is best to use combination metrics such as the metric of choice in this chapter:
TSN For any binary swing adsorption process, the TSN of molecule B (assuming that

is the molecule of interest in a mixture of A and B) is calculated using:

- ads des
Ng = N2 N¢g

_ Ng% _¥ys
B~ Ngds - y_A

TSN = Ng |Og( B)

whereN represents the adsorption loadingrepresents the bulk mole fraction and the
superscriptadsand desrepresent the adsorption and desorption conditions respectively.

A useful objective in a ML study such as the one presented here is to correctly identify

136



a small group of the highest scoring zeolites to study them in further detail using more
detailed methods (in this case, GCMC simulations). As such, accurately predicting the
relative rankings of the structures with respect to each other is a key metric on which we
judge our ML+IAST method.

An important conclusion from our previous stiflyvas that IAST predictions signif-
icantly more accurate when both the single component isotherms used in IAST and the
binary GCMC results are expressed with respect to fugacity rather than pressure. By ex-
pressing the single component isotherms in terms of fugacity we use a more accurate rep-
resentation of the adsorption equilibrium for each molecule. We then use fugacity for the
binary mixtures to maintain consistency between the single component isotherms and the
binary mixture calculations. In the present study, all single component isotherms for IAST
were formulated in terms of fugacity. For binary mixtures, the desired total pressure is con-
verted into partial fugacities, which are then used as inputs for the IAST calculations. While
all calculations are performed using partial fugacities, for clarity and ease of interpretation,
the results are displayed as a function of the total pressure. The reskitguoa 4.7reveal
a signi cant improvement in the accuracy of IAST when fugacity is employed compared

to pressure.

Figure 4.7. Comparison of IAST and GCMC predictions for methane/butane binary
isotherm predictions ifRR.inf using (a) pressure and (b) fugacity for the ML single com-
ponent isotherm. The molar ratio of methane to butane in the bulk phase is 95:5.
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